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Abstract

In earlier work, we proposedtreating wide baseline
matding of feature pointsas a classi cation problem,in
which eadh classcorrespondso thesetof all possibleviews
of sudh a point. We useda K-meanplus NeaestNeighbor
classi er to validate our approach, mostlybecausdt was
simpleto implement. It has proved effective but still too
slowfor real-timeuse

In this paper weadvocatdnsteadthe useof randomized
treesasthe classi cationtechnique It is both fastenough
for real-timeperformanceand more robust. It alsogivesus
a principled way not only to matd keypointsbut to select
during a training phasethosethat are the mostrecayniz-
able ones. Thisresultsin a real-timesystemableto detect
andpositionin 3D planar, non-planarandevendeformable
objects.It is robustto illuminationschanges,scalechanges
andocclusions.

1. Intr oduction

Wide baselinekeypoint matchinghasprovedto beaneffec-
tive tool for applicationsrangingfrom cameraregistration
to objectdetection. Sincethe pioneeringwork by Schmid
andMohr [1], thealgorithmshave becomeever morerobust
to scale viewpoint, illumination changesandpartial occlu-
sions[2, 3, 4, 5, 6, 7].

Thesewide baselinematching methods,however, are
typically designedo matchtwo imageshut do not take ad-
vantageof the factthat, for objectdetectionand poseesti-
mationpurposeshotha 3D objectmodelandseveraltrain-
ing imagesmay be available. As shavn in Figs 1 and 2,
our goal is to incorporatethis additionalinformationinto
a keypoint recognizerthat is both robust and fastenough
for real-timeobjectdetection,whetheror not the objectis
planar

Thekey ingredientof our approachis to treatwide base-
line matchingof featurepointsasa classi cationproblem,
in which eachclasscorrespondgo the setof all possible
views of sucha point. During training, given at leastone
image of the target object, we synthesizea large number

of views of individual keypoints. If the objectcanbe as-
sumedto be locally planar this is doneby simply warp-
ing image patchesaroundthe points underafne or ho-
mographicdeformations.Otherwise,giventhe 3D model,
we usestandardComputerGraphicstexture-mappingech-
nigues.This secondapproachrelaxesthe planarityassump-
tions. At run-time, we canthenusea powerful and fast
classi cationtechniqueto decideto which view set,if ary,
an obsened featurebelongs. This methodis 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
the3D pose.

In previous work [8], we useda K-meanplus Nearest
Neighbor classi er to validate our approach,mostly be-
causeit wassimpleto implement. It hasproved effective
but still too slow for real-timeuse. Here,we adwocatein-
steadthe use of randomizedrees[9] asthe classi cation
technique. It is both fasterand more robust, at the possi-
ble expenseof additionaltrainingtime. Furthermoreit also
givesus a principledway, not only to recognizekeypoints,
but alsoto selectduringthe training phasethosethatyield
the bestrecognitionrate. As a result,eventhoughwe use
amonoscalalgorithmfor keypointextraction[10], we can
achieve scale-ivarianceacrossa rangeof scalesby using
training imagesat differentresolutionsand retainingonly
thosekeypointsthatarestablewithin therange.

In short,the contribution of this paperis notonly afaster
algorithmbut alsoonethatis morerobust throughthe ap-
propriateselectionof keypointsto berecognized.

In the remainderof the paper we rst discussrelated
work andrecallhow wide baselinematchingcanbe stated
asa classi cation problem. We then presenthe proposed
keypoint selectionmethod, detail our new classi cation
methodbasedon randomizedrees,and commentthe re-
sults.



Figure 1. Detection of a book in a video sequence:

The book is detected independentl y and suc-

cessfull y in all subsequent frames at 25Hz in 640 480 images on a standar d PC, in spite of partial
occlusion, cluttered background, motion blur, large illumination and pose changes. In the last two
frames, we add the inevitab le virtual teapot to show we also recover 3D pose. A video sequence is
available at http://cvlab.ep .c h/resear ch/augm/detect.html

Figure 2. The method is just as effective for 3D objects.

In this experiment, we detected the teddy

tiger using a 3D model reconstructed from several views such as the two r st images on the left.

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 input image. The methodsusedrangefrom relatively
simplemethodssuchasPrincipal ComponenfAnalysisand
NearestNeighborsearch[11] to more sophisticatecbnes
suchas AdaBoostand classi ers cascadeo achiee real-
time detectionof humanfacesat varyingscaleq12]. Such
approachedhowever, arenot particularlygoodat handling
occlusionsclutteredbackgroundsor the factthatthe pose
of thetargetobjectmay be very differentfrom thosein the
trainingset. Furthermoretheseglobalmethodscannotpro-
vide accurate8D poseestimation.

By contrast,local approachesise simple 2D features
suchas cornersor edges,which makes them resistantto
partialocclusionsandclutteredbackgroundsEvenif some
featuresare missing, the object can still be detectedas
long asenoughare found and matched.Spuriousmatches
can be removed by enforcinggeometricconstraints,such
asepipolarconstraintsbetweendifferentviews or full 3D
constraintsif an objectmodelis available. For local ap-

proachedo be effective, featurepoint extractionand char
acterizationshouldbe insensitve to viewpoint andillumi-
nation changes. Scale-ivariantfeatureextraction can be
achieved by usingHarris detector[13] at several Gaussian
derivative scalespr by considerindocal optimaof pyrami-
dal difference-of-Gaussiafiters in scale-spacgr/]. Miko-
lajczycketal. [4] have alsode ned anaf ne invariantpoint
detectorto handlelarger viewpoint changesthathasbeen
usedfor 3D objectrecognition[14], but it relieson aniter-
ative estimationthatwould betoo slow for our purposes.

Giventhe extractedfeaturepoints,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 achieve rotationinvariance.He alsogivesanal-
gorithm to remove stretchand skew and obtain an af ne
invariant characterization.Allezard et al. [15] represent
the keypoint neighborhoody a hierarchicalsampling,and
rotationinvarianceis obtainedby startingthe circular sam-
pling with respecto the gradientdirection. Tuytelaarsand
al. [2] t anellipseto thetexturearoundlocal intensityex-
tremato obtaincorrespondencesmarkablyobustto view-
pointchangesLowe[7] introducesadescriptorcalledSIFT
basedon several orientationhistograms,that is not fully



afne invariantbut toleratessigni cant local deformations.
Mostof thesemethodsaretooslow for real-timeprocessing,
exceptfor [5] thatintroducesMaximally StableExtremal
Regionsto achieve nearframerate matchingof stablere-
gions. By contrast,our classi cation-basednethodruns
easilyat framerate, becauset shifts muchof the compu-
tationalburdento atraining phaseand,asaresult,reduces
the costof onlinematchingwhile increasingts robustness.

Classi cationasatechniqueor wide baselinematching
hasalsobeenexplored by [16] in parallelto our previous
work. In this approachthe training setis iteratively built
from incomingframes,andkernel PCA is usedfor classi-
cation. While this is interestingfor applicationswhena
trainingstageis not possible pur own methodallows to de-
tectthe objectunderunseerpositionssincewe synthesize
new views. The classi cationmethoddescribedn this pa-
peralsohasalower compleity thantheir approach.

3. Keypoint Matching asClassi cation

Let us rst recall how matchingkeypointsfoundin anin-
put image againstkeypoints on a target object O canbe
naturally formulatedas a classi cation problem[8]. Dur-
ing training, we constructa setK = fki:::kyg of N

prominentkeypointslying on the object. At runtime,given
an input patchp (k™YY centeredat a keypoint kUt ex-
tractedin the input image,we want to decidewhetheror
notit canbeanview of oneof theN keypointsk;. In other
words,we wantto assignto p aclasslabelY(p) 2 C =

thatdo not belongto the object. Y cannotbe directly ob-
sened and we aim at constructinga classi er ¥ suchas
P(Y 6 ¥)issmall.

In other recognitiontasks, such as face or character
recognition,large training setsof labeleddataare usually
available.However, for automategboseestimationijt would
beimpracticalto requireavery largenumberof sampleim-
ages. Instead,to achiere robustnesswith respectto pose
andcomple illumination changesye usea smallnumber
of imagesandsynthesizamary new views of the objectus-
ing simplerenderingtechniquego train our classi er:; This
approactgivesusavirtually in nite trainingsetto perform
theclassi cation.

For eachkeypoint, we canthenconstitutea samplingof

its view set thatis the setof all its possibleappearances

underdifferentviewing conditions. This samplingallows

us to usestatisticalclassi cationtechniquego learnthem

during an of ine stage,and, nally, to performthe actual
classi cation at run-time. This givesus a setof matches
thatletsusestimatehepose.

Figure 3. The most stable keypoints selected
by our method on the book cover and the
teddy tiger.

Figure 4. An example of generated views for
the book cover and the teddy tiger, and the
extracted keypoints for these views.

4. Building the Training Set

In [8], webuilt theview setsby rst extractingthekeypoints
ki in the givenoriginal imagesthengeneratinghew views

of eachkeypointindependently As depictedin Fig.4, it is

more effective to generatenew views of the whole object,
andextractkeypointsin theseviews. This approactallows

usto solve in a simpleway several fundamentaproblems
at no additionalcomputationcostat run-time: We caneas-
ily determinestablekeypointsundernoiseand perspectie

distortion,which helpsmakingthe matchingrobustto noise
andclutteredbackground.

4.1 Local Planarity Assumptions

If the objectcan be assumedo be locally planar a nen
view canbe synthesizedby warpingatrainingimageof the
objectusinganaf ne transformatiorthatapproximateshe
actualhomography The af ne transformationganbe de-
composedas: A = R R SR , whereR andR are
two rotationmatricesrespectiely parameterizely thean-
gles and ,andS = diag[ 1; 2] is ascalingmatrix. In
this paper we usea randomsamplingof the af ne trans-
formationsspacethe angles and varyingin therange
[ ;+ ], andthescales ; and , varyingin therange
[0:2;1:8]. Thoserangesaremuchlargerthantheonesused
in our earlierwork, andcanbe handledbecauseve now de-
terminethe moststablepointsandthanksto our new classi-
cation method.



4.2 Relaxingthe Planarity Assumptions

Oneadwantageof our approachs that we can exploit the

knowledgeof a 3D modelif available. Sucha modelis

very usefulto capturecomplex appearancehangesiueto

changesn the poseof a non corvex 3D object, including

occlusionsand non-afne warping. Given the 3D model,
we usestandardComputerGraphicstexture-mappingech-
niguesto generateew views underperspectietransforma-
tions.

In the caseof the teddytiger of Fig.2, we usedimage
Modelef to reconstrucits 3D model.An automatedecon-
structionmethodcould alsohave beenused,anotheralter
native would have beento useimage-basedenderingech-
niguesto generatehe new views.

4.3 Keypoint Selection

We arelooking for a setof keypointsK = fk;g lying on
the objectto detect,and expressedn a referencesystem
relatedto this object.We shouldretainthe keypointswith a
goodprobability P (k) to beextractedin theinput views at
run-time.

4.3.1 Finding StableKeypoints

LetT denotehegeometridransformatiorusedto generate
anew view, andR a keypoint extractedin this view. T is
anafne transformationpr a projectionif the 3D modelis
available. By applyingT * to R, we canrecoverits corre-
spondingkeypointk in the referencesystem. Thus, P (k)
can be estimatedfor keypointslying on the objectsfrom
several generatediiews. The setK is thenconstructedy
retainingkeypointsk; with a high P(k;). In our experi-
ments,we retainthe 200 rst keypointsaccordingto this
measure.Fig. 3 shawvs the keypoints selectedon the book
coverandtheteddytiger.

Thetrainingsetfor keypointk; isthenbuilt by collecting
theneighborhoog of thecorrespondin® in thegenerated
imagesasshovnin Figs.5 and6.

4.3.2 Robustnessto Image Noise

Whenakeypointis detectedn two differentimagesits pre-
ciselocationmayshift abit dueto imagenoiseor viewpoint
changesln practice,sucha positionalshift resultsin large
errorsof directcross-correlatiomeasuresOnesolutionis
to iteratively re ne the point localization[4], which canbe
costly.

In our method,this problemis directly handledby the
factthatwe extractthekeypointsR in thesynthesizediews:
Theseimagesshouldbe as closeas possibleto actualim-
agescapturedrom acameraandwe addwhite noiseto the

limageModeleis acommerciaproductfrom Realviz™ ) thatallows
3D reconstructiorfrom several views with manualintervention.

Patches centered at
a keypoint extracted in several new views,
synthesiz ed using random afne transfor-
mations and white noise addition. Second
row: Same patches after orientation correc-
tion and Gaussian smoothing. These prepr o-
cessed patches are used to train the keypoint
classi er . Third and four th rows: Same as be-
fore for another keypoint located on the bor-
der of the book.

Figure 5. First row:

Figure 6. In the case of the teddy tiger, we
restricted the rang e of acceptab le poses and
the orientation correction was not used.

generateds/iews. To simulatea clutteredbackgroundthe
new objectview is renderedver a complex randomback-
ground.Thatway, thesystenis trainedwith imagessimilar
tothoseatrun-time.

5. Keypoint Recognition

In [8], we useda K-meanplus NearestiNeighborclassi er

to validateour approachpecausét is simpleto implement
andit givesgood results. Neverthelesssuchclassi er is

known to be one of the lessefcient classi cation meth-
ods. We show in this sectionthatrandomizedreesarebet-
ter suitedto ourkeypointrecognitionproblem becaus¢hey

allow veryfastrecognitionandthey naturallyhandlemulti-

classproblems.

5.1 RandomizedTrees

Randomizedreesare simple but powerful tools for clas-
si cation, introducedand appliedto recognitionof hand-
written digitsin [9]. [17] alsoappliedthemto recognition



of 3-D objects. We quickly recall herethe principles of
randomizedreesfor the unfamiliar reader As depictedby
Fig. 7, eachnon-terminalnodeof a tree containsa simple
testthatsplitstheimagespace.In our experimentswe use
testsof the type: “Is this pixel brighterthan this one ?”.
Eachleaf containsanestimatebasecdn training dataof the
conditionaldistribution overtheclassegiventhatanimage
reacheghatleaf. A new imageis classi ed by droppingit
down the tree, and, in the onetree case,attributing it the
classwith themaximalconditionalprobability storedin the
leafit reaches.

We constructthe treesin the classical,top-davn man-
ner, wherethe testsare chosenby a greedyalgorithm to
bestseparat¢he givenexamplesaccordingo the expected
gain of information. The processof selectinga testis re-
peatedfor eachnon-terminaldescendantode,usingonly
thetrainingexamplesfalling in thatnode. Therecursionis
stoppedvhenthenoderecevestoo few examplesor when
it reaches givendepth.

Sincethenumbersf classestrainingexamplesandpos-
sibletestsarelargein our casebuilding theoptimaltreebe-
comesquickly intractable. Insteadwe grow multiple, ran-
domizedtrees:For eachtree,weretainasmallrandomsub-
setof trainingexamplesandonly a limited randomsample
of testsat eachnode,to obtainweak dependeng between
the trees. More detailsaboutthe treesconstructioncanbe
foundin [10].

5.2 Preprocessing

In orderto make the classi cationtaskeasieythe patchegp
of thetrainingsetor atrun-timearepreprocessetb remove
somevariationswithin the classesttributableto perspec-
tiveandnoise.

Thegeneratediewsare rst smoothedisinga Gaussian
Iter . We alsousethe methodof [7] to attribute a 2D ori-
entationto the keypointsandachieze somenormalization.
The orientationis estimatedrom the histogramof gradient
directionsin a patchcenteredat the keypoint. Notethatwe
do not requirea particularlystablemethod,sincethe same
methodis usedfor training and run-time recognition. We
just wantit to be reliable enoughto reducethe variability
within the sameclass.Oncethe orientationof anextracted
keypointis estimatedits neighborhoods recti ed asshovn

Fig. 5.

lllumination changesare usually handledby normaliz-
ing the views intensitiesin someway, for exampleby nor-
malizing by the L2 norm of the intensities. We showv be-
low that our randomizedreesallow to skip this step. The
classi cationindeedrelieson testscomparingntensitiesof
pixels. This avoids the use of an arbitrary normalization
methodand makesthe classi cationvery robustto illumi-
nationchanges.

Figure 7. Type of tree used for keypoint recog-
nition. The nodes contain tests comparing
two pixels in the keypoint neighborhood; the
leaves contain the d, posterior distrib utions.

5.3 NodeTests

In practice,we useternarytestsbasedon the differenceof
intensitiesof two pixels taken in the neighborhoodf the
keypoint:

If1(p;my) I(p;mz) < goto child 1;
Ifjl(p;ma) 1(p;m2)j +  gotochild 2;
If1(p;my) I(p;mz) >+  gotochild3.

I (p; m) is theintensity of patchp afterthe preprocessing
stepdescribedn Section5.2, at pixel locationm. m; and
m , aretwo pixel locationschoserto optimizethe expected
gainof informationasdescribedabove. is athresholdde-
ciding in which rangetwo intensitiesshouldbe considered
assimilar. In the resultspresentedn this paper we take

to beequalto 10.

This testis very simpleandrequiresonly pixel intensi-
ties comparisons.Neverthelesshecauseof the ef ciency
of randomizedrees,it yieldsreliableclassi cationresults.
We tried othertestsbasedon weightedsumsof intensities
a la Adaboost,on gradientsor on Haar waveletswithout
signi cant improvementsn theclassi cationrate.

5.4. Run Time Keypoint Recognition

terior distributionsP (Y = ¢jT = T;; reachedeaf = )
canbe estimatedor eachterminalnode from the train-
ing set. At runtime,the patchep centeredat the keypoints
extractedin theinputimageare preprocessednddropped
down thetrees.Following [9], if d|(p) denotegheposterior
distributionin thenodeof treeT, reachedy apatchp, p is
classi edconsideringheaverageof thedistributionsd, (p):

di(p)

¥ (p) = argmaxd®(p) = argmax1
¢ ¢ L I=1::L

d°(p) istheaverageof theposteriomprobabilitiesof class
¢ andconstitutesa goodmeasureof the matchcon dence.
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views with respect to the number of trees,

using trees of depth 5, 10, and 15.

We canestimateduringtraininga thresholdD . to decideif
thematchis corrector notwith agivencon dences:

P(Y(p) = ¢¥(p) = c;d°(p) > D¢) > s

In practicewe take s = 90% Keypointsgiving d°(p)
lowerthanD . areconsideredaskeypointsdetectedn the
backgroundor misclassi ed keypoints, and are therefore
rejected. It leavesa small numberof outlier matchesand
the poseof the objectis foundby RANSAC afterfew itera-
tions.

5.5 Performance

The correctclassi cationrate P(¥(p) = ¢Y(p) = ©
of our classi er canthenbe measuredisingnen random
views. The graphof Fig. 8 representshe percentageof
keypoints correctly classi ed, with respectto the number
of trees for severalmaximaldepthdor thetrees. Thegraph
shavs no real differencedetweertaking treesof depth10
or 15, sowe canusetreeswith limited depth.It alsoshavs
that20 treesareenoughto reacha recognitionrateof 80%.
Growing 20 treesof depth10 takesabout15 minuteson a
standardPC.
Sincethe classi er works by combiningthe responses

of sub-optimaltrees,we tried to re-usetreesgrown for a
rst objectfor anotherobject,asshavn Fig. 9: We updated
the posteriorprobabilitiesin the terminal nodes,but kept
the sametestsin the non-terminalnodes. We experienced
aslightdrop of performancebut notenoughto preventthe
systemfrom recognizingthe new object. In this case,the
time requiredfor trainingdropsto lessthanoneminute.

6. Results
6.1 Planar Objects

We rst tried ouralgorithmon planarobjects.Fig. 11 shavs
matchedetweerthetrainingimageandinputimagesestab-

Figure 9. Re-usability of the set of trees: A
new object is presented to the system, and
the posterior probabilities are updated. The
new object can then be detected.

Figure 10. Comparison with SIFT. When too
much perspective distor ts the object image,
the SIFT approach gives only few matches
(left), while our approach is not perturbed

(right).

lishedin real-time.Theestimatedoseis thenaccurateand
stableenoughfor AugmentedRealityasshavn Fig. 1.

We comparedour resultswith thoseobtainedusingthe
executablghatimplementghe SIFT method 7] kindly pro-
videdby David Lowe. As shavn in Fig. 10, whentoo much
perspectie distortsthe objectview, this methodgivesonly
few matcheswhile oursis notperturbed Oursis alsomuch
faster For afair comparisonemembethatwe take advan-
tageof atraining stagepossiblein objectdetectionapplica-
tions,while the SIFT methodcanalsobe usedto matchtwo
givenimages.Anotherdifferenceis thatwe cannothandle

Figure 11. Detection of the book: Inlier
matc hes established in real-time under sev-
eral poses.



Figure 12. Deformab le objects: the object is
detected and its deformation estimated, us-
ing the method described in [18].

asmuchscalechangeasSIFT becausave do not use(yet)
amulti-scalekeypointdetection.

6.2 Detectinga 3D Object

Fig. 2 shaws resultsof the detectionof a teddytiger. As
mentionedabove, its 3D texturedmodelwasreconstructed
from several views with the help of ImageModeler It can
be detectedrom differentsides,andfront andup views.

6.3 Detecting Deformable Objects

Ourmethods alsousedn [18] to detectdeformableobjects
and estimatetheir deformationin real-time. The matches
are usednot only to detectbut alsoto computea precise
mappingfrom a modelimageto the inputimageasshovn
Fig.12.

7. Conclusionand Perspectives

We proposedan approacho keypoint matchingfor object
poseestimationbasedon classi cation. We showved that
usingrandomizedreesyieldsa powerful matchingmethod
well adaptedo objectdetection.

Our currentapproachto keypoint recognitionrelieson
comparing pixel valuesin small neighborhoodsaround
thesekeypoints. It works very well for textured objects,
but losesits effectivenessn the absencef texture. To in-
creasethe rangeof applicability of our approachwe will
investigatethe useof otheradditionalimagefeaturessuch
asspreadgradienf19]. We believe ourrandomizedreeap-
proachto keypoint matchingto beidealto nd outthose
thatare mostinformative in ary given situationand, thus,
to allow usto mix differentimagefeaturesn anaturalway.
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