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Abstract
In earlier work, we proposedtreating wide baseline

matching of feature pointsas a classi�cation problem,in
which each classcorrespondsto thesetof all possibleviews
of such a point. We useda K-meanplusNearestNeighbor
classi�er to validateour approach, mostlybecauseit was
simpleto implement. It has proved effectivebut still too
slowfor real-timeuse.

In thispaper, weadvocateinsteadtheuseof randomized
treesas theclassi�cation technique. It is both fastenough
for real-timeperformanceandmore robust. It alsogivesus
a principled way not only to match keypointsbut to select
during a training phasethosethat are the mostrecogniz-
ableones.This resultsin a real-timesystemable to detect
andpositionin 3D planar, non-planar, andevendeformable
objects.It is robustto illuminationschanges,scalechanges
andocclusions.

1. Intr oduction
Widebaselinekeypointmatchinghasprovedto beaneffec-
tive tool for applicationsrangingfrom cameraregistration
to objectdetection.Sincethe pioneeringwork by Schmid
andMohr [1], thealgorithmshavebecomeevermorerobust
to scale,viewpoint, illumination changesandpartialocclu-
sions[2, 3, 4, 5, 6, 7].

Thesewide baselinematchingmethods,however, are
typically designedto matchtwo imagesbut do not take ad-
vantageof the fact that, for objectdetectionandposeesti-
mationpurposes,botha 3D objectmodelandseveraltrain-
ing imagesmay be available. As shown in Figs 1 and2,
our goal is to incorporatethis additionalinformation into
a keypoint recognizerthat is both robust and fast enough
for real-timeobjectdetection,whetheror not the object is
planar.

Thekey ingredientof ourapproachis to treatwidebase-
line matchingof featurepointsasa classi�cationproblem,
in which eachclasscorrespondsto the set of all possible
views of sucha point. During training, given at leastone
imageof 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 under af�ne or ho-
mographicdeformations.Otherwise,given the 3D model,
we usestandardComputerGraphicstexture-mappingtech-
niques.Thissecondapproachrelaxestheplanarityassump-
tions. At run-time, we can then usea powerful and fast
classi�cationtechniqueto decideto which view set,if any,
an observed featurebelongs. This methodis 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
the3D pose.

In previous work [8], we useda K-meanplus Nearest
Neighbor classi�er to validate our approach,mostly be-
causeit wassimple to implement. It hasproved effective
but still too slow for real-timeuse. Here,we advocatein-
steadthe useof randomizedtrees[9] as the classi�cation
technique. It is both fasterandmore robust, at the possi-
bleexpenseof additionaltrainingtime. Furthermore,it also
givesusa principledway, not only to recognizekeypoints,
but alsoto selectduring the trainingphasethosethatyield
the bestrecognitionrate. As a result,even thoughwe use
amonoscalealgorithmfor keypointextraction[10], wecan
achieve scale-invarianceacrossa rangeof scalesby using
training imagesat different resolutionsand retainingonly
thosekeypointsthatarestablewithin therange.

In short,thecontributionof thispaperis notonly afaster
algorithmbut alsoonethat is morerobust throughthe ap-
propriateselectionof keypointsto berecognized.

In the remainderof the paper, we �rst discussrelated
work andrecallhow wide baselinematchingcanbestated
asa classi�cationproblem. We thenpresentthe proposed
keypoint selectionmethod, detail our new classi�cation
methodbasedon randomizedtrees,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 par tial
occ lusion, cluttered backgr ound, motion blur , large illumination and pose chang es. In the last two
frames, we add the inevitab le vir tual teapot to sho w we also recover 3D pose . A video sequence is
availab le 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
tig er using a 3D model reconstructed from several views suc h as the two �r st images on the left.

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
NearestNeighborsearch[11] to more sophisticatedones
suchas AdaBoostandclassi�ers cascadeto achieve real-
time detectionof humanfacesat varyingscales[12]. Such
approaches,however, arenot particularlygoodat handling
occlusions,clutteredbackgrounds,or thefact that thepose
of thetargetobjectmaybevery differentfrom thosein the
trainingset.Furthermore,theseglobalmethodscannotpro-
videaccurate3D poseestimation.

By contrast,local approachesuse simple 2D features
suchas cornersor edges,which makes them resistantto
partialocclusionsandclutteredbackgrounds:Evenif some
featuresare missing, the object can still be detectedas
long asenougharefound andmatched.Spuriousmatches
can be removed by enforcinggeometricconstraints,such
asepipolarconstraintsbetweendifferentviews or full 3D
constraintsif an object model is available. For local ap-

proachesto be effective, featurepoint extractionandchar-
acterizationshouldbe insensitive to viewpoint andillumi-
nation changes. Scale-invariant featureextraction can be
achievedby usingHarrisdetector[13] at severalGaussian
derivativescales,or by consideringlocaloptimaof pyrami-
dal difference-of-Gaussian�lters in scale-space[7]. Miko-
lajczycketal. [4] havealsode�nedanaf�ne invariantpoint
detectorto handlelarger viewpoint changes,that hasbeen
usedfor 3D objectrecognition[14], but it relieson aniter-
ativeestimationthatwouldbetooslow for our purposes.

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 achieve rotationinvariance.He alsogivesanal-
gorithm to remove stretchand skew and obtain an af�ne
invariant characterization.Allezard et al. [15] represent
thekeypoint neighborhoodby a hierarchicalsampling,and
rotationinvarianceis obtainedby startingthecircularsam-
pling with respectto thegradientdirection. Tuytelaarsand
al. [2] �t anellipseto thetexturearoundlocal intensityex-
tremato obtaincorrespondencesremarkablyrobustto view-
pointchanges.Lowe[7] introducesadescriptorcalledSIFT
basedon several orientationhistograms,that is not fully
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af�ne invariantbut toleratessigni�cant local deformations.
Mostof thesemethodsaretooslow for real-timeprocessing,
except for [5] that introducesMaximally StableExtremal
Regionsto achieve nearframeratematchingof stablere-
gions. By contrast,our classi�cation-basedmethodruns
easilyat framerate,becauseit shifts muchof the compu-
tationalburdento a trainingphaseand,asa result,reduces
thecostof onlinematchingwhile increasingits robustness.

Classi�cationasa techniquefor wide baselinematching
hasalsobeenexploredby [16] in parallel to our previous
work. In this approach,the training set is iteratively built
from incomingframes,andkernelPCA is usedfor classi-
�cation. While this is interestingfor applicationswhena
trainingstageis notpossible,ourown methodallows to de-
tect the objectunderunseenpositionssincewe synthesize
new views. Theclassi�cationmethoddescribedin this pa-
peralsohasa lowercomplexity thantheir approach.

3. Keypoint Matching asClassi�cation

Let us �rst recall how matchingkeypointsfound in an in-
put imageagainstkeypoints on a target object O can be
naturally formulatedasa classi�cation problem[8]. Dur-
ing training, we constructa set K = f k 1 : : : kN g of N
prominentkeypointslying on theobject.At runtime,given
an input patchp(k input) centeredat a keypoint k input ex-
tractedin the input image,we want to decidewhetheror
not it canbeanview of oneof theN keypointsk i . In other
words,we want to assignto p a classlabel Y(p) 2 C =
f � 1; 1; 2; : : : ; N g, wherethe� 1 labeldenotesall thepoints
that do not belongto the object. Y cannotbe directly ob-
served and we aim at constructinga classi�er Ŷ suchas
P(Y 6= Ŷ ) is small.

In other recognition tasks, such as face or character
recognition,large training setsof labeleddataareusually
available.However, for automatedposeestimation,it would
beimpracticalto requireavery largenumberof sampleim-
ages. Instead,to achieve robustnesswith respectto pose
andcomplex illumination changes,we usea smallnumber
of imagesandsynthesizemany new viewsof theobjectus-
ing simplerenderingtechniquesto trainour classi�er: This
approachgivesusa virtually in�nite trainingsetto perform
theclassi�cation.

For eachkeypoint,we canthenconstitutea samplingof
its view set, that is the set of all its possibleappearances
underdifferentviewing conditions. This samplingallows
us to usestatisticalclassi�cation techniquesto learnthem
during an of�ine stage,and, �nally , to performthe actual
classi�cation at run-time. This givesus a set of matches
thatletsusestimatethepose.

Figure 3. The most stab le keypoints selected
by our method on the book cover and the
teddy tig er.

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

4. Building the Training Set
In [8], webuilt theview setsby �rst extractingthekeypoints
k i in thegivenoriginal imagesthengeneratingnew views
of eachkeypoint independently. As depictedin Fig.4, it is
moreeffective to generatenew views of the whole object,
andextractkeypointsin theseviews. This approachallows
us to solve in a simpleway several fundamentalproblems
at no additionalcomputationcostat run-time: We caneas-
ily determinestablekeypointsundernoiseandperspective
distortion,whichhelpsmakingthematchingrobustto noise
andclutteredbackground.

4.1. Local Planarity Assumptions
If the object can be assumedto be locally planar, a new
view canbesynthesizedby warpinga trainingimageof the
objectusinganaf�ne transformationthatapproximatesthe
actualhomography. The af�ne transformationscanbe de-
composedas: A = R � R � 1

� SR � , whereR � andR � are
two rotationmatricesrespectively parameterizedby thean-
gles� and� , andS = diag[� 1; � 2] is a scalingmatrix. In
this paper, we usea randomsamplingof the af�ne trans-
formationsspace,the angles� and� varying in the range
[� � ; + � ], and the scales� 1 and � 2 varying in the range
[0:2;1:8]. Thoserangesaremuchlargerthantheonesused
in ourearlierwork,andcanbehandledbecausewenow de-
terminethemoststablepointsandthanksto ournew classi-
�cation method.
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4.2. Relaxing the Planarity Assumptions
Oneadvantageof our approachis that we canexploit the
knowledgeof a 3D model if available. Sucha model is
very usefulto capturecomplex appearancechangesdueto
changesin the poseof a non convex 3D object, including
occlusionsand non-af�ne warping. Given the 3D model,
we usestandardComputerGraphicstexture-mappingtech-
niquesto generatenew viewsunderperspectivetransforma-
tions.

In the caseof the teddy tiger of Fig.2, we usedImage
Modeler1 to reconstructits 3D model.An automatedrecon-
structionmethodcouldalsohave beenused,anotheralter-
nativewould havebeento useimage-basedrenderingtech-
niquesto generatethenew views.

4.3. Keypoint Selection
We arelooking for a setof keypointsK = f k i g lying on
the object to detect,and expressedin a referencesystem
relatedto thisobject.We shouldretainthekeypointswith a
goodprobabilityP(k) to beextractedin theinput views at
run-time.

4.3.1. Finding StableKeypoints

Let T denotethegeometrictransformationusedto generate
a new view, andek a keypoint extractedin this view. T is
anaf�ne transformation,or a projectionif the3D modelis
available.By applyingT � 1 to ek, we canrecover its corre-
spondingkeypoint k in the referencesystem.Thus,P(k)
can be estimatedfor keypoints lying on the objectsfrom
severalgeneratedviews. The setK is thenconstructedby
retainingkeypoints k i with a high P(k i ). In our experi-
ments,we retain the 200 �rst keypoints accordingto this
measure.Fig. 3 shows thekeypointsselectedon the book
coverandtheteddytiger.

Thetrainingsetfor keypointk i is thenbuilt by collecting
theneighborhoodp of thecorrespondingek in thegenerated
images,asshown in Figs.5 and6.

4.3.2. Robustnessto ImageNoise

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], which canbe
costly.

In our method,this problemis directly handledby the
factthatweextractthekeypointsek in thesynthesizedviews:
Theseimagesshouldbe ascloseaspossibleto actualim-
agescapturedfrom acamera,andweaddwhitenoiseto the

1ImageModeleris acommercialproductfrom Realviz( tm ) thatallows
3D reconstructionfrom severalviews with manualintervention.

Figure 5. First row: Patches centered at
a keypoint extracted in several new views,
synthesiz ed using random af�ne transf or­
mations and white noise addition. Second
row: Same patc hes after orientation correc­
tion and Gaussian smoothing. These prepr o­
cessed patc hes are used to train the keypoint
classi�er . Thir d and four th rows: Same as be­
fore for another keypoint located on the bor ­
der of the book.

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

generatedviews. To simulatea clutteredbackground,the
new objectview is renderedover a complex randomback-
ground.Thatway, thesystemis trainedwith imagessimilar
to thoseat run-time.

5. Keypoint Recognition
In [8], we useda K-meanplus NearestNeighborclassi�er
to validateour approach,becauseit is simpleto implement
and it givesgood results. Nevertheless,suchclassi�er is
known to be one of the lessef�cient classi�cation meth-
ods.We show in this sectionthatrandomizedtreesarebet-
tersuitedto ourkeypointrecognitionproblem,becausethey
allow very fastrecognitionandthey naturallyhandlemulti-
classproblems.

5.1. RandomizedTrees
Randomizedtreesare simple but powerful tools for clas-
si�cation, introducedand appliedto recognitionof hand-
written digits in [9]. [17] alsoappliedthemto recognition
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of 3–D objects. We quickly recall herethe principlesof
randomizedtreesfor theunfamiliar reader. As depictedby
Fig. 7, eachnon-terminalnodeof a treecontainsa simple
testthatsplits theimagespace.In our experiments,we use
testsof the type: “Is this pixel brighter than this one ?”.
Eachleafcontainsanestimatebasedon trainingdataof the
conditionaldistributionovertheclassesgiventhatanimage
reachesthat leaf. A new imageis classi�ed by droppingit
down the tree,and, in the one treecase,attributing it the
classwith themaximalconditionalprobabilitystoredin the
leaf it reaches.

We constructthe treesin the classical,top-down man-
ner, wherethe testsare chosenby a greedyalgorithm to
bestseparatethegivenexamples,accordingto theexpected
gain of information. The processof selectinga test is re-
peatedfor eachnon-terminaldescendantnode,usingonly
thetrainingexamplesfalling in thatnode.Therecursionis
stoppedwhenthenodereceivestoo few examples,or when
it reachesa givendepth.

Sincethenumbersof classes,trainingexamplesandpos-
sibletestsarelargein ourcase,building theoptimaltreebe-
comesquickly intractable.Insteadwe grow multiple, ran-
domizedtrees:For eachtree,weretainasmallrandomsub-
setof trainingexamplesandonly a limited randomsample
of testsat eachnode,to obtainweakdependency between
the trees.More detailsaboutthe treesconstructioncanbe
foundin [10].

5.2. Preprocessing

In orderto maketheclassi�cationtaskeasier, thepatchesp
of thetrainingsetor at run-timearepreprocessedto remove
somevariationswithin the classesattributableto perspec-
tiveandnoise.

Thegeneratedviewsare�rst smoothedusingaGaussian
�lter . We alsousethe methodof [7] to attributea 2D ori-
entationto the keypointsandachieve somenormalization.
Theorientationis estimatedfrom thehistogramof gradient
directionsin a patchcenteredat thekeypoint. Notethatwe
do not requirea particularlystablemethod,sincethesame
methodis usedfor training andrun-timerecognition. We
just want it to be reliableenoughto reducethe variability
within thesameclass.Oncetheorientationof anextracted
keypointis estimated,its neighborhoodis recti�ed asshown
Fig. 5.

Illumination changesareusuallyhandledby normaliz-
ing theviews intensitiesin someway, for exampleby nor-
malizing by the L2 norm of the intensities. We show be-
low thatour randomizedtreesallow to skip this step. The
classi�cationindeedrelieson testscomparingintensitiesof
pixels. This avoids the useof an arbitrary normalization
methodandmakesthe classi�cationvery robust to illumi-
nationchanges.

m

m m m

~
><

Figure 7. Type of tree used for keypoint recog­
nition. The nodes contain tests comparing
two pix els in the keypoint neighborhood; the
leaves contain the dl posterior distrib utions.

5.3. NodeTests
In practice,we useternarytestsbasedon thedifferenceof
intensitiesof two pixels taken in the neighborhoodof the
keypoint:

If I (p; m 1 ) � I (p; m 2 ) < � � go to child 1;
If jI (p; m 1 ) � I (p; m 2 )j � + � go to child 2;
If I (p; m 1 ) � I (p; m 2 ) > + � go to child 3.

I (p; m) is the intensityof patchp after thepreprocessing
stepdescribedin Section5.2,at pixel locationm. m 1 and
m 2 aretwo pixel locationschosento optimizetheexpected
gainof informationasdescribedabove. � is a thresholdde-
ciding in which rangetwo intensitiesshouldbeconsidered
assimilar. In the resultspresentedin this paper, we take �
to beequalto 10.

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

5.4. Run Time Keypoint Recognition
Oncethe randomizedtreesT1; : : : ; TL are built, the pos-
terior distributionsP(Y = cjT = Tl ; reachedleaf = � )
canbe estimatedfor eachterminalnode� from the train-
ing set.At runtime,thepatchesp centeredat thekeypoints
extractedin the input imagearepreprocessedanddropped
down thetrees.Following [9], if dl (p) denotestheposterior
distributionin thenodeof treeTl reachedby apatchp, p is
classi�edconsideringtheaverageof thedistributionsdl (p):

Ŷ (p) = argmax
c

dc(p) = argmax
c

1
L

X

l =1 ::: L

dl (p)

dc(p) is theaverageof theposteriorprobabilitiesof class
c andconstitutesa goodmeasureof thematchcon�dence.
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Figure 8. Percenta ge of correctl y classi�ed
views with respect to the number of trees,
using trees of depth 5, 10, and 15.

We canestimateduringtraininga thresholdD c to decideif
thematchis corrector notwith agivencon�dences:

P(Y(p) = cjŶ (p) = c;dc(p) > D c) > s

In practicewe take s = 90%. Keypointsgiving dc(p)
lower thanD c areconsideredaskeypointsdetectedon the
background,or misclassi�edkeypoints, and are therefore
rejected.It leavesa small numberof outlier matches,and
theposeof theobjectis foundby RANSAC afterfew itera-
tions.

5.5. Performance
The correct classi�cation rate P(Ŷ (p) = cjY (p) = c)
of our classi�er can thenbe measuredusingnew random
views. The graphof Fig. 8 representsthe percentageof
keypointscorrectly classi�ed, with respectto the number
of trees,for severalmaximaldepthsfor thetrees.Thegraph
shows no realdifferencesbetweentakingtreesof depth10
or 15,sowe canusetreeswith limited depth.It alsoshows
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,asshown Fig. 9: We updated
the posteriorprobabilitiesin the terminal nodes,but kept
the sametestsin the non-terminalnodes.We experienced
a slight dropof performance,but notenoughto preventthe
systemfrom recognizingthe new object. In this case,the
timerequiredfor trainingdropsto lessthanoneminute.

6. Results
6.1. Planar Objects
We�rst triedouralgorithmonplanarobjects.Fig.11shows
matchesbetweenthetrainingimageandinputimagesestab-

Figure 9. Re­usability 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 appr oach gives onl y few matc hes
(left), while our appr oach is not per turbed
(right).

lishedin real-time.Theestimatedposeis thenaccurateand
stableenoughfor AugmentedRealityasshown Fig. 1.

We comparedour resultswith thoseobtainedusingthe
executablethatimplementstheSIFTmethod[7] kindly pro-
videdby David Lowe. As shown in Fig.10,whentoomuch
perspectivedistortstheobjectview, this methodgivesonly
few matches,while oursis notperturbed.Oursis alsomuch
faster. For afair comparison,rememberthatwetakeadvan-
tageof a trainingstagepossiblein objectdetectionapplica-
tions,while theSIFTmethodcanalsobeusedto matchtwo
givenimages.Anotherdifferenceis thatwe cannothandle

Figure 11. Detection of the book: Inlier
matc hes estab lished in real­time under sev­
eral poses.
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Figure 12. Deformab le objects: the object is
detected and its deformation estimated, us­
ing the method described in [18].

asmuchscalechangesasSIFT becausewedonotuse(yet)
amulti-scalekeypointdetection.

6.2. Detectinga 3D Object

Fig. 2 shows resultsof the detectionof a teddy tiger. As
mentionedabove, its 3D texturedmodelwasreconstructed
from several views with thehelp of ImageModeler. It can
bedetectedfrom differentsides,andfront andupviews.

6.3. DetectingDeformable Objects

Ourmethodis alsousedin [18] to detectdeformableobjects
andestimatetheir deformationin real-time. The matches
are usednot only to detectbut also to computea precise
mappingfrom a modelimageto the input imageasshown
Fig. 12.

7. Conclusionand Perspectives

We proposedan approachto keypoint matchingfor object
poseestimationbasedon classi�cation. We showed that
usingrandomizedtreesyieldsa powerful matchingmethod
well adaptedto objectdetection.

Our currentapproachto keypoint recognitionrelieson
comparing pixel values in small neighborhoodsaround
thesekeypoints. It works very well for textured objects,
but losesits effectivenessin theabsenceof texture. To in-
creasethe rangeof applicability of our approach,we will
investigatetheuseof otheradditionalimagefeatures,such
asspreadgradient[19]. Webelieveour randomizedtreeap-
proachto keypoint matchingto be ideal to �nd out those
that aremost informative in any given situationand,thus,
to allow usto mix differentimagefeaturesin anaturalway.
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