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Abstract

Localappearanceodelsin theneighborhoof salientimagefeaturesfogethemith localand/or
globalgeometricconstraintssene asthe basisfor severalrecentandeffective approacheso 3D
objectrecognitionfrom photographs.However, thesetechniquedypically eitherfail to explic-
itly accountfor the stronggeometricconstraintsassociatedvith multiple imagesof the same3D
object, or requirea large setof training imageswith muchoverlapto constructrelatively sparse
objectmodels.Thisthesisproposes simplenev methodfor automaticallyconstructing3D object
modelsconsistingof denseassemblie®f small surfacepatchesand af ne-invariantdescriptions
of the correspondingexture patternsfrom a few (7 to 12) stereopairs. Similar constraintsare
usedto effectively identify instancef thesemodelsin highly clutteredphotographsakenfrom
arbitraryandunknavn viewpoints. Experimentswvith a datasetonsistingof 80 testimagesof 9
objects,includingcomparisonsvith a numberof baselinealgorithms,demonstratéhe promiseof

the proposedhpproach.
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Chapter 1

Intr oduction

This work addressethe problemof recognizingthreedimensional(3D) objectsin photographs
taken from arbitrary viewpoints. Recently objectrecognitionapproache®asedon local view-
pointinvariantfeaturematching([16], [8], [10], [9]) have becomé&ncreasinglypopular Thelocal
natureof thesefeaturesprovidestoleranceto occlusionsandtheir viewpoint invarianceprovides
toleranceo changesn objectpose.Most methodgfor example[7],[3]) matcheachof thetraining
imagesof the objectto the testimageindependenthandusethe highestmatchingscoreto detect
thepresence/absencétheobjectin thetestimage.This essentiallyreducesbjectrecognitionto
awide-baselinesstereomatchingproblem.Only a few previousapproachef8], [2], [14]) exploit
therelationshipamongthe modelviews. Lowe [8] clustersthetrainingimagesinto modelviews
andlinks matchingfeaturesn adjacentlusters.Eachtestimagefeaturematchedo somefeature
f in amodelview v votesfor v andits neighbordinkedto f . This helpsto modelfeatureappear
ancevariationsincedifferentmodelviews provide slightly differentpicturesof the featureshey
share yet features'votesdo not get dispersecamongcompetingmodelviews. Ferrarietal. [2]
integratethe informationcontainedn successie imagesby constructingregion tracks consisting
of the sameregion of the objectseenin multiple views. They introducethe notion of a group
of aggregatedmatchegGAM) which is a collection of matchedregionson the samesurface of
the object. The region tracksarethenusedto transfermatchedGAMs from one modelview to
another andtheir consistenyg is checled usinga heuristictest. The problemwith this (aswith
all othermethodsthatdo not explicitly exploit 3D constraints)s thatgeometricconsisteng can
only be looselyenforced. Also, for both [8] and[2] thereis no way to determineconsisteng

amongmatchedregionswhich are not seentogetherin ary modelview. Rothgangeetal. [14]



usemultipleimageso build amodelencodinghe 3D structureof theobject,andthemuchtighter
constraintsassociatedvith the 3D projectionof the model patchesare usedto guide matching
during recognition. In this casethe 3D modelexplicitly integratesthe variousmodelviews, but
thedeterminatiorof the 3D positionandorientationof a patchon the objectrequiresit to bevisi-
ble in threeor moretrainingimageg14], andhencerequiresa large numberof closelyseparated
trainingimagesfor modelingthe object. Also, [14] only makesuseof patchesenteredatinterest
points,sothe modelconstructeds sparseanddoesnot encodeall the availableinformationin the
training images. We tackle theseissuesby using calibratedstereopairsto constructpartial 3D
objectmodelsandthenregisterthesemodelstogethetto form afull model! Thisallowstheuseof
a sparsesetof sterectrainingviews (7 to 12 pairsin our experimentsYor the modeling. We also
extendto 3D objectmodelstheideaproposedn [3] in theimagematchingdomain,andaugment
the modelpatchesassociatedvith interestpointsof [14] (called primary patchesrom now on)
with more generalsecondarypatches.This allows usto cover the objectdensely utilize all the
availabletexture informationin the trainingimages,andeffectively handleclutter andocclusion

in recognitiontasks.

1.1 Overview of Our Approach
Our approaclconsistf threekey steps.

1. Detectionanddescriptionof afne invariantinterestpoints (af ne regiong that provide a

normalizedyviewpointindependentlescriptionof localimageappearance.

2. Calibratedstereomatchingand3D reconstructiorof the primary andsecondanpatcheson
theleft andrightimagesof thetrainingsteregpairsto construcipartial 3D models.Combin-

ing the partial 3D modelsfor thedifferentstereoviewsinto full 3D modelsof the objects.

3. Employing both photometricand geometricconsisteng constraintsto match groups of

1This s for modelingonly of courseindividual photographsireusedfor recognition.



patchesluringrecognition.

We follow a schemesimilar to [15] for the detectionanddescriptionof af ne regions. Chapter2
(adaptedrom [15]) providesthenecessarpackgroundandspeci c detailsof theimplementation.

As wasmentionedpreviously, we usea setof calibratedstereoviews for determiningthe 3D
structureandbuilding amodelof the object. Potentialprimary matdhesbetweertheaf ne regions
foundin eachstereqgpairare rst Itered usingphotometricandgeometricconsisteng constraints,
and then augmentedvith additionalsecondarymatdesfor a densecoverageof the object, as
proposedn [3] for the 2D case.The 3D locationandshapeof the patchess determinedusinga
standardsterecalgorithmto generatgartialmodelswhich arelatercombinedo form a complete
modelof theobject. The 3D patcheghatcorrespondo primary (or secondaryjnatchesarecalled
primary (or secondaryjnodelpatches.

A similar schemas followed during recognition. First, the primary patchesn the modelare
matchedto the af ne regionsfound in the testimage. Theseprimary patchesare thenusedas
guidesfor matchingnearbysecondarypatches.The recognitiondecisionis basedon the number
of matchedbatches.

The thesisis organizedasfollows. Chapter2 describeghe detectionand representatiorof
afne invariantpatches.The constructiorof the partialmodelsandtheir inter-registrationto gen-
eratethefull modelis explainedin chaptel3. Thedetailsof therecognitionalgorithmareprovided

in chapter4. In chapter5 we shav recognitionresultsusingthe proposedapproachanddiscuss

future extensionf this work.



Chapter 2

Af ne Regions

The constructiorof local invariantmodelsof objectappearancevolvestwo stepsthe detection
of salientimageregions, andtheir description ldeally, the regionsfoundin two imagesof the
sameobjectshouldbethe projectionsof thesamesurfacepatchesThereforethey mustbe covari-
ant, with regionsdetectedn the rst picturemappingontothosefoundin the secondonevia the
geometricandphotometridransformationgnducedby the correspondingiewpointandillumina-
tion changes.n turn, detectionmustbe followed by a descriptionstagethat constructsa region
representatiomvariant underthesechangesThis chaptempresentghe approactto the detection
anddescriptionof af ne regionsusedin ourimplementation Most of the materialin this chapter

is adaptedrom [15].

2.1 Detection

Ourwork usesaform of theaf ne-covariantregion detectodevelopedby Mik olajczykandSchmid
[10]. This algorithmdepend®n a separaténterestpoint detectorto provide a setof pointsalong
with theirinitial scales.A studyby Mikolajczyketal. [11] concludeghatno singledetectorout-
performsthe otherson all typesof scenesandimagetransformations.Therefore,in the absence
of prior knowledgeaboutthe type of scene,it is bene cial to usea batteryof complementary
detectors.The primary detectorsve usearethe Harris-Laplaciardetectorandthe difference-of-
GaussiangDoG) operatoi1, 6, 17]. TheHarrisdetectotendsto nd cornersandpointsatwhich
signi cant intensitychangesoccur(consideredo beregionsof “high informationcontent”[10])

while the DoG detectoris in generalattractedto the centersof roughly uniform regions (blobs).



Figure2.1: (After [15].) Af ne-adaptedpatchedoundby the Harris-Laplaciar{left) andthe DoG

(right) detector

Figure 2.1 shavs examplesof the outputsof thesetwo detectors.We modify the af ne adapta-
tion procedureproposedoy Mik olajczyk and Schmidby also computingan orientationfor each
patch.Thestandarautputof af ne adaptatiorareelliptical-shapegbatcheslt is easyto show that
ary ellipsecanbe mappedonto a unit circle centeredat the origin usinga one-parametefamily

of af ne transformationseparatedrom eachotherby arbitrary orthogonaltransformationgin-

tuitively, this follows from the factthat circlesare unchangedy rotationsandre ections about
their centers).This ambiguity canbe resolhed by determiningthe dominantgradientorientation
of theimageregion, turningthe correspondingllipseinto a parallelogramandthe unit circle into

a square(Figure 2.2). Thus,the outputof the detectionprocesss a setof imageregionsin the
shapeof parallelogramsEachparallelogranshapedatchis completelyde ned by therectifying
transformatiorR thatmapsthe parallelogranontoa “unit” squarecenteredatthe origin or equi-

alentlyby theinverserecti cation transformatiors = R ! thatmapstherecti ed unit squarento

the parallelogramn theimage(Figure2.3(b)).



Figure2.2: (After [15]) Normalizingpatches.The left two columnsshawv a patchfrom imagel
of Krystian Mik olajczyk's grafti dataset.Theright two columnsshown the matchingpatchfrom
image4. The rst row shows theregion of the original image. The secondow shaws the ellipse
determinedby af ne adaptation.This normalizesthe shape but leavesa rotation ambiguity as
illustrated by the normalizedcirclesin the center The last row shavs the samepatcheswith
orientationdeterminedy the gradientat abouttwice the characteristiscale.

2.2 Description

A recti ed afne region is a normalizedrepresentatiomf the local surface appearancenvari-
antunderplanaraf ne transformations.Underafne (orthographicweak-perspecte, or para-
perspectie) projectionmodels this representatiors invariantunderarbitraryviewpoint changes.
For Lambertianpatchesanddistantlight sourcesjt canalsobe madeinvariantto changesn il-
lumination(ignoring shadevs) by subtractinghe meanpatchintensityfrom eachpixel valueand
normalizingthe Frobeniusnorm of the correspondingmagearrayto one. Equivalently, normal-
ized correlationcanbe usedto comparerecti ed patchesjrrespectve of viewpoint and (af ne)
illumination changes.Maximizing correlationis equivalentto minimizing the squareddistance

betweenfeaturevectorsformedby mappingevery pixel value onto a separaterectorcoordinate.
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(a) Af ne regionsfoundin animageof ateddy (b) (After [15]) Theinversetransformatiors mapsthe
bear Only a subsetof the patchesdetecteds recti ed squareassociatedvith an af ne region back
shown for clarity. ontotheimage.

Figure2.3: Af ne regionsandinverserecti cation.

Otherfeaturespacesnay of coursebe usedaswell. In particular the SIFT descriptorintroduced
by Lowe [7] hasbeenshawvn to provide superiomperformancen imageretrieval taskg[12]. Brie y,
the SIFT descriptionof animageregion is a three-dimensionahistogramover the spatialimage
dimensionsandthegradientorientationswith the original rectangulaareabrokeninto 16 smaller
ones,andthegradientdirectionsquantizednto 8 bins(Figure2.4),andit canthusberepresented
by a 128-dimensionaleaturevector[6]. Following [15] we combinethe SIFT featurevectorwith
acolor histogramin the YUV color space.The histogramis two-dimensiona(typically 10  10)
and built only from the chromacomponentthatis, the U andV values. Figure 2.4 showvs an

exampleof thecolor histogram.
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Figure2.4: (After [15]) Two (recti ed) matchingpatchedoundin two imagesof a teddybear

alongwith thecorrespondin@IFT andcolor descriptorsTheorientationhistogramvaluesassoci-
atedwith eachspatialbin aredepictedby linesof differentlengthsfor eachoneof the8 quantized
gradientorientations.As recommendeth [6], we scalethe featurevectorsassociateavith SIFT

descriptorgo unit norm,andcompareghemusingthe Euclideandistance.



Chapter 3

StereoModeling

We startby acquiringafew (7 to 12) steregpairsthatareroughlyequallyspacedaroundthe equa-
torial ring of the objectfor modeling. The stereoviews aretaken againsta uniform background
to allow for easyseggmentation. Then, a standardstereomatchingalgorithm that searchedor
matchingpatchesalongcorrespondingpipolarlinesis usedto determineaninitial setof tentatve
matches.We usea combinationof SIFT [7] andthe color histogramdescriptordescribedn [15]
to computetheinitial matchesThematchesarethenre ned to obtainthecorrectalignmentof the
patchesn theleft andrightimages.Only matcheswith normalizedcorrelationgreaterthana pre-
re nementthreshold(keptat 0:75) areconsideredor the re nementstepfor ef ciency reasons.
There nementprocesemplgy/s nonlinearoptimizationto af nely deformthe right imagepatch
until thecorrelationwith its matchin theleft imageis maximized.Matcheswith normalizedcorre-
lation greaterthana post-re nementhresholdequalto 0:9 for this work) arekeptfor subsequent
processing.

The matchesare Itered by using a neighborhoodconstraintwhich removes a matchif its
neighborsare not consistentvith it. More precisely for every matchm we look atits 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
respecto thetriangleformedby the centersof the patchef thetriple in theleft andrightimages
respectrely. We thencountthe numberof triples for which thesebarycentriccoordinatesagree
(thesumof squaredlifferencess smallerthanatolerancdimit L = 0:5). We repeatthe process
usingthe K closestneighborsof m in the right imageandadd up both the counts. Finally, the

matcheswith a countsmallerthana thresholdT aredropped.SettingT = 2 K31 ensureshata
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Figure3.1: Expansiorduringinitial matching.

correctmatchwith onebadnearbymatchout of theK still survivesafterthistest. This givesusa
set of reliablematchesNotethatthesematchesrebasednly ontheprimarypatchesssociated
with salientaf ne regionsdetectedn the sterectrainingimagesandhenceonly cover the object
sparsely To geta densecoverageof the objectwe usean expansiontechniquesimilar to [3] to

spreadhesenitial matchesn

3.1 ExpansionTechnique

We usethe fact that the training views are taken againsta uniform backgroundo segmentthe
objectandcoverit with agrid of partially overlappingsquare-shapegatchesn theleft image
(Fig. 3.2(a)).Foreverymatchm; in , wecomputeheaf ne transformatiom = SRiSLi1 between
thecorrespondingatched. ; andR; in theleft andrightimages.HereS, . andSg, aretheinverse
recti cation matricesfor L; andR; respectiely. We useT to predictthelocationSg;, = TS, of

theright matchef theyetunmatchegbatched ; in  thatarecloseto (within onesidelengthof)

the centerof L;. This procesds shovn diagramaticallyin gure 3.1. Then,are nementprocess

is usedto align the predictedpatchcorrectlyin theright image.Again, if the matchhassufcient
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correlationafter re nement, it is acceptedasa valid matchandaddedto . Sincethe patches
thatform thesematchesarenot associatedvith interestpoints,we call thesesecondarynatches.
The expansionprocessteratesby expandingaroundthe nevly addedmatchedo until no more

matchesanbeadded.This procesaisuallycoversthe entireobjectsurfacedenselywith matches.
Figure 3.2(c) shavs the secondarypatcheson a partial model of the dragonconstructedrom a

singlestereqgpair.

Wethenusethesecondarynatchedo locateadditionalprimarymatchesssociateavith salient
afne regions. Eventhoughthe correspondingart of the objectsurfacemay alreadybe covered
(with secondarynatches)this is usefulbecausat is the primary matcheghat canbe repeatably
detectedandwill later be requiredfor the initial matchingto the testimageaswell asfor the
alignmentof the partial models. This is accomplishedy nding unmatchedaf ne regionsin
the left (respectiely right) image,andusingclose-bysecondarynatchego predictthe position
of the correspondingatchesn the right (respectiely left) image. Again, a re nementprocess
is usedto adjustthe alignmentof the right (respectrely left) imagepatch. If thereis sufcient
correlation(again0:9) betweertheleft andright patchesthe matchis addedto . Figures3.2(d)
and 3.2(e) respectrely shav the expandedprimary patchesand the union of the primary and

secondanpatchesn the partialmodelof thedragon.

3.2 Model Construction

The densematchesconstructedasdiscussedbove areusedfor building partial 3D models(one
for eachstereopair). First, we solve for the patchcentersin 3D by using standardcalibrated
triangulationtechniquesThenwe reconstructheedgesf thecorrespondingarallelogramsising
a rst-order approximationto the perspectie projectionequationsin the vicinity of the patch
centersas proposedoy Rothgangef15]. We provide a brief sketch (adaptedrom [15]) of the
algorithmbelow.

Considerthehomogeneouprojectionequation

11
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Figure3.2: (a) Left imagein asteregpair, coveredwith agrid of patchegthreeof the overlapping
patchesreshavnin blackfor clarity). (b) Partialmodelconstructedrom primarymatchesefore
expansion.(c) Model constructedusingonly the secondaryatchedound during expansion.(d)
Model containingthe primary patchesafter expansion.(e) Model containingall the patchesafter
expansion.

2 3 2 3 2 3

gpg:}M QPZ; where M :QA biz;
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is the perspectie projectionmatrix, A isa2 3 sub-matrixof M , p is the non-homogeneous

coordinatevectorfor the pointin theimage,andP is the non-homogeneousoordinatevectorof
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thepointin 3D. We canwrite the perspectie projectionmappingas

1
p=f(P)= —F(AP + b);
az; P+1

anda Taylor expansionof orderl of thefunctionf inP yieldsf(P + P)=p+ p=f(P)+
fqP) P,or

fqP) P

A(az P +1) (AP +b)aj 5

©
I

(az P+ 1)
1

(A paz) P:
az; P+1

ThebasisvectorsH andV of the 3D patchareessentiallysmallchangesroundthe patchcenter
C, sothey playtheroleof P. Leth andv betheprojectionsof H andV into theimage.The

linearizedprojectionequationgor the patchcanbe written asfollows.

h = fC)H
fAC)IV

<
I

We stackup 4 equationg2 for theleft and2 for the right camereof the stereopair) for eachof H
andV andsolve themusinglinear leastsquarego obtainthe basisvectorsand hencedetermine
the 3D locationof the parallelogrampatch. Doing this for all the matchesgivesus a partial 3D
modelof the objectfor eachstereopair. The next taskis to combinethesepartial modelsinto a

completemodel.

3.3 Registration of Partial Models

Algorithm 1 givesaconcisedescriptionof the stepsinvolvedin registeringthe partialmodels

13
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Figure3.3: Expansiorduringregistration.

together The rst stepin combiningthemodelsis to nd appearance-basadatchedetweerthe
primary modelpatchedn adjacentpartial models. Again, SIFT and color histogramdescriptors

areusedto facilitatetheinitial matching.

3.3.1 Match Expansion

A variantof the 2D expansionschemedescribeckarlieris usedto propagateheseinitial matches
betweerBD patchedo neighboringnodelpatchesasfollows (Fig. 3.3). Let thetwo partialmodels
beingregisteredbeMp andM . For eachinitial matchM ; betweerthe 3D patched?; in Mp and
Qi in Mg, we considerthe 2D patchp; (resp.qg) correspondingo P; (resp.Q;) in theleft stereo
imageof Mp (resp.Mg). We calculatetheaf ne transformationl thatmapsthe patchp; ontog.

Then,we considerthe yet unmatchedatches; in Mp whose2D projectionp; in theleft stereo
imagelies within a smalldistancdimit of the centerof p;. Thesepatchegy; arethenprojectecto

g in theleft stereaimageof Mg usingT . A non-linearmatchre nementprocesgsimilar to the

14



Input: A setof partialmodelsSy = fM 1;:::M ¢ Q.
Output: A combinedmodelM .
for all pairsof consecutie partialmodelsM ;;M ; 2 Sy do
Stepl: Appeaancebasedselectionof potentialmatdes
Use SIFT andcolor-histogramdescriptordo matchthe primary patchedbetweenM ; and
M ; to produceasetT; of tentatve matches.
Usethe non-linearmatchre nementprocesso updatethe matchparameterso optimize
the normalizedcorrelation.Remave matcheswith normalizedcorrelation<  from T .
Step2: Match expansion
Expandthe matchesT;; usingthemethoddescribedn section3.3.1
Step3: RANSAE
UseRANSAC to rohustly estimatetherigid transformatiorR; betweerM ; andM ; and
determinealargesubsetS; T consistentith Rj; .
endfor
Step4: Re nement
Use Rj 's initialize the position and orientationPy,, of all the partial modelsM ; in the
coordinatéframeattachedo the rst partialmodel.
repeat
for all partialmodelsM ; do

Let theneighboringpartialmodelsof M ; beM ; andM .

Updatethe positionPy,, of M ; soasto minimize the sumof squarederrorsbetweer
the centersof thematchedpatchedor all thematchesn S; andSy usingthealgorithmof
section3.3.3

endfor
until corvergence

Algorithm 1: Registrationof partialmodels.

onedescribeckarlier)is thenusedto alignthe projectedpatchqg correctly The matchis removed
from consideratiorif the nal correlationbetweenp, andq 's normalizedrepresentations less
thanathresholdagainkeptat0:9). If thematchpasseshistestwe nd thepatchQy in Mg whose
projectiong into the left sterecimageof Mg is closestto g 's centerpoint. An estimateof the
positionof the 3D patchQ; thatcorrespondso the 2D patchg canthenbe obtained,assuming
thatQ; lies onthe sameplane , asQy. An afne transformatiorS that mapsthe 2D patchg
to the 3D patchQy on  is calculatedandthenQ; is estimatedby projectingg onto  using
S. This new matchbetweerP; andQ; is thenaddedo the setof matchesandis usedfor nding
othermatches.This expansionstephasprovento be very usefulwhile registeringmodelswith

smalloverlap.

15
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Figure3.4: Reyistrationof partialmodels.

3.3.2 RANSAC

All thematchegyenerate@dbove are Itered througha classicaRANSAC procedurdhat nds the
matchesonsistentvith arigid transformationRANSAC [4] is arobustestimationalgorithmthat
considerscandidatecorrespondencesonsistenwith a small setof seedmatchesasinliersto be
retainedn a tting processwhile matchesxceedingsomeinconsisteng thresholdareconsidered
asoutliersandrejected Brie y , RANSAC iteratesovertwo steps:In thesamplingstagea(usually
but notalways)minimal setof matchess choserrandomly andthis “seed”setis usedto estimate
the geometricparameter®f the tting problemat hand. The consensustagethenaddsto the
initial seedall the candidatanatcheghatareconsistentvith the estimatedyeometry The process

iteratesuntil a sufciently large consensusetis found, andthe geometricparametersre nally

re-estimated.

16



In our particularcasewe aim to estimatethe rigid transformationthat bestaligns the two
consecutre partialmodels.In eachiterationa setof 3 matchesarerandomlychosenandusedto
estimatetherigid transformatiorthatminimizesthe sumof squaredlistanceamongthe matched
patchcentersafter alignment. The matchesconsistentwith this transformationare collectedto
form a consensusetandthe largestconsensusetin all the iterationsis nally usedto estimate

the parametersf therigid transformation.

3.3.3 Re nement

Theabore RANSAC procedureprovidesan estimateof the pairwiserigid transformationsSince
thesepairwiseestimatesnaynotin generabe consistentith eachother(the productof therota-
tionsbetweerthe consecutie modelsmustbetheidentity), we usea processimilarto[13] to nd
a consistensolution: It is initialized usingthe pairwisetransformatiorestimatesandtheseesti-
matesarere ned by loopingthroughall the partialmodelsandupdatingthe positionof the current
modelto alignit bestwith its neighborsMoreformally, we searcHor therigid transformatiorthat
minimizesthe sumof squaredlistancedetweerthe centersof the matchedpatchesn the current
modelandits neighbors.The positionsof theseneighborsarekept x edwhile the positionof the
currentpartialmodelis calculatedvia linearleastsquaresisingquaterniong5]. In thefollowing,
we brie y describehe mathematicenvolved (adaptedrom [5]).

Note thatwhenwe modify the positionof somepartialmodelM , the otherpartialmodelsare

kept x edandhencethe problemis oneof nding arigid transformatiorR, t thatminimizes
E= jx2 Rx tj?

wherex; arethe centerpointsof the parallelogranpatchesof M andx? arethe centerpoints of

the matchingpatchesn neighboringmodelsof M . Thevalueof t minimizing E canbe obtained

17



by settingthe partialderivative & = 0 whichgives,

1 X X
Rx where x= — x and x0= - x?
i=1 i=1

t= x°
We canremovet from the minimizationby changingvariablesto centerecpointsy; = x; X
andy’= x? x0 Thisgivesus,
X iv0 12
E= i Ry
i=1

Let g denotethe quaterniorassociateavith thematrix R. See[5] for anexplainationof quate-

rionsandtheir propertiesUsingjgj? = 1 we canwrite

X1 . 0 .2. .2 X1 - 0 2
E= i yigr)qT = 1yiqa  ayi)
i=1 i=1
whereq is the conjugatequaternionof g. If we represeng by a 4-vectorwhose rst elements
the real part of g andlast 3 elementsare the imaginarypart we canrewrite E = ' Bq where

B= i ", ATA; and > 3
A= 2 0 v yiorg
vy i+ vl

Minimizing E in this form underthe constrainthatjgj?2 = 1is now easyandthe optimalq s
justthe eigervectorof B correspondingo its smallesteigervalue.

Theabove processs iterateduntil the sumof squarecerrorsbetweerall the matchedetween
all thepairsof consectutie partialmodelscorvergesto somelocal minimum. Figure3.4(c)shows
a plot of the meansquarederror after eachiteration of the re nement processfor threeof the
modelsusedfor experimentationFinally therigid transformationgstimatedareusedto bring all
thepartialmodelsinto acommoneuclidearcoordinatérameanda completemodelis constructed

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

modelformedafterregistrationfor ateddybearareshovn in Figs. 3.4(a)and3.4(b)respectrely.
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Chapter 4

Recognition

The rst partof therecognitionprocesss similarto [14] in which therepeatablg@rimary patches
in the 3D modelarematchedo theinterestpointsdetectedn thetestimageandthe matcheswith
highappearancsimilarity areselectedAgain, we useboth SIFT descriptorandcolor histograms
to characterizehe appearancef the patchesand computethe initial matches. The re nement
procesds thenemployedto maximizethe correlationbetweerthe matchedestimagepatchand
the correspondingnodelpatch. Matchesthathave sufcient correlation(againtakenasO0:9) after
the re nement step are acceptedand the othersare droppedbefore further processing. These
matchesarethenusedasseeddor the subsequennatchexpansionstage Algorithm 2 providesa

summaryof the entirerecognitionalgorithm.

4.1 ExpansionProcess

This processs similar in spirit to the expansiontechniqueusedduring the initial modelingbut
the expansiorherehappen®n the surfaceof the 3D modelinsteadof the stereamages.For this,
we rst preprocesshe modelM to build anundirectedgraphG,, thatrepresentshe adjaceng
informationof the patchesn M . We addanedgee betweertwo patchesf theircenterdie within a
distancdimit of eachother Thislimit is setto besuchthattheaveragedegreeof avertex is around

20. We now spreadhe matchesalongthe edgesof this graphusingthefollowing expansiorsteps.

Expansionusingimages(Fig. 4.1(a)): This stepis usedatthe startwhenthe matcheshave
notbeen ltered througha geometricconsisteng checksothetestimagecameracannotbe

estimatedeliably. Thisworkssimilarto themodelingcaseandfor eachpreviously matched

19



Input: A modelM andasetof af ne regionsT onthetestimage.
Output: A setS of trustedmatches.
Match the primary patchesn M to theaf ne regionsin T usingSIFT andcolor-histogram
descriptorgo producea setof putatve matchesP.
Run non-linearmatchre nementon the matchesn P andkeeponly thosewith normalized
correlation
Usetheimage-basedxpansionstepto addmatchego P.
repeat
Runthegeometricconsisteng testdescribedn sectiord.2on P andupdateP with theset
of consistentmatches
SetC to theestimateccamera.
Runthecamera-basegkpansiorstepusingthecameraestimateC andaddthenen matches
toP
UseC to projectall theprimarypatchesn M into thetestimageandmatchto nearbyaf ne
regionsdetectedn theimage.Add theobtainedmatchedo P.
until cardinalityof P stopsincreasing

Algorithm 2: Recognitionalgorithm

modelpatchP we calculatethe af ne transformatiorS that mapsits projectionin the left
trainingimageof the stereopair from which it originatesinto thetestimage. Thenwe look
at every unmatchedheighborQ of P thatis part of the samepartial model(andso shares
thesamedeft steredamage)andusesS to predictits locationin thetestimage.This predicted
positionis thenre ned asbeforeandthe matchis acceptedf the correlationis sufciently
large (againcomparedo 0:9). This expansionschemedoesnot allow expandingmatches

from onepartialmodelto another

Expansionusing the camera(Fig. 4.1(b)): This stepis usedafterthe matcheshave been
Itered througha geometricconsisteng checkandthe cameraA associatedvith the test
imagehasbeenestimatedA is usedto projectabase3D patchP (whichis alreadymatched
to a patchp in the testimage)andsomeadjacentpatchQ into the testimage. Let the 2D
projectedpatchesep’andg®respectiely. A correctingaf ne transformation is computed
that alignsthe projectionp® of the base3D matchexactly with its correctlocationp. is

thenappliedto the projection? of the adjacentpatchto obtaina correctedoredictionq of
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Figure4.1: Expansiorduringrecognition.

its position. The predictionis thenre ned asbeforeto maximizethe normalizedcorrela-
tion betweenthe recti ed patchescorrespondingo the matchandacceptecdnly if it has
high correlation(greaterthan0:9). This expansionstepallows for moving smoothlyfrom
onepartial modelto anotherandhenceprovidesan advantageover the pure 2D expansion

techniqueof [3].

Thetwo expansiorstepsalsoallow usto rejectfalsematchesy simply remaoving thosethatdo
not have enoughsupport.More preciselyif the expansionstepfrom a basematchtriesto expand
to a large numberof neighborsandnoneof thesesucceedsn forming an acceptablenatch,the

basematchis removed.

4.2 Geometric ConsistencyTest

A “greedy” RANSAC-like algorithm3 is usedto extracta setof geometricallyconsistenmatches.

The cameraof thetestimageis approximatedy a weak-perspeote camerawith zeroskew and
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Input: A setM of possiblematches.
Output: A setS of trustedmatchesgcameraor thetestimageC
fori=1toN do
Pickamatchm; 2 M atrandom.
Selectthe mostcompatiblematchm?2 M nfm;gtom;.
Initialize S; = fm;; m’g andC; to thecameraestimatedisingS; .
SetMpest 2 M N S; to thematchwith minimumreprojectionerror Eyes; UsingCi
while jSij < K andByest < do
Si ( Si [ fmbestg-
UpdateC; with the cameraestimatedisingS;
SetMmpest 2 M N S; to the matchwith minimumreprojectionerror Eyest UsingC;
endwhile
Add all matchesn 2 M n S; with reprojectiorerrorE, < t0S;.
endfor
SetS to the S; with thelargestcardinality
Estimatethe cameraC for thetestimageusingS.

Algorithm 3: Geometricconsisteng check.

squarepixels. The algorithmstartsby picking a matchm; atrandomandsearcheamongall the
othermatchedor the mostcompatibleone,saym?. Thecompatibilityis checledby rst usingthe
two matchego estimatethe camerafor the testimageandthencomputingthe reprojectionerror
for the two matches.The algorithmthencreatesa setof matchesS; compatiblewith this pair as
follows: S; isinitializedasS; = f m;; m°g. Thealgorithmgreedilyaddsto S; themostcompatible
match(the onewith theleastreprojectiorerror)out of all the matchesiotyetincludedin S;. This
iterative processontinueauntil eitherthesizeof S; exceedK = 10, or thesmallestreprojection
erroritself exceedsathreshold . The estimateof the cameras updatedaftereachadditionto S;
duringtheseiterations. If the sizeof S; reache¥, the currentestimateof the cameras usedto
reprojectthe 3D patchedor all the matchesnto the testimageandthosewith reprojectionerror
lessthan areaddedto S;. The algorithmiteratesa x ed numberof times, eachtime picking
arandommatchm, andcomputingthe setof consistenmatchesS,. Finally the setS with the
largestsizeis choserasthe setof consistenmatches.

The recognitionalgorithm startsby usingthe image-base@xpansionstepto grow the initial

appearanceasedprimary matches.Thenthe geometricconsisteng checkis run to extractcon-
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sistentmatchesandestimatehe camerdor the testimageandmorematchesareaddedusingthe
camerabasedexpansionstep. For extendingmatchego partsof the objectthat are not directly
connectedo theinitial matchesn thetestimage(possiblydueto occlusion)thereconstructedest
cameras usedto projectunmatchegrimary patchedrom the modelinto the testimage. Af ne

regionsdetectedn the testimagecloseto theseprojectedpositionsarethenmatchedo the cor
respondingnodelpatch. Again, if the correlationafterre nementis sufciently high, the match
is acceptedThe geometricconsisteng checkandthe following expansionstepsareiterateduntil

thenumberof matchesloesnotincreaseary more.
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Chapter 5

Results

We have evaluatedthe proposednethodon a datasetonsistingof 9 objectsand80 testimages.
Theobjectmodels,constructedrom 7 to 12 stereoviews each,areshovn in Fig. 5.1. Theobjects
vary from simpleshapege.g.,the saltcontainer}o quite complex ones(e.g.,thetwo dragonsand
thechestbustermodel).

The testimages(shown in Figure 5) containthe objectsin differentorientationsand under
varying amountsof occlusionandclutter The total numberof occurrence®f the objectsin the
testimagedataseis 129 sincesomeimagescontainmorethanoneobject. Figure5.4(a)shawvs
the ROC plot betweenthe true positive (detection)rate andthe falsepositive rate. To asseghe
valueof the expansionstepof our approachwe have simply removedthe secondaryatchesand
the extra primary patchesaddedduring this stageof modelingfrom our models,andusedthese
sparsemodelsfor recognition(this is similar in spirit to the algorithmproposedy Rothgangeet
al. [14], but includesthe expansionstepduring the recognitionphasewhich wasabsenin [14]).
The correspondingecognitionperformancas depictedby the blue ROC curve. Our experiments
clearly demonstratehe bene t of usingdensemodelsasopposedo sparseonesfor our dataset.
We have alsoimplementedecognitionaswide-baselinestereomatchingto assesshe power of
using explicit 3D constraintsas opposedo simple epipolarones. Eachtestimageis matched
to all the 168 training images(both left and right imagesfor eachstereopair) for every object
separatelymaking a total of 168 80 = 13440image pairsto be compared. The maximum
numberof matches<orrespondingo eachobjectis recordedandusedto constructhe ROC curwe.
As expected,our methodclearly outperformshis simple baselineapproach.The detectionrates

for zerofalsepositivesandthe equalerrorratesfor the differentmethodsareshavn in Fig. 5.
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Method DetectionRate(zerofalsepositives) | EqualError Rate
Proposed\pproach 86.8% 89.1%
Primarypatchesonly 69.8% 84.9%
Wide Baseline 58.1% 77.1%

Table5.1: Errorratecomparison.

The proposedapproachalso performswell on the highly complex geometricobjectslik e the
dragonsandthe chestbustermodel. Figure 5.4(b) showns the comparisonof the ROC plots on
the datasetestrictedto only these3 models. The variationin appearancef the featuresdueto
smallviewpoint changess largerfor thesemodelssincethe surfaceof the modelsis not smooth.
Becausehe proposedapproachcombinesthe differentviews of the featurestogether(whenthe
different partial modelsare meged) its performances less severely affected on the restricted
dataset.On the otherhand,the performanceof the wide-baselinematchingschemedropsby a
signi cant amount.

Our currentimplementation®f the modelingandrecognitionsalgorithmsruns quite slowly.
The modelingwas doneon an 3 GHz, Intel Pentium4 machinewith 1 GB of RAM. The con-
structionof the partial modelsfor eachstereopair takesaboutl15 to 20 minutes. Theregistration
of all the partialmodelsinto a full modeltakesapproximatelyanotherl to 2 hours. Most of the
time during modelingprocesss spentin the non-linearmatchre nementprocedure.Therecog-
nition experimentstook varying amountsof time basedon whetherthe objectbeingrecognized
wasactuallyfoundin theimage.In casesvhenveryfew (< 10) matchesverefoundbetweerthe
objectmodelandthetestimagethe programtook lessthan30 minutes.But, in caseswvhenalarge
numberof matchesverefoundthe programcould take aslong as3 hours. Since,it would have
takenaverylongtime to run experimenton a singlemachinethe programwasrun on a clusterof
machinego speeduphe experimentatiorprocess.

Finally, Figures5.3 and5.5 give a qualitative illustration of the performanceof our algorithm
with a gallery of recognitionresultson sometestimageswhich containthe objectsunderheary

occlusionyviewpointandscalevariation,aswell asextensve clutter.
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5.1 Conclusionsand Summary

We have proposedan approachto ef ciently build dense3D euclideanmodelsof objectsfrom
stereaviews andusethemfor recognizingtheseobjectsin clutteredphotographsakenfrom arbi-

trary viewpoints. At this pointtherearemary directionsfor future work.

Extendingthe approactto handlenonrigid deformations
Recognizingbjectsin aclutteredscenausingapair of calibratedstereamagesof thescene.

Collaboratioramongdifferentcamerasooking atthesamescendor recognizingheobjects

in thescene.

Also, it would be desirablego do a comparisorwith the natve implementation®f otherstate-

of-the-artrecognitionmethodssuchasthoseproposedy Ferrarietal. [2], Lowe [8], andRoth-

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

(c) Yogurt(8 pairs) (d) Vase(8 pairs)
(e) Bear(8 pairs) (f) SmallDragon(12 pairs)
(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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ROC Curves (All Models) ROC Curves (Only Complex Models)
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Figure5.4: ComparisorROC plots.

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