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Abstract

Weproposea novelapproach to pointmatchingunderlarge
viewpointand illumination changesthat is suitablefor ac-
curate object poseestimationat a much lower computa-
tional costthanstate-of-the-artmethods.

Mostof thesemethodsrely eitheron usingadhoc local
descriptors or on estimatinglocal af�ne deformations.By
contrast,wetreatwidebaselinematching of keypointsasa
classi�cation problem,in which each classcorrespondsto
thesetof all possibleviews of such a point. Givenoneor
more imagesof a target object,wetrain thesystemby 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-
servedfeature belongs.This formulationallows us to use
a classi�cationmethodto reducematchingerror rates,and
to move someof the computationalburdenfrom matching
to training, which canbeperformedbeforehand.

In thecontext of poseestimation,wepresentexperimen-
tal resultsfor both planar and non-planarobjectsin the
presenceof occlusions,illuminationchanges,andcluttered
backgrounds.Wewill showthatour methodis bothreliable
andsuitablefor initializing real-timeapplications.

1. Intr oduction
While therearemany effectiveapproachesto tracking,they
all requirean initial poseestimate,which remainsdif�cult
to provide automatically, fastand reliably. Among meth-
odsthatcanbeusedfor thispurpose,thosebasedonfeature
point matchinghave becomepopularsincethe pioneering
work of Schmidand Mohr [1] becausethis approachap-
pearsto be more robust to scale,viewpoint, illumination
changesand partial occlusionsthan edgeor eigen-image
basedones. Recently, impressive wide-baselinematching
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resultshave beenobtained[2, 3, 4, 5, 6], which make this
approachevenmoreattractive.

Thesewide baselinematchingmethods,however, are
typically designedto match two imagesbut not to take
advantageof the fact that, for poseestimationpurposes,
both a 3D object model and several training imagesmay
be available. In this paper, we proposea methodthat al-
lows usto usethis additionalinformationto build compact
descriptorsthatallow recognitionof key featurepointsat a
muchreducedcomputationalcostat run-time,without loss
of matchingperformance.It alsoallows to relaxthelocally
planarassumption.We will demonstratethisapproachboth
on piecewise planarobjects,suchasbooksor boxes,and
non-planarobjectssuchasfaces.

Thekey ingredientof ourapproachis to treatwidebase-
line matchingof featurepointsasa classi�cationproblem,
in which eachclasscorrespondsto the setof all possible
views of sucha point. During training, given at leastone
imageof thetargetobject,we synthesizea largenumberof
viewsof individualkeypoints.If theobjectcanbeassumed
to be locally planar, this is doneby simply warpingimage
patchesaroundthepointsunderaf�ne or homographicde-
formations. Otherwise,given the 3D model,we usestan-
dardComputerGraphicstexture-mappingtechniques.This
secondapproachis morecomplex but relaxestheplanarity
assumptions.At run-time,we can thenusepowerful and
fast classi�cation techniquesto decideto which view set,
if any, an observed featurebelongs,which is as effective
andmuchfasterthantheusualway of computinglocal de-
scriptorsand comparingtheir responses.Once potential
correspondenceshave beenestablishedbetweenthe inter-
estpointsof theinput imageandthoselying on theobject,
we apply a standardRANSAC-basedmethodto estimate
3D pose.In Figure1, weshow how it canbeusedto initial-
ize a 3D tracker we developedin previouswork [7], andto
re-initializeif it losestrack.

Here, we do not focuson interestpoint extractionand
usetheHarriscornerdetectorfor our experiments.A more

1



a. b.

c. d.

e. f.

Figure1: Automatedposeestimationof a box to initialize
a 3D tracker. (a): Oneof the training images;(b): An in-
put imagein which the box is automaticallydetectedand
its poseestimated;(c) and(d): Featurepointsare tracked
to register the camera,even in caseof partial occlusions;
(e): Thetrackerfailsbecauseof acompleteocclusionof the
trackedobject,the failure is detectedandthe initialization
procedureis reinvoked; (f): This procedurerecognizesthe
objectwhenit reappears.

advanceddetectorsuchas the one describedin [8] could
be usedinstead. It is thereforenoteworthy that we never-
thelessobtainexcellentresults,which canbe attributedto
the fact that our methodtoleratesimprecisionin point lo-
calization.In short,this paperintroducesa novel approach
to pointmatchingthatgoesalongwaytowardsreducingthe
computationalburden,thusmakingit suitablefor fastobject
recognitionunderviewpointandilluminationchanges.

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

2. RelatedWork
In theareaof automated3D objectdetection,wecandistin-
guishbetween“Global” and“Local” approaches.

Global onesuse statisticalclassi�cation techniquesto
comparean input imageto several training imagesof an
objectof interestanddecidewhetheror not it appearsin
this input image. The methodsusedrangefrom relatively

simplemethodssuchasPrincipalComponentAnalysisand
NearestNeighbor search[9] to more sophisticatedones
suchas AdaBoostand classi�ers cascadeto achieve real-
time detectionof humanfacesat varyingscales[10]. Such
approaches,however, arenot particularlygoodat handling
occlusions,clutteredbackgrounds,or thefact that thepose
of the targetobjectmay bevery differentfrom theonesin
thetrainingset. Furthermore,theseglobalmethodscannot
provideaccurate3D poseestimation.

By contrast,local approachesuse simple 2D features
such as cornersor edges[11], which makes them resis-
tantto partialocclusionsandclutteredbackgrounds:Evenif
somefeaturesaremissing,theobjectcanstill bedetectedas
long asenougharefound andmatched.Spuriousmatches
can be removed by enforcinggeometricconstraints,such
asepipolarconstraintsbetweendifferentviews or full 3D
constraintsif anobjectmodelis available[12].

For localapproachesto beeffective,featurepointextrac-
tion andcharacterizationshouldbeinsensitive to viewpoint
andilluminationchanges.Scale-invariantfeatureextraction
canbeachievedby usingtheHarrisdetector[13] at several
Gaussianderivative scales,or by consideringlocal optima
of pyramidal difference-of-Gaussian�lters in scale-space
[8]. Mikolajczycket al. [4] have alsode�ned anaf�ne in-
variantpoint detectorto handlelarger viewpoint changes,
that have beenusedfor 3D object recognition[14], but it
relieson an iterative estimationthatwould be too slow for
ourpurposes.

Giventheextractedfeaturepoints,variouslocaldescrip-
tors have beenproposed:Schmidand Mohr [1] compute
rotationinvariantdescriptorsasfunctionsof relatively high
order imagederivatives to achieve orientationinvariance.
Baumberg [3] usesa variantof theFourier-Mellin transfor-
mationto achieverotationinvariance.Healsogivesanalgo-
rithm to removestretchandskew andobtainanaf�ne invari-
antcharacterization.Allezardet al. [12] representthekey
pointneighborhoodby ahierarchicalsampling,androtation
invarianceis obtainedby startingthecircularsamplingwith
respectto thegradientdirection.Tuytelaarsandal. [2] �t an
ellipseto thetexturearoundlocal intensityextremaanduse
the GeneralizedColor Moments[15] to obtaincorrespon-
dencesremarkablyrobust to viewpoint changes.Lowe [6]
introducesa descriptorcalledSIFT basedon severalorien-
tationhistograms,thatis not fully af�ne invariantbut toler-
atessigni�cant local deformations.This lastdescriptorhas
beenshown in [16] to beoneof themostef�cient, which is
why we compareour resultsagainstit in theSection4.

In short,localapproacheshavebeenshown to work well
onhighly texturedobjects,to handlepartialocclusions,and
to tolerateerrorsin thecorrespondences.However, evenif
they canbe usedfor objectdetectionandposeestimation,
they rely on relatively expensivepoint matchingbetweena
sampleandan input image. By contrast,our approachis
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gearedtowardsshifting muchof thecomputationalburden
to a trainingphaseduringwhich we build descriptorsfrom
thesetof sampleimagesand,asa result,reducingthecost
of onlinematchingwhile increasingits robustness.

3. Feature Point Matching asa Classi-
�cation Problem

3.1. Approach
Matching interestpoints found in an input imageagainst
featurepointson a targetobject � canbenaturallyformu-
latedasa classi�cationproblemasfollows. During train-
ing, we constructa set ��� of � prominentfeaturepoints
lying on � . Givenan input patch 	�

� , thespaceof all
imagepatchesof a given size,we want to decidewhether
or not it canbe an imageof oneof the � interestpoints.
In other words, we want to assignto 	 a classlabel in

���

	���
������������ ���"!#�%$ $%$&�'�)( , wherethe ��� label de-
notesall thepointsthatdo not belongto the object— the
background.

�

cannotbedirectly observed,but our goal is
to constructa classi�er *

�,+

�.-/� suchas 0

�1�32
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�

� is
small.

In other recognitionstasks,such as face or character
recognition,large training setsof labeleddataareusually
available.However, for automatedposeestimation,it would
be impracticalto requirevery largenumberof sampleim-
ages. Instead,to achieve robustnesswith respectto pose
andcomplex illumination changes,we usea smallnumber
of imagesand synthesizemany new views of the feature
pointsin �

� usingsimplerenderingtechniquesto trainour
classi�er.

For eachfeaturepoint, this constitutesa samplingof its
view set, that is the setof all its possibleappearancesun-
derdifferentviewing conditions.Wecanthenusestatistical
classi�cation techniquesto describethem compactlyand,
�nally , usethesedescriptorsto performtheactualclassi�-
cationat run-time. This givesusa setof matchesthat lets
usto estimatethepose.

3.2. CreatingView Sets
Constructingtheviewsetof pointsis relatively simple,and
we focushereon someof the implementationdetailsthat
ensureinvarianceto illumination changesandalsorobust-
nessto point localizationerrorthatcanoccurwhile extract-
ing thefeaturepoints.

3.2.1 Construction Under Local Planarity Assump-
tions

For a given point in the training image,if the surfacecan
beassumedto belocally planar, anew view of its neighbor-
hoodcanbe synthesizedby warpingusingan af�ne trans-

Figure2: Thepatcharoundakeypointdetectedin thetrain-
ing imageof a bookcover, andtwo patchessynthesizedus-
ing randomaf�ne transformations.

formation,thatapproximatestheactualhomography:
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are the coordinatesof the keypoint detectedin
thetrainingimage,
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The view set is createdby generatingthe views cor-
respondingto a regular sampling of the spaceof the
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� parameters.As discussedbelow, we
usenonnull valuesof @ to handlepossiblelocalizationerror
of thekeypoints.

3.2.2 RobustnessTo Localization Err or

Whenakeypointis detectedin two differentimages,its pre-
ciselocationmayshift abit dueto imagenoiseor viewpoint
changes.In practice,sucha positionalshift resultsin large
errorsof directcross-correlationmeasures.Onesolutionis
to iteratively re�ne thepoint localization[4]. Thekeypoint
descriptorin [8] handlesthis problemby carefully assur-
ing thata gradientvectorcontributesto thesamelocal his-
togramevenin caseof smallpositionalshifts.

In our case,we simply allow the translationvector @ of
theaf�ne transformationof Equation1 to vary in therange
of few pixels whengeneratingthe view sets. Thesesmall
shift correspondsto thenoisethatarisesin cornerdetection.

3.2.3 InvarianceTo Illumination Changes

Handlingilluminationchangescanbedoneby normalizing
theviews intensities.After experimentingwith many nor-
malizationtechniques,we concludedthatscalingtheviews
intensitiessothatall theviewshavethesameminimumand
maximumintensity valuesis both cheapand effective as
shown in Figure2: This hasthe advantageof emphazing
theview contrast.Becausethenormalizationis performed
independentlyon eachkeypoint at run-time,it handlescor-
rectly complex illuminationchanges.
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Figure3: Threesyntheticviewsof ahumanface,generated
from the original imageon the top left. The patchesex-
tractedfrom theseimagesto build a viewsetof a keypoint
on thenosearerepresented.

Figure4: Using two differenttraining imagesto build the
viewsetof thesamekeypoint.

3.2.4 Relaxing the Planarity Assumptions

In our target applicationssuchas initialization of model-
based3D tracking, an object model is available. It may
be a preciseone,asin the caseof the box of Figure1, or
a genericoneas in the caseof facesthat we useto illus-
trateour technique.Sucha modelis very usefulto capture
complex appearancechangesdue to changesin poseof a
nonconvex 3D object,includingocclusionsandnon-af�ne
warping. For example,asshown in Figure3, we generate
several views of a keypoint on the left sideof the noseby
texturemappingthefacein severalpositions.

This approachalso lets us merge the information from
several training imagesin a natural way: The generated
viewsetscansimply becombinedwhenthey correspondto
thesame3D point asdepictedin Figure4.

3.3. Classi®cation
The classi�er must be carefully designedfor our prob-
lem. Even if we eventuallyusea robustestimatorsuchas
RANSAC to eliminateoutliers, the mis-classi�cationrate

shouldbelow. A high ratewould slow down therobustes-
timator and the advantageof our fastmatchingprocedure
wouldbelost.

Theclassi�er shouldalsobeableto retrieve a suf�cient
numberof pointsto estimatethe objectposeeven in pres-
enceof partial occlusion. On the other hand,not all the
keypointsdetectedduringthetrainingstagehaveto becon-
sidered:If somekeypointsappearnot to be characteristic
enoughto bematchedreliably, it is betterto ignorethemto
reducetherisk of mis-classi�cation.

Classi�cationshouldalsobeperformedsuf�ciently fast
for interactive applications. To achieve all theserequire-
ments,weperformthis taskasfollows.

First, the viewsetsare computedfor object points de-
tectedin oneor moretraining images.Optionnaly, we can
createa backgroundclassby takingpatchesaroundpoints
detectedin imagesof typical background.This stepis not
necessarybut helpsto dealwith clutteredbackground.

To reducethe dimensionality, we perform a Principal
ComponentAnalysisonthesetof patches.This is followed
by K-mean estimationon eachviewset independentlyto
handleits potentiallycomplex shapewhile compactingthe
viewsetrepresentation.In practice,we compute20 means
perviewset.

Thentheclassi�er canattributea classto aninput patch
by a NearestNeighborsearchthroughthesetof meansand
backgroundpoints. The keypoints most likely to lead to
mis-classi�cationcanbefoundduringtraining,by estimat-
ing ced1fhg

ikj

fml\n o from thetrainingset.Whenit is abovea
giventhreshold(say10%)for a class,this classis removed
from theclassset p . This way, we keepthemorecharac-
teristicobjectpoints.

Finally webuild anef�cient datastructure[9] to perform
an ef�cient run time NearestNeighborsearchin the eigen
spacecomputedby thePCA.

3.4. Why Our ApproachIs Fast

First,ourmethoddoesnot involveany timeconsumingpre-
treatmentsuchas orientationor af�ne transformationex-
traction. It is madepossibleby matchingthe input points
againstthecompactrepresentationof theviewsets,thatcon-
tain thepossibleviewsundersuchtransformations.

Next theeigenspaceallowsto reducethedimensionality
of eachinputpatch,with negligible lossof information:The
eigenimagescomputedby thePCA canbe seenasa �lter
banklike in previousmethods,but they arespecializedfor
theobjectto detect,sincethey aredirectlycomputedon the
trainingset.

Finally, thePCA lets us to build an ef�cient datastruc-
ture for fastNearestNeighborsearchat run-time,sinceit
sortsdimensionsby orderof importance.
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(a) (b) (c)

Figure5: Detectinga sail. (a) The model usedto detect
the sail. (b and c) Two framesfrom a 4000 frame video
acquiredusinga homecamcorderduring a regatta. Even
thoughthecamerajerks,thezoomchangesandthelighting
conditionsarepoor, thesail is detectedin all frames,such
asthoseshown above,wherea suf�cient portionof thesail
is seen.

4. Results
4.1. Experimentson a Planar object
Figure6 depictsa �rst setof experimentson a planarob-
ject. About 200key pointshave beendetectedin thetrain-
ing image using the Harris detector. For eachwe con-
structeda viewsetmadeof 100 samples,synthesizedfrom
randomaf�ne transformationswith q�rAd^s�tvubwTtvuxo degrees,

y

rzd\s|{~}�uVw {%}�u�o degrees,•Arzd6uV€ •‚w {�€ ƒxo , „Xr…d^s�†#wT†�o pix-
els. The original sizeof the patchesis ‡�†‰ˆA‡�† pixels, it
is thendividedby two to reducethecomputationcost. We
keptthe�rst 20dimensionsgivenby thePCA.1000feature
pointshavebeendetectedin theinput images,andmatched
againstthelearnedfeatures,which letsusrobustlyestimate
an homographybetweenthe two sets. The input images
presentperspective,intensity, scaleandorientationchanges,
andtheobjectposeis neverthelesscorrectlyrecovered.The
wholeprocesstakesabout200millisecondsona2GHzPC.

We comparedour resultswith thoseobtainedusingthe
executablethatimplementstheSIFTmethod[6] andkindly
providedby David Lowe. Our methodusuallygivesa lit-
tle fewer matches,andhasa little higheroutlier rate(about
10% of about 5%). Nevertheless,it is largely enough
to accuratelyestimatethe object poseafter a few tensof
RANSAC samples,and it runs faster: About 0.2 seconds
for our non-optimizedexecutableagainst1 secondfor the
Loweexecutableon thesamemachine.

4.2. Detectinga Sail
We appliedour methodfor the detectionof a sail over a
4000thousandframevideo taken with a homecamcorder
duringa regatta.Despitethebadconditions:thesail is not
well texturedas it is shown Figure5, it movesin andout
of the �eld of view, thecameramotionsarevery jerky and
theillumination changesall thetime, thesail is detectedin
all frames,suchasthoseshown Figure5, whereasuf�cient
portionof thesail is seen.

4.3. 3D Object PoseEstimation
In thecaseof a 3D object,the full poseis recoveredfrom
thematchesusingthePOSITalgorithm[18] in tandemwith
RANSAC.

A SimpleBox Themethodsuccessfullyrecoversthepose
of a textured box disposedin almostany position, using
aroundsix very differentviews for training(Figure1). In
practice,theposeis recoveredin lessthana second.

A Human Face We appliedthesamemethodto a human
face,usingthe3 trainingimagesof �rst row of Figure7 and
a generic3D facemodel. The training imageshave been
registeredby hand,by moving the 3D model to the right
location.Evenif the3D modelis far from perfect— it does
nothaveglassesandits shapedoesnotmatchexactly— we
areableto recover theposeof a speci�c humanfaceunder
bothilluminationchangesandpartialocclusionsasdepicted
by Figure7.

Working on facesis muchharderthanon a texturedbox
becausefacesprovide far fewer featurepointsandtheir 3D
natureproducescomplex appearancechanges.Neverthe-
less,only threetrainingimageswhereis enoughto recover
theposesshown in Figure7. Theprocessis robustenough
to supportsomeocclusionandstill work if the subjectre-
movesits glasses.It takesaroundonesecond.

5. Conclusionand Perspectives
Weproposedanapproachto pointmatchingfor objectpose
estimationbasedon classi�cation. It runsto befasterthan
previousmethodsin theplanarcase,and,unlikethesemeth-
ods,still worksfor thenon-planarcase.

Our approachis alsovery general,andlets us relax the
locally planarassumption.In fact,it hasthepotentialto rec-
ognizecomplex shapedtexturedobjects,underlargeview-
point andillumination changeseven with specularmateri-
als, assumingwe cangenerateimagesof the objectunder
suchchanges.This is a realisticassumptionsincethereare
many ComputerGraphicsmethodsdesignedfor this pur-
pose,whichopensnew avenuesof research.

We expect that allowing more complex appearance
changesthantheoneswehavebeendealingwith sofarwill
resultin theview-setsbecomingmoredif�cult to separate.
In patternrecognitionit is commonto addressvariability by
normalization.Similarly, our approachcantake advantage
of a scale-spacebasedpointdetectorto dealwith moresig-
ni�cant scalechanges,without in�uencing thewithin class
variation.Additionalpartial invariancecanbeintroduceby
removing therotationin themannerof Lowecouldalsofa-
cilitate theclassi�cation. Whetheror not this is warranted
dependson �nding the optimal compromisebetweenthe
computationtime of partial invarianceandthegainin clas-
si�cation computationtime.
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Figure6: ComparisonbetweenSIFT method(left image)andours(right) for a planarobject. Our methodusuallygivesa
little lessmatches,andhasa little higheroutlier rate.Nevertheless,it is largelyenoughto accuratelyestimatetheobjectpose
aftera few tensof RANSAC samples,with a lowercomputationcostthanSIFT method.

We alsointendto replacethesimpleclassi�cationmeth-
odswe have describedhereby moresophisticatedonethat
candealwith thefactsthateachclasscanexhibit hugevari-
ability and thus requiresa large numberof samplesand
interestpoints can belong to several classesor to none
at all. We will thereforeinvestigatethe use of decision
trees[19, 20, 21], which we believe to bemostsuitablefor
our speci�c problembecausethey naturallyhandlemulti-
classclassi�cation,canbeenhancedby usingpowerful sta-
tisticalmethodssuchasbagging[22] andboosting[23, 24].
Thesemethodsarevery fast,andachieve very goodrecog-
nition rate,usuallymorethan90%. Thus,we believe that
ourapproachis animportantsteptowardmuchbetterobject
recognitionanddetectionmethods,andopensgoodpossi-
bilities for futureresearch.
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