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Abstract

We proposea novel appmoac to pointmatdingunderlarge
viewpointand illumination changesthat is suitablefor ac-
curate object poseestimationat a muc lower computa-
tional costthanstate-of-the-artnethods.

Most of thesemethodgely either on usingad hoclocal
descriptos or on estimatinglocal af ne deformations.By
contrast, we treatwide baselinematding of keypointsasa
classi cation problem,in which eadt classcorrespondgo
the setof all possibleviews of sud a point. Givenoneor
mote imagesof a target object,wetrain the systenby syn-
thesizinga large numberof views of individual keypoints
and by using statistical classi cation tools to producea
compactdescriptionof this view set. At run-time we rely
on this descriptionto decideto which class,if any, an ob-
servedfeatuie belongs. This formulationallows us to use
a classi cationmethodto reducematding error rates,and
to move someof the computationaburdenfrom matding
to training, which canbe performedbefoiehand.

In the context of poseestimationwe presentexperimen-
tal resultsfor both planar and non-planarobjectsin the
presencef occlusionsijllumination changes,and cluttered
badkgrounds.We will showthat our methods bothreliable
andsuitablefor initializing real-timeapplications.

1. Intr oduction

While therearemary effective approacheto tracking,they
all requireaninitial poseestimatewhich remainsdif cult
to provide automatically fastandreliably. Among meth-
odsthatcanbeusedfor this purposethosebasedn feature
point matchinghave becomepopularsincethe pioneering
work of Schmidand Mohr [1] becausehis approachap-
pearsto be more robust to scale,viewpoint, illumination
changesand partial occlusionsthan edgeor eigen-image
basedones. Recently impressive wide-baselinenatching
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resultshave beenobtained[2, 3, 4, 5, 6], which malke this
approactevenmoreattractve.

Thesewide baselinematching methods,however, are
typically designedto match two imagesbut not to take
adwantageof the fact that, for pose estimationpurposes,
both a 3D object model and several training imagesmay
be available. In this paper we proposea methodthat al-
lows usto usethis additionalinformationto build compact
descriptorghatallow recognitionof key featurepointsat a
muchreducedcomputationatostat run-time,without loss
of matchingperformancelt alsoallows to relaxthelocally
planarassumptionWe will demonstrat¢his approactboth
on piecavise planarobjects,suchasbooksor boxes, and
non-planaibjectssuchasfaces.

Thekey ingredientof our approachs to treatwide base-
line matchingof featurepointsasa classi cationproblem,
in which eachclasscorrespondgo the setof all possible
views of sucha point. During training, given at leastone
imageof the targetobject,we synthesizea large numberof
views of individual keypoints.If the objectcanbeassumed
to belocally planar this is doneby simply warpingimage
patchesaroundthe pointsunderaf ne or homographiae-
formations. Otherwise,giventhe 3D model,we usestan-
dardComputerGraphicstexture-mappingechniquesThis
secondapproaclis morecomplec but relaxesthe planarity
assumptions.At run-time, we canthen usepowerful and
fastclassi cationtechniquego decideto which view set,
if ary, an obsened featurebelongs,which is as effective
andmuchfasterthanthe usualway of computinglocal de-
scriptorsand comparingtheir responses. Once potential
correspondencedsave beenestablishedetweenthe inter
estpointsof theinputimageandthoselying on the object,
we apply a standardRANSAC-basedmethodto estimate
3D pose.In Figurel, we shav how it canbeusedto initial-
ize a 3D tracker we developedin previouswork [7], andto
re-initializeif it losestrack.

Here, we do not focus on interestpoint extractionand
usethe Harris cornerdetectorfor our experiments. A more
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Figurel: Automatedposeestimationof a box to initialize

a 3D tracker. (a): Oneof thetrainingimages;(b): An in-

put imagein which the box is automaticallydetectedand
its poseestimated;(c) and (d): Featurepointsaretracked
to registerthe camera,evenin caseof partial occlusions;
(e): Thetrackerfails becaus®f acompleteocclusionof the
tracked object, the failure is detectedandthe initialization

procedurds reinvoked:; (f): This procedurerecognizeghe
objectwhenit reappears.

adwanceddetectorsuchas the one describedn [8] could
be usedinstead. It is thereforenotavorthy that we never-
thelessobtain excellentresults,which canbe attributedto
the fact that our methodtoleratesimprecisionin point lo-
calization. In short,this paperintroducesa novel approach
to pointmatchingthatgoesalongwaytowardsreducingthe
computationaburden thusmakingit suitablefor fastobject
recognitionunderviewpointandillumination changes.

In the remainderof the paper we rst discussrelated
work. We introduceour approachn Section3 andpresent
our resultsin Section4. We concludewith our plansfor
futurework.

2. RelatedWork

In theareaof automate®D objectdetectionwe candistin-
guishbetweeri'Global” and“Local” approaches.

Global onesuse statistical classi cation techniquesto
comparean input imageto several training imagesof an
objectof interestand decidewhetheror not it appearsn
this inputimage. The methodsusedrangefrom relatively

simplemethodssuchasPrincipal ComponenfAnalysisand
NearestNeighbor search[9] to more sophisticatedones
suchas AdaBoostand classi ers cascadeo achieve real-
time detectionof humanfacesat varyingscaleq10]. Such
approachedhowever, arenot particularlygoodat handling
occlusionsclutteredbackgroundsor the factthatthe pose
of the target objectmay be very differentfrom the onesin

thetraining set. Furthermoretheseglobal methodscannot
provide accurate8D poseestimation.

By contrast,local approachesise simple 2D features
suchas cornersor edges[11], which makes them resis-
tantto partialocclusionsandclutteredbackgroundsEvenif
somefeaturesaremissing theobjectcanstill bedetecteds
long asenoughare found and matched.Spuriousmatches
can be removed by enforcinggeometricconstraints,such
as epipolarconstraintsbetweendifferentviews or full 3D
constraintsf anobjectmodelis available[12].

Forlocalapproacheto beeffective, featurepointextrac-
tion andcharacterizatioshouldbeinsensitve to viewpoint
andilluminationchangesScale-ivariantfeatureextraction
canbeachievedby usingthe Harrisdetecto{13] at several
Gaussiarderivative scales,or by consideringlocal optima
of pyramidal difference-of-Gaussiariters in scale-space
[8]. Mikolajczycketal. [4] have alsode ned anafne in-
variantpoint detectorto handlelarger viewpoint changes,
that have beenusedfor 3D objectrecognition[14], but it
relieson aniterative estimationthat would be too slow for
Our purposes.

Giventheextractedfeaturepoints,variouslocal descrip-
tors have beenproposed: Schmidand Mohr [1] compute
rotationinvariantdescriptorsasfunctionsof relatively high
orderimage derivatives to achieve orientationinvariance.
Baumbeg [3] usesa variantof the FourierMellin transfor
mationto achieserotationinvariance He alsogivesanalgo-
rithm to remove stretchandskew andobtainanaf ne invari-
antcharacterizationAllezard et al. [12] representhe key
pointneighborhoodby ahierarchicasamplingandrotation
invarianceas obtainedoy startingthe circularsamplingwith
respecto thegradientdirection. Tuytelaarsandal. [2] t an
ellipseto thetexturearoundiocaliintensityextremaanduse
the GeneralizedColor Moments[15] to obtain correspon-
dencegemarkablyrobustto viewpoint changes.Lowe [6]
introducesa descriptorcalledSIFT basedon several orien-
tationhistogramsthatis notfully af ne invariantbut toler-
atessigni cant local deformations.This lastdescriptorhas
beenshavnin [16] to be oneof the mostef cient, whichis
why we compareour resultsagainstt in the Sectiord.

In short,local approachebave beenshavn to work well
on highly texturedobjects to handlepartialocclusionsand
to tolerateerrorsin the correspondencesdowever, evenif
they canbe usedfor objectdetectionand poseestimation,
they rely on relatively expensve point matchingbetweera
sampleand an input image. By contrast,our approachis



gearedowardsshifting muchof the computationaburden
to atraining phaseduringwhich we build descriptordrom
the setof sampleimagesand,asa result,reducingthe cost
of online matchingwhile increasingts robustness.

3. Feature Point Matching asa Classi-
cation Problem

3.1 Approach

Matching interestpoints found in an input image against
featurepointson atargetobject canbe naturallyformu-
latedasa classi cation problemasfollows. During train-
ing, we constructa set of  prominentfeaturepoints
lying on . Givenaninput patch , the spaceof all
imagepatchesf a given size,we wantto decidewhether
or notit canbe animageof oneof the interestpoints.
In other words, we want to assignto  a classlabel in

, wherethe  label de-
notesall the pointsthat do not belongto the object— the
background. cannotbedirectly obsened,but ourgoalis
to constructa classi er suchas is
small.

In other recognitionstasks, such as face or character
recognition,large training setsof labeleddataare usually
available.However, for automategboseestimationijt would
be impracticalto requirevery large numberof sampleim-
ages. Instead,to achieve robustnesswith respectto pose
andcomple illumination changesye usea smallnumber
of imagesand synthesizemary new views of the feature
pointsin usingsimplerenderingechniquedgo train our
classier.

For eachfeaturepoint, this constitutesa samplingof its
view set thatis the setof all its possibleappearancesn-
derdifferentviewing conditions.We canthenusestatistical
classi cation techniquego describethem compactlyand,

nally , usethesedescriptordo performthe actualclassi -
cationat run-time. This givesus a setof matcheghatlets
usto estimatethe pose.

3.2 CreatingView Sets

Constructinghe viewsetof pointsis relatively simple,and
we focus hereon someof the implementationdetailsthat
ensureinvarianceto illumination changesandalso robust-
nesgo pointlocalizationerrorthatcanoccurwhile extract-
ing the featurepoints.

3.2.1 Construction Under Local Planarity Assump-
tions

For a given point in the training image, if the surfacecan
beassumedo belocally planar anew view of its neighbor
hoodcanbe synthesizedy warpingusingan af ne trans-
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Figure2: The patcharounda keypointdetectedn thetrain-
ing imageof abookcover, andtwo patchesynthesizedis-
ing randomaf ne transformations.

formation,thatapproximatesheactualhomography:

1)

where arethe coordinatef the keypoint detectedn
thetrainingimage, arethecoordinate®f the patchcen-
ter, and thenew coordinate®f thewarpedpoint . The
matrix canbedecomposeds: , Where
and  aretwo rotationmatricesrespectiely parame-
terizedby the angles and , and diag is a
scalingmatrix; is a 2D translationvector[17].
The view setis createdby generatingthe views cor
respondingto a regular sampling of the spaceof the
parameters.As discussedoelown, we
usenonnull valuesof to handlepossibldocalizationerror
of thekeypoints.

3.2.2 RobustnessTo Localization Err or

Whenakeypointis detectedn two differentimagesits pre-
ciselocationmay shift a bit dueto imagenoiseor viewpoint
changesln practice,sucha positionalshift resultsin large
errorsof directcross-correlatiomeasuresOnesolutionis
to iteratively re ne the pointlocalization[4]. Thekeypoint
descriptorin [8] handlesthis problemby carefully assur
ing thata gradientvectorcontributesto the samelocal his-
togramevenin caseof smallpositionalshifts.

In our case we simply allow the translationvector of
theafne transformatiorof Equationl to vary in therange
of few pixels whengeneratinghe view sets. Thesesmall
shift correspond#o thenoisethatarisesn cornerdetection.

3.2.3 InvarianceTo lllumination Changes

Handlingillumination changesanbe doneby normalizing
the views intensities. After experimentingwith mary nor-

malizationtechniqueswe concludedhatscalingthe views

intensitiessothatall the views have the sameminimumand
maximum intensity valuesis both cheapand effective as
shavn in Figure 2: This hasthe advantageof emphazing
theview contrast.Becausedhe normalizationis performed
independenthypn eachkeypointat run-time,it handlescor-

rectly complex illumination changes.



Figure3: Threesyntheticviews of ahumanface,generated
from the original imageon the top left. The patchesex-
tractedfrom theseimagesto build a viewsetof a keypoint
onthenosearerepresented.

Figure4: Usingtwo differenttraining imagesto build the
viewsetof the samekeypoint.

3.2.4 Relaxingthe Planarity Assumptions

In our target applicationssuchas initialization of model-
based3D tracking, an object modelis available. It may
be a preciseone, asin the caseof the box of Figure1l, or
a genericoneasin the caseof facesthat we useto illus-
trateour technique.Sucha modelis very usefulto capture
comple appearancehangesdueto changesn poseof a
noncornvex 3D object,includingocclusionsandnon-afne
warping. For example,asshavn in Figure 3, we generate
several views of a keypoint on theleft side of the noseby
texture mappingthefacein severalpositions.

This approachalso lets us memge the information from
several training imagesin a naturalway: The generated
viewsetscansimply be combinedwhenthey correspondo
thesame3D pointasdepictedn Figure4.

3.3 Classi®cation

The classi er must be carefully designedfor our prob-
lem. Evenif we eventuallyusea robustestimatorsuchas
RANSAC to eliminate outliers, the mis-classi cationrate

shouldbelow. A highratewould slow down the robustes-
timator and the advantageof our fastmatchingprocedure
would belost.

The classi er shouldalsobe ableto retrieve a sufcient
numberof pointsto estimatethe objectposeevenin pres-
enceof partial occlusion. On the other hand, not all the
keypointsdetectedluringthetrainingstagehave to becon-
sidered:If somekeypointsappeamot to be characteristic
enoughto be matchedeliably, it is betterto ignorethemto
reducetherisk of mis-classi cation.

Classi cationshouldalsobe performedsufciently fast
for interactve applications. To achieve all theserequire-
ments we performthis taskasfollows.

First, the viewsetsare computedfor object points de-
tectedin oneor moretrainingimages.Optionnaly we can
createa backgroundtlassby taking patchesaroundpoints
detectedn imagesof typical background.This stepis not
necessarput helpsto dealwith clutteredbackground.

To reducethe dimensionality we perform a Principal
ComponenAnalysisonthesetof patchesThisis followed
by K-mean estimationon eachviewset independentlyto
handleits potentiallycomplex shapewhile compactinghe
viewsetrepresentationln practice,we compute20 means
perviewset.

Thentheclassi er canattribute a classto aninput patch
by a NearesNeighborsearchthroughthe setof meansand
backgroundpoints. The keypoints mostlikely to leadto
mis-classi cationcanbefoundduringtraining, by estimat-
ing from thetraining set. Whenit is above a
giventhreshold(say10%)for aclassthis classis removed
from the classset . This way, we keepthe morecharac-
teristicobjectpoints.

Finally we build anef cient datastructureg[9] to perform
anefcient runtime NearestNeighborsearchin the eigen
spacecomputediy the PCA.

3.4 Why Our Approachls Fast

First,ourmethoddoesnotinvolve ary time consumingpre-
treatmentsuch as orientationor af ne transformationex-
traction. It is madepossibleby matchingthe input points
againsthecompactepresentationf theviewsetsthatcon-
tainthe possibleviews undersuchtransformations.

Next theeigenspaceallowsto reducethedimensionality
of eachinput patch with negligible lossof information: The
eigenimagescomputedby the PCA canbe seenasa lIter
banklike in previous methodsput they arespecializedor
theobjectto detect sincethey aredirectly computednthe
trainingset.

Finally, the PCA lets usto build an ef cient datastruc-
ture for fastNearestNeighborsearchat run-time, sinceit
sortsdimensionsy orderof importance.
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Figure 5: Detectinga sail. (a) The model usedto detect
the sail. (b andc) Two framesfrom a 4000 frame video
acquiredusing a homecamcorderduring a regatta. Even
thoughthe camergerks,thezoomchangesndthelighting

conditionsare poor, the sail is detectedn all frames,such
asthoseshowvn above, wherea sufcient portionof the sail

is seen.

4. Results

4.1 Experimentson a Planar object

Figure 6 depictsa rst setof experimentson a planarob-
ject. About 200 key pointshave beendetectedn thetrain-
ing image using the Harris detector For eachwe con-
structeda viewsetmadeof 100 samplessynthesizedrom
randomaf ne transformationsvith degrees,
degrees, , pix-
els. The original size of the patchess pixels, it
is thendivided by two to reducethe computationcost. We
keptthe rst 20dimensiongyivenby the PCA. 1000feature
pointshave beendetectedn theinputimagesandmatched
againsthelearnedfeatureswhich letsusrobustly estimate
an homographybetweenthe two sets. The input images
presenperspectie,intensity scaleandorientationchanges,
andtheobjectposeis neverthelesgorrectlyrecosered.The
wholeprocesgsakesabout200millisecondsona2GHz PC.
We comparedour resultswith thoseobtainedusingthe
executablghatimplementghe SIFT method[6] andkindly
provided by David Lowe. Our methodusually givesa lit-
tle fewer matchesandhasalittle higheroutlier rate (about
10% of about5%). Nevertheless,it is largely enough
to accuratelyestimatethe object poseafter a few tensof
RANSAC samplesandit runsfaster: About 0.2 seconds
for our non-optimizedexecutableagainstl secondfor the
Lowe executableon the samemachine.

4.2 Detectinga Sail

We appliedour methodfor the detectionof a sail over a
4000thousandrame video taken with a homecamcorder
duringa regatta. Despitethe badconditions:the sail is not
well texturedasit is shavn Figure5, it movesin and out
of the eld of view, the cameramotionsarevery jerky and
theillumination changesll thetime, the sail is detectedn
all framessuchasthoseshovn Figure5, wherea suf cient
portionof thesailis seen.

4.3 3D Object PoseEstimation

In the caseof a 3D object,the full poseis recoseredfrom
thematchesusingthe POSITalgorithm[18] in tandemwith
RANSAC.

A SimpleBox Themethodsuccessfullyecorersthepose
of a textured box disposedin almostary position, using
aroundsix very differentviews for training (Figure1). In

practice the poseis recoveredin lessthana second.

A Human Face We appliedthesamemethodto a human
face,usingthe 3 trainingimagesof rst row of Figure7 and
a generic3D facemodel. The training imageshave been
registeredby hand, by moving the 3D modelto the right
location.Evenif the3D modelis farfrom perfect— it does
nothave glasseandits shapedoesnot matchexactly— we
areableto recoverthe poseof a speci ¢ humanfaceunder
bothilluminationchangesndpartialocclusionsasdepicted
by Figure?.

Working onfacesis muchharderthanon a texturedbox
becausdacesprovide far fewer featurepointsandtheir 3D
natureproducescomplex appearancehanges. Neverthe-
less,only threetrainingimageswhereis enoughto recover
the posesshownn in Figure7. The processds robustenough
to supportsomeocclusionandstill work if the subjectre-
movesits glasseslt takesaroundonesecond.

5. Conclusionand Perspectves

We proposedanapproacho point matchingfor objectpose
estimationbasedon classi cation. It runsto be fasterthan
previousmethodsn theplanarcase and,unlikethesemeth-
ods,still worksfor the non-planarcase.

Our approachis alsovery generalandlets us relax the
locally planarassumptionln fact,it hasthepotentialto rec-
ognizecomplex shapedexturedobjects,underlarge view-
point andillumination changesvenwith speculamateri-
als, assumingwe cangeneratamagesof the objectunder
suchchangesThisis arealisticassumptiorsincethereare
mary ComputerGraphicsmethodsdesignedfor this pur-
pose which opensnew avenuef research.

We expect that allowing more complex appearance
changeshantheoneswe have beendealingwith sofarwill
resultin the view-setsbecomingmoredif cult to separate.
In patternrecognitionit is commonto addressariability by
normalization.Similarly, our approactcantake advantage
of ascale-spacbasedoointdetectorto dealwith moresig-
ni cant scalechangeswithoutin uencing thewithin class
variation. Additional partialinvariancecanbeintroduceby
removing therotationin themannerof Lowe couldalsofa-
cilitate the classi cation. Whetheror not this is warranted
dependson nding the optimal compromisebetweenthe
computatiortime of partialinvarianceandthegainin clas-
si cation computatiortime.



Figure6: ComparisorbetweenSIFT method(left image)andours(right) for a planarobject. Our methodusuallygivesa
little lessmatchesandhasallittle higheroutlier rate. Neverthelessit is largely enoughto accuratelyestimatehe objectpose
afterafew tensof RANSAC sampleswith alower computatiorcostthanSIFT method.

We alsointendto replacethe simpleclassi cationmeth-
odswe have describechereby moresophisticateadnethat
candealwith thefactsthateachclasscanexhibit hugevari-
ability and thus requiresa large numberof samplesand
interest points can belong to several classesor to none
at all. We will thereforeinvestigatethe use of decision
trees[19, 20, 21], which we believe to be mostsuitablefor
our speci ¢ problembecausehey naturally handlemulti-
classclassi cation,canbe enhancedby usingpowerful sta-
tistical methodssuchasbagging[22] andboosting[23, 24].
Thesemethodsarevery fast,andachieve very goodrecog-
nition rate,usuallymorethan90%. Thus, we believe that
ourapproachs animportantsteptowardmuchbetterobject
recognitionand detectionmethodsand opensgood possi-
bilities for futureresearch.
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