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Abstract: This paper presentsa novel representationfor
three-dimensionabbjectsin terms of af ne-invariant im-
age patchesandtheir spatial relationships.Multi-view con-
straintsassociateavith groupsof patchesare combinedwith
a normalizedrepresentationof their appeaanceto guide
matding and reconstruction,allowing the acquisition of
true three-dimensionahf ne and Euclidean modelsfrom
multipleimagesandtheir recaynitionin a singlephotayraph
taken from an arbitrary viewpoint. The proposedapproach
doesnotrequire a sepaate segmentatiorstage andis appli-
cableto cluttered scenes Preliminary modelingand reca-
nition resultsare presented.

1 Intr oduction

This paperaddresseshe problemof recognizingthree-
dimensional (3D) objects in photographs. Traditional
feature-basedeometricapproacheso this problem,for ex-
amplealignmentandinterpretatiortreeg6, 8], enumeratall
triples of imagefeaturesbeforeposeconsisteng constraints
canbeusedto con rm or discardcompetingnatchhypothe-
ses. Appearance-basetgchniquespn the other hand, use
rich local descriptionsof the image brightnesspatternto
selecta relatively small setof promisingpotentialmatches
beforeusinggeometricconsisteng constraintgo retainthe
correctones.However, they normallyeitherrequirestoringa
large numberof views for eachobject(e.g.,[15, 17, 20]), or
limiting therangeof admissibleviewpoints(e.g.,[21, 25)).

Viewpoint invariants(or invariants for short) provide a
natural indexing mechanismfor object recognition tasks.
Unfortunately althoughplanar objectsand certain simple
shaped(e.g., bilaterally symmetricones)admit invariants,
generaBD shapeslo not [2], whichis the mainreasonwhy
invariantshave fallen out of favor afteranintense urry of
actiity in the early 1990s[13, 14]. We proposein this
paperto revisit invariantsas a local objectdescription:In-
deed,althoughsmoothsurfacesare almostnever planarin
the large, they arealwaysplanarin the small—thatis, suf-
ciently small surfacepatchescanalways be thoughtof as
beingcomprisedof coplanarpoints. The surfaceof a solid

canthusberepresentetly acollectionof smallpatchestheir
invariants,anda descriptionof their 3D spatialrelationship.

We proposesuch a surface representatiorin terms of
the af ne-invariantpatchesntroducedby Mikolajczyk and
Schmid[12] and geometricconsisteng constraintsrelated
to the multi-view geometrystudiedin the structure-from-
motion literature[3, 5, 23]. The detectionand represen-
tation of af ne-invariantpatchess discussedn Section2.
We show in Section3 thatit is possibleto exploit the multi-
view geometryof af ne projectionto imposeeffective pose-
consisteng constraint®n matchingpatchegsee10, 19, 22,
24] for relatedwork). Thus, differentviews of the same
scenecan be matchedby checkingwhethergroupsof po-
tential correspondencef®und by correlationare geometri-
cally consistentThis matchingstratey is usedin modeling
tasks,wherematchedoundin pairsof successie (unregis-
tered)imagesof the sameobjectareusedto createa global
3D (afne or Euclidean)modelof this object. We shaw in
Section4 that multi-view consisteng constraintsimposed
on potentialcorrespondencdsetweenthese3D modelsand
imagepatcheganalsobeusedto identify 3D objectsin pho-
tographgaken from arbitraryviewpoints. In practice,mod-
elingis donein controlledsituationswith little or no clutter;
thestrongeiconsisteng constraintassociatedvith 3D mod-
els make up for the presencef signi cant clutterin object
recognitiontasks,avoiding the needfor a separatesegmen-
tation stage.The proposedapproacho 3D objectmodeling
andrecognitionhasbeenimplementedandpreliminary ex-
perimentsarepresentedh Sections. We concludan Section
6 with abrief discussiorof its promiseandlimitations.

2 Afne-In variant Patches

Operatorgapableof nding rotation-[20], scaleq{9, 11]
andaf ne-invariant[1, 12, 18, 24] imagedescriptorsn the
neighborhooaf salientimagefeatureg*interestpoints”[4])
have recentlybeenproposedn the context of wide-baseline
stereomatchingandimageretrieval. In this paper we use
animplementatiorof theaf ne-invariantregion detectorde-
velopedby Mikolajczyk and Schmid[12] for low-level im-



agedescription.In this approachthe dependeng of anim-
agepatchs appearancen af ne transformation®f the im-
ageplaneis eliminatedby an iterative recti cation process
basedon using (a) the second-momentatrix computedn
theneighborhooaf apointto normalizetheshapeof thecor-
respondingmagepatchin anaf ne-invariantmanneryb) the
local extremaof the normalizedLaplacianover scaleto de-
terminethe characteristicscaleof the local brightnesspat-
tern; (c) an af ne-adaptedHarris detectorto determinethe
patchlocation;and(d) imagegradientinformationto elimi-
nateary remainingrotationalambiguity

Theoutputof theinterestpointdetection/recti catiorpro-
cesds asetof imagepatchesn theshapeof parallelograms,
togethemwith thecorrespondingf ne rectifyingtransforma-
tions Thetransformation associateevith eachpatchmaps
thecorrespondingarallelogranontoasquarewith unitedge
half-lengthcenteredat the origin (Figure 1). Therecti ed
patchis a normalizedrepresentatioof the local surfaceap-
pearancethat is invariant under planar af ne transforma-
tions. We will assumédrom now on anaf ne—that is, ortho-
graphic, weak-perspecte, or paraperspecte—projection
model(the full perspectie casewill be brie y discussedn
Section6). Underthis model, our normalizedappearance
representatiofis invariantunderarbitrary changesn view-
point. For Lambertianpatchesand distantlight sourcesit
canalsobe madeinvariantto changesn illumination (ignor-
ing shadavs) by subtractingthe meanpatchintensity from
eachpixel valueandnormalizingthe sumof squarednten-
sity valuesto one(or equivalentlyusingnormalizedcorrela-
tion to comparepatches).
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Figure1: Geometricinterpretationof the recti®cationmatrix
andits inverse .

The rectifying transformationassociatedwvith a planar
patchandits inversecanbe representedby two ma-
trices and thatmaphomogeneougafne) planecoor
dinatesontonon-homogeneousnes.Thesetransformations
will playafundamentafole in therestof this paper For the
time being,let usnotethatthe columnsvectorsof the matrix

admit a simple geometricinterpretation: Sincethey are
respectiely the imagesof the vectors , ,
and underthatmappingthethird column of is
the (non-homogeneougjpordinatevectorof the patchcen-
ter , andits rst two columns and arerespectiely the
(non-homogene) coordinatevectorsof the “horizontal”
and“vertical” vectorgoining to thesidesof thepatch(Fig-
ure1l). Thesetwo vectorscanalsobe interpretedasthe po-

sitions of the points, dubbednormalizedside pointsin the
sequelwherethe“horizontal” and“v ertical” axesof a copy
of theimagepatchplacedat the origin pierceits right and
topside.

In particular(andnotsurprisingly),amatchbetween

imagesof the sameafne invariant patchescontainsex-
actly the sameinformationasa matchbetween triples of
points. It is thus clearthat all the machineryof structure
from motion[3, 5, 23] andposeestimation6, 8] from point
matchesxanbe exploitedin our modelingandobjectrecog-
nition tasks.Reasoningn termsof multi-view constraintas-
sociatedvith thematrix  will providein thispaperauni ed
andcorvenientrepresentatiofor all stage®of bothtasks but
oneshouldalwayskeepin mind the simplegeometricinter-
pretationof the matrix andthe deeplyrootedrelationship
betweentheseconstraintsand thoseusedin motion analy-
sisandposeestimation.We will comebackto this issuein
Sectiond.

3 3D Object Modeling

In this section,we exploit the multi-view geometryof
afne projectionto imposeeffective pose-consisteryccon-
straintson matchingpatches. This allows us to matchdif-
ferentviews of the samesceneby checkingwhethergroups
of potentialcorrespondence®und by correlationare geo-
metrically consistent.Matchesfoundin pairsof successie
(unregistered)magesof the sameobjectare nally stitched
into aglobal 3D (af ne or Euclidean)modelof this object.
3.1 Matching Constraints

Let us assumefor the time being that we are given
patche®bsenedin  imagestogethemith thecorrespond-
ing matrices and de nedasin Section2 for

and ( and servingrespectiely

asimageand patchindices). We usethesetransformations
to derivein this sectiona setof geometricandalgebraiacon-
straintsthatmustbe satis ed by matchingimagepatches.

A recti ed patchcanbethoughtof asa ctitious view of
theoriginal surfacepatch(Figure2), andtheinversemapping

canthusbedecomposeihto aninverseprojection  [3]
thatmapstherecti ed patchontothe correspondingurface
patch followedby aprojection  thatmapsthatpatchonto
its projectioninto imagenumber , i.e., for

and . (Thisis anafne instance

of the characterizatiorof homographiesnducedby planes
givenin Faugerasl.uongandPapadopould3, Prop.5.1].)

In particular we canwrite

andit followsthatthe matrix hasatmostrank4.
We have not taken into account(so far) the form of the
inverseprojectionmatrix. As shavn in the appendix,it can
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Figure 2: Geometricinterpretationof the decompositiorof the
mapping into the productof a projectionmatrix andan
inverseprojectionmatrix

bewrittenas

is a matrix, and it satis es the constraint
, where s thecoordinatevectorof the plane
that containsthe patch. In addition,the columnsof the
matrix ~ admitin our casea geometricinterpretationre-
latedto thatof thematrix ~ : Namely the rst two arethe
(non-homogenea) coordinatevectorsof the “horizontal”
and“vertical” axes of the surface patch,and the third one
is the (non-homogeneougpordinatevectorof its center
(seeappendix).

To accountfor the form of , we constructa reduced
factorizatiomof by picking,asin TomasiandKanadd23],
thecenterof massof theobsenedpatchestentersastheori-
gin of theworld coordinatesystemandthe centerof massof
thesepoints' projectionsasthe origin of every imagecoor
dinatesystem:In this casethe projectionmatricesreduceto

,Where isa matrix,and
It followsthatthereduced matrix

where

where

hasat mostrank 3, a fact that can be usedas a matching
constraintwhen at leasttwo matchesare visible in at least
two views.

Alternatively, singularvalue decompositiorcan be used
asin Tomasiand Kanade[23] to factorize andcompute
estimate®f thematrices and thatminimizethesquared
Frobeniusiormof thematrix . Theresiduaknormal-
ized) Frobeniusform ~ of thismatrixcanbe
interpretedgeometricallyasthe averagedistance(in pixels)
betweerthecenterandnormalizedsidepointsof the patches

obsenedin the image,andthe centerand normalizedside
pointspredictedrom therecoseredmatrices and
3.2 Matching Strategy

Imagematchingrequirestwo key ingredients:(a) a mea-
sure of appearanceimilarity betweentwo imagesof the
samepatch,and(b) a measuref geometricconsisteng be-
tween matches , establishedcross images
(amatchisan -tupleof imagepatches)For theformerwe
usenormalizeccorrelatiorbetweerrecti ed patchesForthe
latter, we usethemethoddescribedn the previoussectionto
estimate(when ) the matrices and , andde-
ne - asameasureof
inconsistencypetweerthe matches.

In our currentimplementation,we only match patches
acrosgairsof imageg ), andfollow a strategyy similar
to thatusedin therangedatadomainby JohnsorandHebert
[7] with spinimages Givenapatchin oneimage,we rst se-
lectits mostpromisingmatchesn thesecondmagebased
on normalizedcorrelationof the recti ed patches.We then
nd groupsof consistentatchessfollows: For eachoneof

the matchesweinitialize thegroup tothatmatch . We
then nd thematch ~ minimizing (naturallyde-
ned as when ). If

,where isapresethresholdweadd to
andcontinue.Thisresultsin theconstructiorof  groups.
Finally, wediscardall groupssmallethansomethreshold .
Theremainingmatchesarejudgedto becorrect.Wethenuse
estimatedprojectionmatricesto predictadditionalmatches.

The implementationof this matchingstratgy is deter
minedby the choiceof thethreethresholds , ,and . In
theexperimentgpresentedn Section5 we have used ,
andonly groupmatcheswith correlationabove 0.9. We de-
terminethe othertwo thresholddrom statisticson the data
itself.

3.3 Constructing an Integrated Model

Thematchingstratgy outlinedin theprevioussectioncan
beusedin modelingtasksto matchsuccessie pairsof views
of the sameobject. The matchingprocesgrovidesasa side
bene t the af ne structureof the scene:Theplanes are
thezeroeigervectorsof thematrices , andthe points
arethethird columnsof thesematrices.

Whensomeof the patchesareonly obsenedin someof
the frames(the usualcase) the datacanbe split into over
lappingblocksof two or moreframes,usingall the patches
visible in all imagesof the sameblock to run the factoriza-
tion techniquethenusingthe pointscommonto overlapping
blocksto registerthe successie reconstructionsn a com-
mon frame. In principle, it is sufcient to have blocksthat
overlap by four points. Onceall blocks are registered,the
initial estimatef thevariables and  arere ned by
minimizing , where denotes
thesetof imageswherepatchnumber is visible. Giventhe
reasonablguesseavailablefrom theinitial registration this



non-linearleast-squaregrocesonly takes(in generalafew
iterationsto corverge.

It is not possibleto go from af ne to Euclideanstructure
andmotionfrom two views only. Whenthreeor moreviews
areavailable,ontheotherhandi,it is a simplematterto com-
putethe correspondindzuclideanweak-perspecte projec-
tion matriceg(assuminghe aspect-ratioareknown) andre-
covertheEuclideanstructure[16, 23].

4 3D Object Recognition

We now assumehatthetechniquedescribedn Section3
hasbeenusedto createa library of 3D objectmodels,and
addresshe problemof identifying instance®f thesemodels
in a testimage. As before,we startby deriving matching
constraintshetweenmodelandimage patcheseforeusing
theseconstraintgo retainor discardgroupsof potentialcor
respondences.
4.1 Matching Constraints

We assumen the restof this sectionthat afne-
invariantpatchedoundin atestimagehave beenputatively
matchedto patchesfrom a single object model, and de-
rive consisteng constraintsthat must be satis ed by these
matches.Let us assumehat we have the recti cation ma-
trices , ,  associatedvith the correspondingatches
in thetestimage. As in Section3, we canalways pick the
centerof massof the patchcentersn thetestimageasthe
origin of its coordinatesystemandchangehe origin of the
world coordinatesystemsothatit coincideswith the center
of massof their matchesn themodel.

With this corvention,the projectionmatrix canbewritten

as andwe canwrite as before .
We have therefore for . Notethat
thevalueof s availablefrom the modelingstagein the

coordinate systemattachedto the model If  denotegshe

(known) positionof the centerof massof thepatchcentersn

theoriginal coordinatesystem|t is easyto seethatthevalue

of inthenew coordinatedframeis obtainedby subtracting
from its old value.We cannow write

where

andtheleast-squaresolutionof this equationis ,
where  denotesthe pseudoinerseof . An appropriate
measureof consisteng in this caseis (similar to the image
matchingcase) ~ thatcanonceagainbein-
terpretedn termsof imagedistancesneasuredh pixels.
4.2 Matching Strategy

Our currentimplementatiorusesheaf ne matchingcon-
straintsderived in Section4.1. Normalizedcorrelationbe-
tweenrecti ed patcheds onceagainusedasa measureof
appearancasimilarity betweenimagepatches. Note that a
representatieimagepatchmustbe choserfor eachpatchin

the model. We pick the patchwith the largestcharacteris-
tic scale.For geometricconsisteng, we usethe methodde-
scribedin the previoussectionto estimatgwhen ) the

matrices  anduse

asameasureof inconsisteng betweerthe matches Except
for theseminor differencesthe matchingstratgy remains
thesameasin themodelingcase.

5 Implementation

We have implementedhe approactproposedn Sections
3 and 4 and presentpreliminary modelingand recognition
experiments. Since both the modelingand matchingcon-
straintsarebasedn theinverserecti cation matrices , it
is importantto estimateghesematricesasaccuratelyaspossi-
ble. Initial estimategprovidedby the af ne-invariantregion
detectorareimprovedasfollows at every stageof the match-
ing/reconstructiorprocess. Assumingthat patchnumber
is seenin views, we canadjustthe inverserecti cation
matrices by maximizingthe averagenormalizedcorrela-
tion betweerthe pairsof (inverselyrecti ed)
imagesof this patch(seeFigure3).

Figure 3: Adjusting the rectifying transformations: Recti®ed
patchesssociatewvith amatchin threeviews before(top) andafter
applyingthere®nemenprocesgbottom).

We have appliedthemodelingapproachdescribedn Sec-
tion 3 to several differentobjects,four of which areshavn
in Figure4. For eachobject,the gure shaovs onesamplen-
put picturefrom the setof input pictures.Eachsetcontains
an averageof 16 input pictures. Below eachinput picture,
the gure shaws a renderingof the Euclideanmodel. The
modelsarerathersparse put one shouldkeepin mind that
they areintendedor objectrecognition notfor image-based
renderingapplications.

Figure 5 shaws the resultsof somerecognitionexperi-
ments.On top arethetestpictures,with recognizechatches
marked. Someof thepicturescontaininstance®f two differ-
entmodels.Below arethemodelsrenderedn theirrecovered
poses.The averagere-projectionerroris smallin all cases,
rangingfrom 2.8 pixelsfor thebearto 0.7 pixelsfor thesalt,
for 2200x1700mages.

6 Discussion

We have proposedn this paperto revisit invariantsasa
local objectdescriptiorthatexploitsthefactthatsmoothsur
facesare always planarin the small. Combiningthis idea
with the af ne-invariantpatcheof Mik olajczykandSchmid



Figure5: Recognitionexperiments.(Top) Testpictures,with recognizecpatchesmarked. (Bottom) Modelsrenderedn their recovered

poses(Left to right) Teddybear vase saltandrubbletogether

Figure4: Objectgallery (Top) Oneof severalinput picturesfor
eachobject. (Bottom) Renderingof eachmodel,not necessarilyn
sameposeasinput picture. (Left to right) Teddybear vase plastic
modelof apile of rubble,Morton Saltcontainer

[12] hasallowedusto constructa normalizedrepresentation
of local surfaceappearancthatcanbeusedto selectpromis-
ing matchesin 3D object modelingand recognitiontasks.
We have usedmulti-view geometricconstraintdo represent
the 3D surfacestructurein the large, retaingroupsof con-
sistentmatchesandrejectincorrectones. We believe that
our preliminaryexperimentsdlemonstratéhe promiseof the
proposedapproach.

The currentimplementationis limited to af ne viewing
conditions.As notedin Section2, a matchbetween
imagesof thesameaf ne invariantpatchess equialentto a
matchbetween triples of points, thusthe machineryde-

velopedin the structurefrom motion [3, 5, 23] and pose
estimation[6, 8] literaturecanin principle be usedto ex-
tend our approachto the perspectie case. Perhapsmore
interestingly it might be possibleto mix local af ne con-
straintswith global perspectie/projectve ones:Indeed,for
patchesvhoserelief is smallcomparedo the distancesepa-
ratingthemfrom the camerathelocal projective distortions
associatedvith the perspectie projectionprocessare nor-
mally negligible, andtherectifying transformationganthus
bemodeledasplanarhomographieghatjust happerto have
anafne form. As shown in [3] for example,planarhomo-
graphiescan also be written as the compositionof a (per
spectve) projectionandaninverseprojection,althoughthis
factorizationis only de ned up to anunknown scalefactor,
preventingthe straightforward useof singularvaluedecom-
positiontechniques. Thusit would be interestingto com-
bine afne and perspectie/projectve matchingconstraints
in modelingandrecognitiontasks(aswasdoneby Tuytelaars
andVanGool[24] in theimagematchingdomain).Another
problemthatwe feel hasnotbeendealtwith in a satishctory
manneris the combinatoricof the matchingprocess:What
is the bestway (or atleasta goodway) to combinemultiple
views of multiple objectswith somepatchesisible in some
imagesbut notin others?Thisremainsanopenquestiorthat
we planto address$n thefuture.
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Appendix: InverseProjection Matrices
Consideraplane with coordinatevector in theworld
coordinatesystem.For ary pointin this planewe canwrite
theafne projectionin someimageplaneas and
. Thesewo equationsieterminghehomogeneous
coordinatevector  up to scale. To completelydetermine
it, we canimposethat its fourth coordinatebe 1, andthe
correspondingquationdecome

where

Not surprisingly is anaf ne transformatiormatrix.
Soisits inverse andif
we canwrite
where
The matrix is theinverseprojectionmatrix [3]

associateavith theplane . Notethat,for any point in the

imageplane,the point

liesin theplane , thus . Sincethis mustbetrue

for all points , we musthave

Thematrix  usedin this paperis simply where

is the matrix associatedvith the projectioninto the
(ctitious) recti ed imageplane. Note that mapsthe
center of patchnumber ontotheorigin of therecti ed
imageplane. It follows thatthe (non-homogeneougpordi-
natevectorof this pointis

or, equivalently that  isthethird columnof thematrix

A similar reasoningshavs that the “horizontal” and “v erti-
cal” axes of the patcharerespectiely the rst andsecond
columnsof
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