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Abstract

Localappearancemodelsin theneighborhoodof salientimagefeatures,togetherwith localand/or

globalgeometricconstraints,serve asthebasisfor several recentandeffective approachesto 3D

object recognitionfrom photographs.However, thesetechniquestypically either fail to explic-

itly accountfor thestronggeometricconstraintsassociatedwith multiple imagesof thesame3D

object,or requirea large setof training imageswith muchoverlapto constructrelatively sparse

objectmodels.Thisthesisproposesasimplenew methodfor automaticallyconstructing3D object

modelsconsistingof denseassembliesof small surfacepatchesandaf�ne-invariantdescriptions

of the correspondingtexture patternsfrom a few (7 to 12) stereopairs. Similar constraintsare

usedto effectively identify instancesof thesemodelsin highly clutteredphotographstakenfrom

arbitraryandunknown viewpoints. Experimentswith a datasetconsistingof 80 testimagesof 9

objects,includingcomparisonswith a numberof baselinealgorithms,demonstratethepromiseof

theproposedapproach.
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Chapter 1

Intr oduction

This work addressesthe problemof recognizingthreedimensional(3D) objectsin photographs

taken from arbitraryviewpoints. Recently, object recognitionapproachesbasedon local view-

point invariantfeaturematching([16], [8], [10], [9]) havebecomeincreasinglypopular. Thelocal

natureof thesefeaturesprovidestoleranceto occlusionsandtheir viewpoint invarianceprovides

toleranceto changesin objectpose.Mostmethods(for example[7],[3]) matcheachof thetraining

imagesof theobjectto thetestimageindependentlyandusethehighestmatchingscoreto detect

thepresence/absenceof theobjectin thetestimage.Thisessentiallyreducesobjectrecognitionto

a wide-baselinestereomatchingproblem.Only a few previousapproaches([8], [2], [14]) exploit

therelationshipsamongthemodelviews. Lowe [8] clustersthetrainingimagesinto modelviews

andlinks matchingfeaturesin adjacentclusters.Eachtestimagefeaturematchedto somefeature

f in a modelview v votesfor v andits neighborslinkedto f . This helpsto modelfeatureappear-

ancevariationsincedifferentmodelviews provide slightly differentpicturesof the featuresthey

share,yet features'votesdo not get dispersedamongcompetingmodelviews. Ferrariet al. [2]

integratetheinformationcontainedin successive imagesby constructingregion tracksconsisting

of the sameregion of the objectseenin multiple views. They introducethe notion of a group

of aggregatedmatches(GAM) which is a collectionof matchedregionson the samesurfaceof

the object. The region tracksarethenusedto transfermatchedGAMs from onemodelview to

another, andtheir consistency is checked usinga heuristictest. The problemwith this (aswith

all othermethodsthatdo not explicitly exploit 3D constraints)is thatgeometricconsistency can

only be looselyenforced. Also, for both [8] and [2] thereis no way to determineconsistency

amongmatchedregionswhich arenot seentogetherin any modelview. Rothgangeret al. [14]
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usemultiple imagesto build amodelencodingthe3D structureof theobject,andthemuchtighter

constraintsassociatedwith the 3D projectionof the modelpatchesareusedto guidematching

during recognition.In this case,the3D modelexplicitly integratesthevariousmodelviews, but

thedeterminationof the3D positionandorientationof a patchon theobjectrequiresit to bevisi-

ble in threeor moretraining images[14], andhencerequiresa largenumberof closelyseparated

trainingimagesfor modelingtheobject.Also, [14] only makesuseof patchescenteredat interest

points,sothemodelconstructedis sparseanddoesnot encodeall theavailableinformationin the

training images. We tackle theseissuesby usingcalibratedstereopairs to constructpartial 3D

objectmodelsandthenregisterthesemodelstogetherto form afull model.1 Thisallowstheuseof

a sparsesetof stereotrainingviews (7 to 12 pairsin our experiments)for themodeling.We also

extendto 3D objectmodelstheideaproposedin [3] in theimagematchingdomain,andaugment

the modelpatchesassociatedwith interestpointsof [14] (calledprimary patchesfrom now on)

with moregeneralsecondarypatches.This allows us to cover the objectdensely, utilize all the

availabletexture informationin the training images,andeffectively handleclutter andocclusion

in recognitiontasks.

1.1 Overview of Our Approach

Ourapproachconsistsof threekey steps.

1. Detectionanddescriptionof af�ne invariant interestpoints(af�ne regions) that provide a

normalized,viewpoint independentdescriptionof local imageappearance.

2. Calibratedstereomatchingand3D reconstructionof theprimaryandsecondarypatcheson

theleft andright imagesof thetrainingstereopairsto constructpartial3D models.Combin-

ing thepartial3D modelsfor thedifferentstereoviews into full 3D modelsof theobjects.

3. Employing both photometricand geometricconsistency constraintsto match groupsof

1This is for modelingonly of course;individualphotographsareusedfor recognition.
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patchesduringrecognition.

We follow a schemesimilar to [15] for thedetectionanddescriptionof af�ne regions. Chapter2

(adaptedfrom [15]) providesthenecessarybackgroundandspeci�c detailsof theimplementation.

As wasmentionedpreviously, we usea setof calibratedstereoviews for determiningthe3D

structureandbuilding amodelof theobject.Potentialprimarymatchesbetweentheaf�ne regions

foundin eachstereopairare�rst �ltered usingphotometricandgeometricconsistency constraints,

and then augmentedwith additionalsecondarymatchesfor a densecoverageof the object, as

proposedin [3] for the2D case.The3D locationandshapeof thepatchesis determinedusinga

standardstereoalgorithmto generatepartialmodelswhich arelatercombinedto form a complete

modelof theobject.The3D patchesthatcorrespondto primary(or secondary)matchesarecalled

primary(or secondary)modelpatches.

A similar schemeis followedduring recognition.First, theprimarypatchesin themodelare

matchedto the af�ne regions found in the test image. Theseprimary patchesare thenusedas

guidesfor matchingnearbysecondarypatches.Therecognitiondecisionis basedon thenumber

of matchedpatches.

The thesisis organizedas follows. Chapter2 describesthe detectionand representationof

af�ne invariantpatches.Theconstructionof thepartialmodelsandtheir inter-registrationto gen-

eratethefull modelis explainedin chapter3. Thedetailsof therecognitionalgorithmareprovided

in chapter4. In chapter5 we show recognitionresultsusingtheproposedapproachanddiscuss

futureextensionsof thiswork.
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Chapter 2

Af�ne Regions

Theconstructionof local invariantmodelsof objectappearanceinvolvestwo steps,thedetection

of salientimageregions,andtheir description. Ideally, the regionsfound in two imagesof the

sameobjectshouldbetheprojectionsof thesamesurfacepatches.Therefore,they mustbecovari-

ant, with regionsdetectedin the �rst picturemappingontothosefoundin thesecondonevia the

geometricandphotometrictransformationsinducedby thecorrespondingviewpointandillumina-

tion changes.In turn, detectionmustbe followedby a descriptionstagethat constructsa region

representationinvariant underthesechanges.This chapterpresentstheapproachto thedetection

anddescriptionof af�ne regionsusedin our implementation.Most of thematerialin this chapter

is adaptedfrom [15].

2.1 Detection

Ourworkusesaformof theaf�ne-covariantregiondetectordevelopedbyMikolajczykandSchmid

[10]. This algorithmdependson a separateinterestpoint detectorto provide a setof pointsalong

with their initial scales.A studyby Mikolajczyket al. [11] concludesthatno singledetectorout-

performsthe otherson all typesof scenesandimagetransformations.Therefore,in theabsence

of prior knowledgeaboutthe type of scene,it is bene�cial to usea batteryof complementary

detectors.Theprimarydetectorswe usearetheHarris-Laplaciandetectorandthedifference-of-

Gaussians(DoG)operator[1, 6, 17]. TheHarrisdetectortendsto �nd cornersandpointsatwhich

signi�cant intensitychangesoccur(consideredto beregionsof “high informationcontent”[10])

while the DoG detectoris in generalattractedto the centersof roughlyuniform regions(blobs).
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Figure2.1: (After [15].) Af�ne-adaptedpatchesfoundby theHarris-Laplacian(left) andtheDoG
(right) detector.

Figure2.1 shows examplesof the outputsof thesetwo detectors.We modify the af�ne adapta-

tion procedureproposedby MikolajczykandSchmidby alsocomputingan orientationfor each

patch.Thestandardoutputof af�ne adaptationareelliptical-shapedpatches.It is easyto show that

any ellipsecanbemappedontoa unit circle centeredat theorigin usinga one-parameterfamily

of af�ne transformationsseparatedfrom eachotherby arbitraryorthogonaltransformations(in-

tuitively, this follows from the fact that circlesareunchangedby rotationsandre�ections about

their centers).This ambiguitycanbe resolvedby determiningthedominantgradientorientation

of theimageregion, turningthecorrespondingellipseinto aparallelogramandtheunit circle into

a square(Figure2.2). Thus,the outputof the detectionprocessis a setof imageregionsin the

shapeof parallelograms.Eachparallelogramshapedpatchis completelyde�ned by therectifying

transformationR thatmapstheparallelogramontoa “unit” squarecenteredat theorigin or equiv-

alentlyby theinverserecti�cation transformationS = R � 1 thatmapstherecti�ed unit squareinto

theparallelogramin theimage(Figure2.3(b)).
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Figure2.2: (After [15]) Normalizingpatches.The left two columnsshow a patchfrom image1
of KrystianMikolajczyk's graf�ti dataset.Theright two columnsshow thematchingpatchfrom
image4. The�rst row shows theregion of theoriginal image.Thesecondrow shows theellipse
determinedby af�ne adaptation.This normalizesthe shape,but leavesa rotationambiguity, as
illustratedby the normalizedcircles in the center. The last row shows the samepatcheswith
orientationdeterminedby thegradientatabouttwice thecharacteristicscale.

2.2 Description

A recti�ed af�ne region is a normalizedrepresentationof the local surfaceappearance,invari-

ant underplanaraf�ne transformations.Underaf�ne (orthographic,weak-perspective, or para-

perspective)projectionmodels,this representationis invariantunderarbitraryviewpoint changes.

For Lambertianpatchesanddistantlight sources,it canalsobe madeinvariantto changesin il-

lumination(ignoringshadows) by subtractingthemeanpatchintensityfrom eachpixel valueand

normalizingtheFrobeniusnormof thecorrespondingimagearrayto one. Equivalently, normal-

ized correlationcanbe usedto comparerecti�ed patches,irrespective of viewpoint and(af�ne)

illumination changes.Maximizing correlationis equivalent to minimizing the squareddistance

betweenfeaturevectorsformedby mappingevery pixel valueontoa separatevectorcoordinate.
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(a)Af�ne regionsfoundin animageof a teddy
bear. Only a subsetof the patchesdetectedis
shown for clarity.

c(0,0)

v

h

2

2
S

R

(b) (After [15]) TheinversetransformationS mapsthe
recti�ed squareassociatedwith an af�ne region back
ontotheimage.

Figure2.3: Af�ne regionsandinverserecti�cation.

Otherfeaturespacesmayof coursebeusedaswell. In particular, theSIFT descriptorintroduced

by Lowe[7] hasbeenshown to providesuperiorperformancein imageretrieval tasks[12]. Brie�y ,

theSIFT descriptionof an imageregion is a three-dimensionalhistogramover thespatialimage

dimensionsandthegradientorientations,with theoriginal rectangularareabrokeninto 16smaller

ones,andthegradientdirectionsquantizedinto 8 bins(Figure2.4),andit canthusberepresented

by a128-dimensionalfeaturevector[6]. Following [15] wecombinetheSIFT featurevectorwith

a color histogramin theYUV color space.Thehistogramis two-dimensional(typically 10� 10)

andbuilt only from the chromacomponent,that is, the U andV values. Figure2.4 shows an

exampleof thecolorhistogram.
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Figure2.4: (After [15]) Two (recti�ed) matchingpatchesfound in two imagesof a teddybear,
alongwith thecorrespondingSIFTandcolordescriptors.Theorientationhistogramvaluesassoci-
atedwith eachspatialbin aredepictedby linesof differentlengthsfor eachoneof the8 quantized
gradientorientations.As recommendedin [6], we scalethe featurevectorsassociatedwith SIFT
descriptorsto unit norm,andcomparethemusingtheEuclideandistance.
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Chapter 3

StereoModeling

Westartby acquiringa few (7 to 12)stereopairsthatareroughlyequallyspacedaroundtheequa-

torial ring of the objectfor modeling. The stereoviews aretaken againsta uniform background

to allow for easysegmentation. Then, a standardstereomatchingalgorithm that searchesfor

matchingpatchesalongcorrespondingepipolarlinesis usedto determineaninitial setof tentative

matches.We usea combinationof SIFT [7] andthecolor histogramdescriptordescribedin [15]

to computetheinitial matches.Thematchesarethenre�ned to obtainthecorrectalignmentof the

patchesin theleft andright images.Only matcheswith normalizedcorrelationgreaterthanapre-

re�nement threshold(kept at 0:75) areconsideredfor the re�nementstepfor ef�ciency reasons.

The re�nementprocessemploys nonlinearoptimizationto af�nely deformthe right imagepatch

until thecorrelationwith its matchin theleft imageis maximized.Matcheswith normalizedcorre-

lationgreaterthanapost-re�nementthreshold(equalto 0:9 for this work) arekeptfor subsequent

processing.

The matchesare �ltered by using a neighborhoodconstraintwhich removesa matchif its

neighborsarenot consistentwith it. More precisely, for every matchm we look at its K closest

neighborsin the left image(K = 5 in our implementation)and, for every triple out of these,

we calculatethe barycentriccoordinatesof the centerof the left and right patchesof m with

respectto thetriangleformedby thecentersof thepatchesof thetriple in theleft andright images

respectively. We thencountthe numberof triples for which thesebarycentriccoordinatesagree

(thesumof squareddifferencesis smallerthana tolerancelimit L = 0:5). We repeattheprocess

usingthe K closestneighborsof m in the right imageandaddup both the counts. Finally, the

matcheswith a countsmallerthana thresholdT aredropped.SettingT = 2
� K � 1

3

�
ensuresthata
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Left Image Right Image
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L j
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Use T

Compute T

Existing Match

Figure3.1: Expansionduringinitial matching.

correctmatchwith onebadnearbymatchout of theK still survivesafterthis test.This givesusa

set� of reliablematches.Notethatthesematchesarebasedonly ontheprimarypatchesassociated

with salientaf�ne regionsdetectedin thestereotrainingimagesandhence,only cover theobject

sparsely. To get a densecoverageof the objectwe usean expansiontechniquesimilar to [3] to

spreadtheseinitial matchesin � .

3.1 ExpansionTechnique

We usethe fact that the training views are taken againsta uniform backgroundto segmentthe

objectandcover it with a grid 
 of partially overlappingsquare-shapedpatchesin theleft image

(Fig. 3.2(a)).For everymatchmi in � , wecomputetheaf�ne transformationT = SR i S
� 1
L i

between

thecorrespondingpatchesL i andRi in theleft andright images.HereSL i andSR i aretheinverse

recti�cation matricesfor L i andRi respectively. We useT to predictthelocationSR j = T SL j of

theright matchesof theyetunmatchedpatchesL j in 
 thatarecloseto (within onesidelengthof)

thecenterof L i . This processis shown diagramaticallyin �gure 3.1. Then,a re�nementprocess

is usedto align thepredictedpatchcorrectlyin theright image.Again, if thematchhassuf�cient
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correlationafter re�nement, it is acceptedasa valid matchandaddedto � . Sincethe patches

that form thesematchesarenot associatedwith interestpoints,we call thesesecondarymatches.

Theexpansionprocessiteratesby expandingaroundthenewly addedmatchesto � until no more

matchescanbeadded.Thisprocessusuallycoverstheentireobjectsurfacedenselywith matches.

Figure3.2(c)shows the secondarypatcheson a partial modelof the dragonconstructedfrom a

singlestereopair.

Wethenusethesecondarymatchesto locateadditionalprimarymatchesassociatedwith salient

af�ne regions. Eventhoughthecorrespondingpartof theobjectsurfacemayalreadybecovered

(with secondarymatches),this is usefulbecauseit is theprimarymatchesthatcanberepeatably

detected,andwill later be requiredfor the initial matchingto the test imageaswell as for the

alignmentof the partial models. This is accomplishedby �nding unmatchedaf�ne regions in

the left (respectively right) image,andusingclose-bysecondarymatchesto predictthe position

of the correspondingpatchesin the right (respectively left) image. Again, a re�nementprocess

is usedto adjustthe alignmentof the right (respectively left) imagepatch. If thereis suf�cient

correlation(again0:9) betweentheleft andright patches,thematchis addedto � . Figures3.2(d)

and 3.2(e) respectively show the expandedprimary patchesand the union of the primary and

secondarypatchesin thepartialmodelof thedragon.

3.2 Model Construction

The densematchesconstructedasdiscussedabove areusedfor building partial 3D models(one

for eachstereopair). First, we solve for the patchcentersin 3D by using standardcalibrated

triangulationtechniques.Thenwereconstructtheedgesof thecorrespondingparallelogramsusing

a �rst-order approximationto the perspective projectionequationsin the vicinity of the patch

centersasproposedby Rothganger[15]. We provide a brief sketch (adaptedfrom [15]) of the

algorithmbelow.

Considerthehomogeneousprojectionequation

11



(a) (b)

(c) (d) (e)

Figure3.2: (a)Left imagein astereopair, coveredwith agrid of patches(threeof theoverlapping
patchesareshown in blackfor clarity). (b) Partialmodelconstructedfrom primarymatchesbefore
expansion.(c) Model constructedusingonly thesecondarypatchesfoundduringexpansion.(d)
Model containingtheprimarypatchesafterexpansion.(e) Model containingall thepatchesafter
expansion.

2

6
4

p

1

3

7
5 =

1
z

M

2

6
4

P

1

3

7
5 ; where M =

2

6
4

A b

aT
3 1

3

7
5

is the perspective projectionmatrix, A is a 2 � 3 sub-matrixof M , p is the non-homogeneous

coordinatevectorfor thepoint in theimage,andP is thenon-homogeneouscoordinatevectorof
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thepoint in 3D. We canwrite theperspectiveprojectionmappingas

p = f (P ) =
1

a3 � P + 1
(AP + b);

andaTaylorexpansionof order1 of thefunctionf in P yieldsf (P + � P ) = p + � p = f (P ) +

f 0(P )� P , or

� p = f 0(P )� P

=
A(a3 � P + 1) � (AP + b)aT

3

(a3 � P + 1)2
� P

=
1

a3 � P + 1
(A � pa T

3 )� P :

ThebasisvectorsH andV of the3D patchareessentiallysmallchangesaroundthepatchcenter

C , sothey play therole of � P . Let h andv betheprojectionsof H andV into theimage.The

linearizedprojectionequationsfor thepatchcanbewrittenasfollows.

h = f 0(C )H ;

v = f 0(C )V

We stackup 4 equations(2 for theleft and2 for theright cameraof thestereopair) for eachof H

andV andsolve themusinglinear leastsquaresto obtainthebasisvectorsandhencedetermine

the 3D locationof the parallelogrampatch. Doing this for all the matchesgivesus a partial 3D

modelof theobjectfor eachstereopair. Thenext taskis to combinethesepartialmodelsinto a

completemodel.

3.3 Registration of Partial Models

Algorithm 1 givesaconcisedescriptionof thestepsinvolvedin registeringthepartialmodels
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Figure3.3: Expansionduringregistration.

together. The�rst stepin combiningthemodelsis to �nd appearance-basedmatchesbetweenthe

primary modelpatchesin adjacentpartialmodels.Again, SIFT andcolor histogramdescriptors

areusedto facilitatetheinitial matching.

3.3.1 Match Expansion

A variantof the2D expansionschemedescribedearlieris usedto propagatetheseinitial matches

between3D patchesto neighboringmodelpatchesasfollows(Fig. 3.3).Let thetwo partialmodels

beingregisteredbeM P andMQ . For eachinitial matchM i betweenthe3D patchesPi in MP and

Qi in MQ , we considerthe2D patchpi (resp.qi ) correspondingto Pi (resp.Qi ) in theleft stereo

imageof MP (resp.MQ). Wecalculatetheaf�ne transformationT thatmapsthepatchpi ontoqi .

Then,we considertheyet unmatchedpatchesPj in MP whose2D projectionpj in theleft stereo

imagelies within a smalldistancelimit of thecenterof pi . Thesepatchespj arethenprojectedto

qj in theleft stereoimageof M Q usingT . A non-linearmatchre�nementprocess(similar to the

14



Input: A setof partialmodelsSM = fM 1; : : : M K g.
Output: A combinedmodelM .

for all pairsof consecutivepartialmodelsM i ; M j 2 SM do
Step1: Appearancebasedselectionof potentialmatches
� UseSIFT andcolor-histogramdescriptorsto matchtheprimarypatchesbetweenM i and
M j to produceasetTij of tentativematches.
� Usethe non-linearmatchre�nementprocessto updatethe matchparametersto optimize
thenormalizedcorrelation.Removematcheswith normalizedcorrelation< � from Tij .
Step2: Match expansion
� ExpandthematchesTij usingthemethoddescribedin section3.3.1
Step3: RANSAC
� UseRANSAC to robustly estimatetherigid transformationR ij betweenM i andM j and
determinea largesubsetSij � Tij consistentwith R ij .

end for
Step4: Re�nement
� Use R ij 's initialize the position and orientationPM i of all the partial modelsM i in the
coordinateframeattachedto the�rst partialmodel.
repeat

for all partialmodelsM i do
� Let theneighboringpartialmodelsof M i beM j andM k .
� Updatethe positionPM i of M i so asto minimize the sumof squarederrorsbetween
thecentersof thematchedpatchesfor all thematchesin Sij andSik usingthealgorithmof
section3.3.3

end for
until convergence

Algorithm 1: Registrationof partialmodels.

onedescribedearlier)is thenusedto align theprojectedpatchqj correctly. Thematchis removed

from considerationif the �nal correlationbetweenpj andqj 's normalizedrepresentationis less

thanathreshold(againkeptat0:9). If thematchpassesthis testwe�nd thepatchQk in MQ whose

projectionqk into the left stereoimageof M Q is closestto qj 's centerpoint. An estimateof the

positionof the 3D patchQj that correspondsto the2D patchqj canthenbeobtained,assuming

that Qj lies on the sameplane� k asQk . An af�ne transformationS that mapsthe 2D patchqk

to the 3D patchQk on � k is calculatedandthenQj is estimatedby projectingqj onto � k using

S. This new matchbetweenPj andQj is thenaddedto thesetof matchesandis usedfor �nding

othermatches.This expansionstephasproven to be very usefulwhile registeringmodelswith

smalloverlap.
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(a)Partial models
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Figure3.4: Registrationof partialmodels.

3.3.2 RANSAC

All thematchesgeneratedaboveare�ltered throughaclassicalRANSAC procedurethat�nds the

matchesconsistentwith a rigid transformation.RANSAC [4] is a robustestimationalgorithmthat

considerscandidatecorrespondencesconsistentwith a small setof seedmatchesasinliers to be

retainedin a�tting process,while matchesexceedingsomeinconsistency thresholdareconsidered

asoutliersandrejected.Brie�y , RANSAC iteratesovertwosteps:In thesamplingstage,a(usually,

but notalways)minimalsetof matchesis chosenrandomly, andthis “seed”setis usedto estimate

the geometricparametersof the �tting problemat hand. The consensusstagethenaddsto the

initial seedall thecandidatematchesthatareconsistentwith theestimatedgeometry. Theprocess

iteratesuntil a suf�ciently largeconsensussetis found,andthegeometricparametersare�nally

re-estimated.
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In our particularcasewe aim to estimatethe rigid transformationthat bestaligns the two

consecutive partialmodels.In eachiterationa setof 3 matchesarerandomlychosenandusedto

estimatetherigid transformationthatminimizesthesumof squareddistancesamongthematched

patchcentersafter alignment. The matchesconsistentwith this transformationarecollectedto

form a consensussetandthe largestconsensussetin all the iterationsis �nally usedto estimate

theparametersof therigid transformation.

3.3.3 Re�nement

Theabove RANSAC procedureprovidesanestimateof thepairwiserigid transformations.Since

thesepairwiseestimatesmaynot in generalbeconsistentwith eachother(theproductof therota-

tionsbetweentheconsecutivemodelsmustbetheidentity),weuseaprocesssimilar to [13] to �nd

a consistentsolution: It is initialized usingthe pairwisetransformationestimatesandtheseesti-

matesarere�ned by loopingthroughall thepartialmodelsandupdatingthepositionof thecurrent

modelto alignit bestwith its neighbors.Moreformally, wesearchfor therigid transformationthat

minimizesthesumof squareddistancesbetweenthecentersof thematchedpatchesin thecurrent

modelandits neighbors.Thepositionsof theseneighborsarekept�x edwhile thepositionof the

currentpartialmodelis calculatedvia linearleastsquaresusingquaternions[5]. In thefollowing,

webrie�y describethemathematicsinvolved(adaptedfrom [5]).

Notethatwhenwe modify thepositionof somepartialmodelM , theotherpartialmodelsare

kept�x edandhencetheproblemis oneof �nding a rigid transformationR, t thatminimizes

E =
nX

i =1

jx0
i � Rx i � t j2

wherex i arethecenterpointsof theparallelogrampatchesof M andx0
i arethecenterpointsof

thematchingpatchesin neighboringmodelsof M . Thevalueof t minimizing E canbeobtained
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by settingthepartialderivative @E
@t = 0 whichgives,

t = �x0 � R�x where �x =
1
n

nX

i =1

x i and �x0 =
1
n

nX

i =1

x0
i

We canremove t from theminimizationby changingvariablesto centeredpointsyi = x i � �x

andy0
i = x0

i � �x0. Thisgivesus,

E =
nX

i =1

jy0
i � Ryi j2

Let q denotethequaternionassociatedwith thematrixR. See[5] for anexplainationof quate-

rionsandtheirproperties.Usingjqj2 = 1 wecanwrite

E =
nX

i =1

jy0
i � qyi �qj2jqj2 =

nX

i =1

jy0
i q � qyi j2

where�q is the conjugatequaternionof q. If we representq by a 4-vectorwhose�rst elementis

the real part of q and last 3 elementsare the imaginarypart we can rewrite E = qT Bq where

B =
P n

i=1 A T
i A i and

A i =

2

6
4

0 yT
i � y0T

i

y0
i � yi [yi + y0

i ]�

3

7
5

Minimizing E in this form undertheconstraintthat jqj2 = 1 is now easyandtheoptimalq is

just theeigenvectorof B correspondingto its smallesteigenvalue.

Theaboveprocessis iterateduntil thesumof squarederrorsbetweenall thematchesbetween

all thepairsof consectutivepartialmodelsconvergesto somelocalminimum.Figure3.4(c)shows

a plot of the meansquarederror after eachiteration of the re�nement processfor threeof the

modelsusedfor experimentation.Finally therigid transformationsestimatedareusedto bring all

thepartialmodelsinto acommoneuclideancoordinateframeandacompletemodelis constructed

by taking the union of thesetransformedpartial models. The partial modelsand the complete

modelformedafterregistrationfor a teddybearareshown in Figs.3.4(a)and3.4(b)respectively.
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Chapter 4

Recognition

The�rst partof therecognitionprocessis similar to [14] in which therepeatableprimarypatches

in the3D modelarematchedto theinterestpointsdetectedin thetestimageandthematcheswith

highappearancesimilarity areselected.Again,weusebothSIFTdescriptorsandcolorhistograms

to characterizethe appearanceof the patchesandcomputethe initial matches.The re�nement

processis thenemployedto maximizethecorrelationbetweenthematchedtestimagepatchand

thecorrespondingmodelpatch.Matchesthathave suf�cient correlation(againtakenas0:9) after

the re�nement stepare acceptedand the othersare droppedbeforefurther processing. These

matchesarethenusedasseedsfor thesubsequentmatchexpansionstage.Algorithm 2 providesa

summaryof theentirerecognitionalgorithm.

4.1 ExpansionProcess

This processis similar in spirit to the expansiontechniqueusedduring the initial modelingbut

theexpansionherehappenson thesurfaceof the3D modelinsteadof thestereoimages.For this,

we �rst preprocessthe modelM to build an undirectedgraphGM that representsthe adjacency

informationof thepatchesin M . Weaddanedgeebetweentwo patchesif theircenterslie within a

distancelimit of eachother. This limit is setto besuchthattheaveragedegreeof avertex is around

20. Wenow spreadthematchesalongtheedgesof thisgraphusingthefollowing expansionsteps.

� Expansionusing images(Fig. 4.1(a)): Thisstepis usedat thestartwhenthematcheshave

not been�ltered througha geometricconsistency checksothetestimagecameracannotbe

estimatedreliably. Thisworkssimilarto themodelingcase,andfor eachpreviouslymatched
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Input: A modelM andasetof af�ne regionsT on thetestimage.
Output: A setS of trustedmatches.

� Match theprimary patchesin M to theaf�ne regionsin T usingSIFT andcolor-histogram
descriptorsto produceasetof putativematchesP.
� Runnon-linearmatchre�nementon thematchesin P andkeeponly thosewith normalized
correlation� � .
� Usetheimage-basedexpansionstepto addmatchesto P.
repeat

� Runthegeometricconsistency testdescribedin section4.2onP andupdateP with theset
of consistentmatches
� SetC to theestimatedcamera.
� Runthecamera-basedexpansionstepusingthecameraestimateC andaddthenew matches
to P
� UseC to projectall theprimarypatchesin M into thetestimageandmatchto nearbyaf�ne
regionsdetectedin theimage.Add theobtainedmatchesto P.

until cardinalityof Pstopsincreasing

Algorithm 2: Recognitionalgorithm

modelpatchP we calculatetheaf�ne transformationS thatmapsits projectionin the left

trainingimageof thestereopair from which it originatesinto thetestimage.Thenwe look

at every unmatchedneighborQ of P that is part of the samepartial model(andso shares

thesameleft stereoimage)anduseS to predictits locationin thetestimage.Thispredicted

positionis thenre�ned asbeforeandthematchis acceptedif thecorrelationis suf�ciently

large (againcomparedto 0:9). This expansionschemedoesnot allow expandingmatches

from onepartialmodelto another.

� Expansionusing the camera(Fig. 4.1(b)): This stepis usedafter thematcheshave been

�ltered througha geometricconsistency checkand the cameraA associatedwith the test

imagehasbeenestimated.A is usedto projectabase3D patchP (which is alreadymatched

to a patchp in the test image)andsomeadjacentpatchQ into the testimage. Let the 2D

projectedpatchesbep0andq0respectively. A correctingaf�ne transformation� is computed

that alignsthe projectionp0 of the base3D matchexactly with its correctlocationp. � is

thenappliedto theprojectionq0 of theadjacentpatchto obtaina correctedpredictionq of
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Figure4.1: Expansionduringrecognition.

its position. The predictionis thenre�ned asbeforeto maximizethe normalizedcorrela-

tion betweenthe recti�ed patchescorrespondingto the matchandacceptedonly if it has

high correlation(greaterthan0:9). This expansionstepallows for moving smoothlyfrom

onepartialmodelto anotherandhenceprovidesanadvantageover thepure2D expansion

techniqueof [3].

Thetwo expansionstepsalsoallow usto rejectfalsematchesby simplyremoving thosethatdo

not have enoughsupport.More precisely, if theexpansionstepfrom a basematchtriesto expand

to a large numberof neighborsandnoneof thesesucceedsin forming an acceptablematch,the

basematchis removed.

4.2 GeometricConsistencyTest

A “gr eedy”RANSAC-likealgorithm3 is usedto extractasetof geometricallyconsistentmatches.

Thecameraof thetestimageis approximatedby a weak-perspective camerawith zeroskew and
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Input: A setM of possiblematches.
Output: A setS of trustedmatches,camerafor thetestimageC

for i = 1 to N do
� Pickamatchmi 2 M at random.
� Selectthemostcompatiblematchm0

i 2 M n f mi g to mi .
� Initialize Si = f mi ; m0

i g andCi to thecameraestimatedusingSi .
� Setmbest 2 M n Si to thematchwith minimumreprojectionerrorEbest usingCi

while jSi j < K andEbest < � do
� Si ( Si [ f mbestg.
� UpdateCi with thecameraestimatedusingSi

� Setmbest 2 M n Si to thematchwith minimumreprojectionerrorEbest usingCi

endwhile
� Add all matchesm 2 M n Si with reprojectionerrorEm < � to Si .

end for
� SetS to theSi with thelargestcardinality.
� EstimatethecameraC for thetestimageusingS.

Algorithm 3: Geometricconsistency check.

squarepixels. Thealgorithmstartsby picking a matchm i at randomandsearchesamongall the

othermatchesfor themostcompatibleone,saym0
i . Thecompatibilityis checkedby �rst usingthe

two matchesto estimatethecamerafor the testimageandthencomputingthereprojectionerror

for the two matches.Thealgorithmthencreatesa setof matchesSi compatiblewith this pair as

follows: Si is initializedasSi = f mi ; m0
i g. Thealgorithmgreedilyaddsto Si themostcompatible

match(theonewith theleastreprojectionerror)outof all thematchesnotyet includedin Si . This

iterativeprocesscontinuesuntil eitherthesizeof Si exceedsK = 10, or thesmallestreprojection

error itself exceedsa threshold� . Theestimateof thecamerais updatedaftereachadditionto Si

during theseiterations.If thesizeof Si reachesK , thecurrentestimateof thecamerais usedto

reprojectthe3D patchesfor all thematchesinto the testimageandthosewith reprojectionerror

lessthan � areaddedto Si . The algorithmiteratesa �x ed numberof times,eachtime picking

a randommatchmk andcomputingthe setof consistentmatchesSk . Finally the setS with the

largestsizeis chosenasthesetof consistentmatches.

The recognitionalgorithmstartsby usingthe image-basedexpansionstepto grow the initial

appearancebasedprimarymatches.Thenthegeometricconsistency checkis run to extract con-
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sistentmatchesandestimatethecamerafor thetestimageandmorematchesareaddedusingthe

camerabasedexpansionstep. For extendingmatchesto partsof the object that arenot directly

connectedto theinitial matchesin thetestimage(possiblydueto occlusion)thereconstructedtest

camerais usedto projectunmatchedprimarypatchesfrom themodelinto the testimage.Af�ne

regionsdetectedin the testimagecloseto theseprojectedpositionsarethenmatchedto thecor-

respondingmodelpatch.Again, if thecorrelationafter re�nementis suf�ciently high, thematch

is accepted.Thegeometricconsistency checkandthefollowing expansionstepsareiterateduntil

thenumberof matchesdoesnot increaseany more.
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Chapter 5

Results

We have evaluatedtheproposedmethodon a datasetconsistingof 9 objectsand80 testimages.

Theobjectmodels,constructedfrom 7 to 12stereoviewseach,areshown in Fig. 5.1.Theobjects

vary from simpleshapes(e.g.,thesaltcontainer)to quitecomplex ones(e.g.,thetwo dragonsand

thechestbustermodel).

The test images(shown in Figure5) containthe objectsin differentorientationsandunder

varyingamountsof occlusionandclutter. The total numberof occurrencesof the objectsin the

test imagedatasetis 129sincesomeimagescontainmorethanoneobject. Figure5.4(a)shows

the ROC plot betweenthe true positive (detection)rateandthe falsepositive rate. To assesthe

valueof theexpansionstepof our approach,we have simply removedthesecondarypatchesand

the extra primary patchesaddedduring this stageof modelingfrom our models,andusedthese

sparsemodelsfor recognition(this is similar in spirit to thealgorithmproposedby Rothgangeret

al. [14], but includestheexpansionstepduring therecognitionphasewhich wasabsentin [14]).

Thecorrespondingrecognitionperformanceis depictedby theblueROC curve. Our experiments

clearlydemonstratethebene�t of usingdensemodelsasopposedto sparseonesfor our dataset.

We have alsoimplementedrecognitionaswide-baselinestereomatchingto assessthe power of

using explicit 3D constraintsas opposedto simple epipolarones. Eachtest imageis matched

to all the 168 training images(both left andright imagesfor eachstereopair) for every object

separately, making a total of 168� 80 = 13440imagepairs to be compared. The maximum

numberof matchescorrespondingto eachobjectis recordedandusedto constructtheROCcurve.

As expected,our methodclearly outperformsthis simplebaselineapproach.Thedetectionrates

for zerofalsepositivesandtheequalerrorratesfor thedifferentmethodsareshown in Fig. 5.
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Method DetectionRate(zerofalsepositives) EqualErrorRate
ProposedApproach 86.8% 89.1%

Primarypatchesonly 69.8% 84.9%
Wide Baseline 58.1% 77.1%

Table5.1: Error ratecomparison.

The proposedapproachalsoperformswell on the highly complex geometricobjectslike the

dragonsand the chestbustermodel. Figure5.4(b) shows the comparisonof the ROC plots on

the datasetrestrictedto only these3 models. The variationin appearanceof the featuresdueto

smallviewpoint changesis larger for thesemodelssincethesurfaceof themodelsis not smooth.

Becausethe proposedapproachcombinesthe differentviews of the featurestogether(whenthe

different partial modelsare merged) its performanceis lessseverely affectedon the restricted

dataset.On the otherhand,the performanceof the wide-baselinematchingschemedropsby a

signi�cant amount.

Our currentimplementationsof the modelingandrecognitionsalgorithmsrunsquite slowly.

The modelingwasdoneon an 3 GHz, Intel Pentium4 machinewith 1 GB of RAM. The con-

structionof thepartialmodelsfor eachstereopair takesabout15 to 20 minutes.Theregistration

of all thepartialmodelsinto a full modeltakesapproximatelyanother1 to 2 hours. Most of the

time duringmodelingprocessis spentin thenon-linearmatchre�nementprocedure.Therecog-

nition experimentstook varying amountsof time basedon whetherthe objectbeingrecognized

wasactuallyfoundin theimage.In caseswhenvery few (< 10) matcheswerefoundbetweenthe

objectmodelandthetestimagetheprogramtook lessthan30minutes.But, in caseswhena large

numberof matcheswerefound theprogramcould take aslong as3 hours. Since,it would have

takenavery long time to runexperimentsonasinglemachinetheprogramwasrunonaclusterof

machinesto speeduptheexperimentationprocess.

Finally, Figures5.3and5.5give a qualitative illustrationof theperformanceof our algorithm

with a gallery of recognitionresultson sometest imageswhich containthe objectsunderheavy

occlusion,viewpointandscalevariation,aswell asextensiveclutter.
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5.1 Conclusionsand Summary

We have proposedan approachto ef�ciently build dense3D euclideanmodelsof objectsfrom

stereoviewsandusethemfor recognizingtheseobjectsin clutteredphotographstakenfrom arbi-

traryviewpoints.At thispoint therearemany directionsfor futurework.

� Extendingtheapproachto handlenonrigid deformations

� Recognizingobjectsin aclutteredsceneusingapairof calibratedstereoimagesof thescene.

� Collaborationamongdifferentcameraslookingatthesamescenefor recognizingtheobjects

in thescene.

Also, it would bedesirableto do a comparisonwith thenative implementationsof otherstate-

of-the-artrecognitionmethodssuchasthoseproposedby Ferrariet al. [2], Lowe [8], andRoth-

gangeretal. [14].
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(a)Bournvita (8 pairs) (b) Ball (12pairs)

(c) Yogurt(8 pairs) (d) Vase(8 pairs)

(e)Bear(8 pairs) (f) SmallDragon(12pairs)

(g) Salt(8 pairs) (h) ChestBuster(7 pairs) (i) Dragon(12 pairs)

Figure5.1: Objectmodels.
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Figure5.2: Thetestimagedataset.
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Figure5.3: Left column: testimage.Centercolumn: matchedpatches.Right column: predicted
location.
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Figure5.4: ComparisonROCplots.

Figure5.5: Left column: testimage.Centercolumn: matchedpatches.Right column: predicted
location.
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