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Abstract

In mary 3-D object-detectiorand pose-estimatiorproblems,run-time performanceis of critical
importance However, thereusuallyis time to train the system,which we will shav to be very useful.
Assumingthatseveralregisteredmagesof thetargetobjectareavailable,we developeda keypoint-based
approachthatis effective in this context by formulatingwide-baselinenatchingof keypointsextracted
from the input imagesto thosefoundin the modelimagesasa classi cation problem.This shifts much
of the computationaburdento a training phasewithout sacri cing recognitionperformanceAs aresult,
the resultingalgorithmis robust, accurate and fast-enougtor frame-rateperformance.

This reductionin run-time computationatomplexity is our rst contribution. Our secondcontritbu-
tion is to show that, in this context, a simpleandfastkeypoint detectorsufces to supportdetectionand
trackingeven underlarge perspectie andscalevariations.While earliermethodsrequirea detectorthat
can be expectedto producevery repeatableesultsin general,which usuallyis very time-consuming,
we simply nd the most repeatableobject keypoints for the speci ¢ target object during the training
phase.

We have incorporatedtheseideasinto a real-time systemthat detectsplanar non-planar and

deformableobjects.It then estimateghe poseof the rigid onesandthe deformationsof the others.

Index Terms

ImageProcessingand ComputerVision, Objectrecognition, Tracking, Statistical,Classi er design

and evaluation,Edgeand featuredetection.

1This work was supportedn part by the SwissNational ScienceFoundation.



. INTRODUCTION

In mary 3-D object-detectiorand poseestimationproblemsrangingfrom AugmentedReality
to Visual Senwoing, run-time performances of critical importance.However, there usually is
time to train the systembeforeactually usingit. Furthermore3—D models,or multiple images
from which suchmodelscan be built, tendto be available. As shovn in Figuresl and 2, we
describehere a techniquedesignedto operateeffectively in this contet by shifting much of
the computationaburdento the training phaseso that run-time detectionbecomegoth fastand
reliable.

Our approach like mary others,relies on matchinginterestpoints extractedfrom training
imagesand those extracted from input imagesacquiredat run-time under potentially large
perspectre andscalevariations Whatis new is to formulatethis wide-baselinenatchingproblem
asa classi cationproblem.More speci cally, we considerthe setof all possibleappearancesf
eachindividual object keypoint as a class,which we refer to asthe view-set During training,
given at leastoneimage of the tamget object, we extract interestpoints and generatenumerous
syntheticviews of their possibleappearanceinderperspectre distortion, which are then used
to train a classi er. It is usedat run-timeto recognizethe keypointsunderperspectie andscale
variationsby decidingto which view-set,if ary, their appearancéelongs.We adwcatethe use
of randomizedrees[2] asthe classi cationtechniquebecausehey naturallyhandlemulti-class
problemsand are robust and fast, while remainingreasonableasyto train.

Not only is this approachmore principledthanmary earlierones,but it yields a reductionin
run-time computationacomplexity, which is our rst contribution. Our methoddoesaway with
having to computead hoc descriptorsrectify patchesand searchfor nearest-neighborsyhich
aretime-consumingstepscommonin earliermethodq28], [29], [3], [19], [17], [27], [15], [21].

Anothercontributionis to shaw that,in this contect, asimpleandfastkeypointdetectorsufces
for operationevenunderlarge perspectie andscalevariations which resultsin afurtherincrease
in performanceWhile earlier methodsrequiredetectorghat can be dependediponto produce
very repeatablgesults,which canbe very time-consumingwe simply nd the mostrepeatable
objectkeypointsfor the speci ¢ taget objectduring the training phase,

In the remainderof the paper we rst discussrelatedwork and formulate wide-baseline

matchingasa classi cation problem.We thendiscussthe building of our view-setsand our use
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Fig. 1. Detectionof a book in a video sequenceAs shavn by the white outline, the book is detectedindependentlyand

successfullyin all framesat 25Hz in 640 480 imageson a standardPC, in spite of partial occlusion,clutteredbackground,
motion blur, large illumination and posechangesin the last two frames,we add the inevitable virtual teapotto shav we also

recover 3—D pose.The corresponding/ideo sequenceés submittedas supplementarynaterial.

of randomized-tree performthe classi cation. Finally, we presentour results.

[lI. RELATED WORK

In theareaof automated®D objectdetectionwe canplaceexisting approachesn a continuum
ranging from purely “Global” onesto purely “Local” one. The former typically use machine
learningtechniquesvhile thelatterusuallyrely onlessprincipledmethodsA numberof practical
techniquessuchas the coarseto ne methodproposedin [9], combinethe strengthsof both
kinds of methodsWe will arguethatour approachalsodoesthis by applying machinelearning
techniquedor the recognitionof local parts,while providing an accurate3D pose.For clarity's
sale, in this section,we neverthelessclassify approachess either global or local accordingto
which aspectdominates.

Globalapproachesisestatisticalclassi cationtechniqueto compareaninputimageto several
training imagesof an object of interestand decide whetheror not it appearsin this input
image. The methodsusedrangefrom relatively simple methodssuchas Principal Component
Analysis and NearestNeighborsearch[23] to more sophisticatedbnessuchas AdaBoostand
classi erscascadeo achieve real-timedetectionof humanfacesat varyingscaleq9], [30]. These
approaches$ocus on recognizinginstancef genericclasseswithout providing an accurate3D

poseestimation.Someof them can handletensof instancesof the object classin one image
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but arenot designedor robustnesgo occlusionsclutteredbackgroundsor poseddifferentfrom
thosein the training set.

By contrast,local approachesisesimple 2D featuressuchas cornersor edgeswhich makes
themresistanto partial occlusionsandclutteredbackgroundstEvenif somefeaturesaremissing,
theobjectcanstill bedetectedaslong asenougharefoundandmatchedSpuriousmatchecanbe
removed by enforcinggeometricconstraintssuchasepipolarconstraintdetweendifferentviews
or full 3D constraintdsf an objectmodelis available. The use of wealer geometricconstraints
is discussedn [1], [8] andis shavn to achieve robustnesdo occlusionandclutter. However, to
be effective in our contet, the featureextractionand characterizatiorshouldalsobe insensitve
to viewpoint andillumination changes.

As proposedin [13], scale-ivariant extraction can be achiered by taking the local extrema
of a Laplacian-of-Gaussiapyramid in scale-spacasfeaturepoints. To increasecomputational
efciency, the Laplaciancan be approximatedby a Difference-of-Gaussiafil4]. More recent
work has focusedon achiezing af ne invariant region detectionto handle large perspectie
distortionsas well. [3], [27], [19] usedan af ne invariant point detectorbasedon the Harris
detectoywheretheaf ne transformatiorthatequalizeghetwo eigervaluesof the auto-correlation
matrix is evaluatedto rectify the patchappearancq29] achievesinvarianceby tting anellipse
to thelocal texture.[17] proposes fastalgorithmto extract Maximally StableExtremalRegions.
[21] givesan extensve study on theseaf ne invariantregions detectors.

Given the extractedfeaturepoints, various local descriptorshave beenproposed[28], [22].
Among these,the SIFT descriptor[15] hasbeenshovn to be one of the most effective [20].
It relies on local orientation histogramsand toleratessigni cant local deformations.In [21],
it is appliedto rectied afne invariant regions to achie/e perspectie invariance.In [25],
a similar result is obtainedby training the systemusing multiple views of a target object,
storingall the SIFT featuresfrom theseviews, and matchingagainstall of them.[11] performs
Principal ComponentAnalysis on suchlocal orientationhistogramswhich appeargo improve
the reliability of this representationHowever, such descriptorscan be costly, and whatever
the chosendescriptoris, matchingis performedby nearest-neighbasearchwhich tendsto be
computationallyexpensve, even when using an ef cient datastructure[4].

By contrast,in earlier work [12], we argued that formulating wide-baselinematchingas a

classi cation problemlet us shift much of the computationaburdento a training phase.This
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Fig. 2. The methodis just aseffective for 3—D objects.In this experiment,we detectedhe stuffed tiger in the threeimagesto
the right usinga 3—D modelreconstructedrom several views suchasthetwo rst imageson the left. Note thatit reprojectsat

theright placein all threeimages.

reducesthe cost of online matchingwhile increasingits robustness.n this early work, we
used PCA as the classi cation technique.Here, we adwcate further reducing the run-time
computationalcompleity by using RandomizedTreesinstead. They have been extensiely
usedfor characterecognition[2] and more recentlyfor imageclassi cation [16]. They require
additional training in exchangefor increasedrun-time ef ciency becausethey let us replace
projectionin the eigenspacand nearest-neighbagearchby simple binary testson imagegray-
levels.

Classi cationasa techniquefor wide baselinematchinghasalsobeenexploredin parallelto
our own work [18]. In this approachthe training setis iteratively built from incoming frames.
While this is well-adaptedor applicationsthat do not allow for a training stage,this approach
wasnot designedo allow recognitionfrom views thatarevery differentfrom thosealreadyseen.
Furthermoreit useskernelPCA, which is even morecomputationallyexpensve thanPCA-based

classi cation.

[11. WIDE BASELINE POINT MATCHING AS A CLASSIFICATION PROBLEM

Our approacthrelieson matchingkeypointsfound in aninput imageagainstthoseon a target
objectO. Oncepotentialcorrespondencesave beenestablishedwe apply standardechniques
to estimate3—D pose.Therefore the critical stepin achieving resultssuchasthosedepictedby
Figuresl and 2 is the fast and robust wide-baselinematchingthat handlinglarge perspectie
and scalechangesmplies, which we formulatebelov in termsof a classi cation problem.

During training, we constructa setK = fk;:::kyg of N prominentkeypointslying on the
objectmodel. At runtime, given an input patchp (k'™ centeredat a keypoint k™"t extracted

from the input image, we want to decidewhetheror not its appearancenatchesthat one of
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Fig. 3. Samplingthe view-set.(a) For a keypoint on the cover of the book of Figure 1, we synthesizenew views usingrandom
afne transformationandaddingwhite noise.(b) Samething for anotherkeypoint locatedon the borderof the book. (c, d): In

the caseof the stuffed tiger, the samplingis obtainedusing a textured 3—D model seenfrom differentviewpoints.

the N keypointsk;. In otherwords,we wantto nd for p(k™4 its classlabel Y(p) 2 C =

cannotbe directly obsered, we build a classi er ¥ suchasP (Y (p) 6 ¥ (p)) is small.

In other taskssuch as face detectionor characterrecognition,large training setsof labeled
dataare usually available. However, for automatedposeestimation,it would be impracticalto
requirea very large numberof sampleimages.Instead,to achieze robustnesswith respectto
poseand comple illumination changeswe usea small numberof imagesand synthesizanary
new views of the object using simple renderingtechniquesFor eachkeypoint, this givesus a
samplingof its view set that is the setof all its possibleappearanceanderdifferent viewing
conditions.The rst two rows of Figure 3 depict sucha samplingfor two keypoints detected
on the book of Figure 1, the two last rows correspondo two keypoints detectedon the stuffed
tiger of Figure 2.

Thesesamplingsare virtually in nite training setsthat sene as input to the tree-lilding
algorithms.The resultingtreesform a very fast¥ run-time classi er as introducedabove. Its
outputis a setof matchesthat we useto estimatethe poseusing a standardrobust estimation

technique.
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Fig. 4. Building the view-sets.(a) A syntheticview for the book cover, with extractedkeypoints, (b) The moststablekeypoints

selectedby our method.(c, d) Samething for the stuffed tiger.

IVV. BUILDING THE VIEW SETS

A simple approachto building the view setswould be to extract keypoints from the original
imagesand then processthem independentlyas we did in [12]. However, a more effective
approachis to generatenew views of the whole object suchasthoseof Figure 4, and extract
keypointsfrom these.In this way, we caneasily selectkeypointsthat are stableundernoiseand
perspectie distortion,which helpsmakingthe matchingrobustto noiseandclutteredbackground
at no additionalrun-time computationakost.

Recallfrom Sectionlll, that, for detectionpurposeswe describethe target objectasa setof
keypointsK = fk;g lying on the target object, and expressedn a referencesystemrelatedto
it. We discussbelow the constructionof the view-setsgiven the keypointsandthenthe process

of extractingand selectingthem.

A. Samplingthe View-Sets

If the objectis of uniformly low curvature,patchesurroundinghek; keypointscanbetreated
aslocally planarandtheir distortionsunderperspectie projectionashomographiesn this case,
only onefrontal view of thetargetobjectis enoughto generatenew views. We approximatehem
by af ne transformationshatwe drav randomlyto samplethe view-set.An af ne transformation
canbedecomposedsA = R R SR ,whereR andR aretwo rotationmatricesrespectrely
parameterizedby theangles and , andS = diag[ 1; »]is ascalingmatrix. For all the planar
objectexamplesshavn in this paper and aredrawvn uniformly from the interval [ ;+ ],

and ; and , from theinterval [0:6; 1:5]. This rangeof scalesis sufcient to handlevariations
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within a single octare, while larger scale changesare handledby interestpoint detectionat
several scalesasdiscussedelow.

If the objectis more comple, we can take adwantageof a 3—D model that has beenbuilt
eitherautomaticallyor by handusingseveralimagesof the object.We useit in conjunctionwith
standardtexture-mappingtechniquedo generatenewn views underperspectie transformations.
In the caseof the stuffed tiger of Figure 2, we usedthe ImageModelersoftware packagé to
quickly build a very coarse3—D model,which hasprovedto be sufcient. Randompro le and
frontal views of the tiger were generatecby moving the cameraaroundit while maintaining
the distancebetween30 to 50 cm and the cameratilt angle between-30 and 30 degrees.As
a result, we can reliably detectthe object from imagesacquiredwith camerasmoving within
thosebounds.Furthermore thanksto the multi-scalematchingscheme we can actually place
the cameraeither further or closer

We experimentedvith objectsthatexhibit relatively few specularitieandthereforesynthesized
our training imageswithout accountingfor lighting effects. We canneverthelesshandlechanges
in lighting becausedhe testswe performto classify patcheswhich we discussin more detail in
SectionV, rely on binary comparisondetweenmageintensities.As a result,they areinvariant
to the often monotonousntensity changeghat lighting differencegdendto producein ary given
neighborhoodand lighting effects only perturb a very small fraction of the matches.Those
erroneousmatches being few in number can easily be discardedby the robust estimatorwe
use for poseestimation.This is why the specularre ections and image saturationeffects on
the book cover and the plastic part of the stuffed tiger do not degradethe performanceof our
system,even thoughit hasnot beentrainedusingimagesthat exhibit suchlighting effects. For
more complex casesjt shouldbe possibleto capturethe material propertiesand generatevery

realisticimaged7]. However, it would be cumbersoma&ndwe have notfoundit to be necessary

B. Fast Multiscale Keypoint Extraction

Our approachdoesnot rely on a speci ¢ methodfor extracting keypoints, and we could
have usedary of the mary methodsfor multiscaledetectionthat have recentlybeenproposed.

However since we focus on real-time applicationswe developedour own method, which is
2lmageModeleis a commercialproductfrom RealviZ™ ) thatallows semi-automate8—-D reconstructiorfrom several views.
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sufciently fastandyet stablefor our purposesAs wasdonein [20], [15], we look for extrema
of the Laplacianof Gaussiarthat are sufciently “cornerlike?’ However, insteadof computing
somescoremap suchasthe Laplacianor the Harris matrix at eachlocationandthen searching
for the keypointsin this map, we proceedas follows.

Following a philosophysimilar to the one proposedn [26], for eachpixel m, we considerthe
intensitiesalonga discretizeccircle centerecat m. We theneliminateall pixelswhosegray level
is closeto thoseof any two diametrically opposedpixels on this circle and that are therefore
unlikely to be stablekeypoints.Amongtheremainingoneswe estimatethe Laplacianusinggray
level differencesbetweenpixels on the circle and the centralone and retain only the locations
where this estimateis largest. This very simple approachoften requiresonly a few intensity
comparisongo eliminatepointsin uniform areasand along edgesanda few moreto selectthe
maximaof the Laplacian.As a result, it is very fastand hasproved sufciently robust for our
purposes.

We run this algorithmon the rst few octaresof theimageandsimultaneouslysetheinterest
pointsdetectedat eachoctave to train the classi er, asdescribedoelon. Figure5 illustrateshow
this simple procedureand the keypoint classi er work in tandemto recognizethe keypoints
underlarge variation of both scaleand appearanceThis contrastswith earliertechniqueq21]
that dependon much more sophisticatedand expensve methodsto accuratelyextract the af ne

deformationof a feature.

C. Keypoint Selection
Ideally, all the k; keypointsin K shouldhave a high probability P (ki) to be found if they

arevisible, perspectie distortion and imagenoise notwithstanding.

Let T be the geometrictransformationusedto synthesizea new view as describedin Sec-
tion IV-A, andR aninterestpoint extractedfrom this view usingthe procedureof SectionlV-B.
T is eitheran afne transformationor a projectionand by applyingT ! to R, we canrecover
a correspondindeypoint k in the referencesystem.Thus, given several syntheticviews, P (k)
can be estimatedby simply countinghow often it is found. The setK is then constructedoy
only retainingkeypointswith a high P (k). In our experimentswe retainthe 200 keypointswith
highestP (k). Figure4 shaws the keypointsselectedn the book cover andthe stuffed tiger. For
eachkeypoint k;j 2 K, we build the correspondingriew setby collecting the p neighborhood
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Fig. 5. Rolustnesgo scaleandperspectie changesFirst row: The imageon the left shavs a keypoint selectedbn the original
image,the threeimageson the right shaw the samekeypoint retrieved at differentscalesunderperspectie distortion,andsome

saturationand blur effects. Secondrow: Samefor anotherkeypoint.

of the correspondindg in the generatedmages,as shavn in Figure 4.

The above procedureaccountsfor sensitvity of the detectorto perspectie distortions.How-
ever, this may not be sufcient becausewhen a keypoint is detectedin two differentimages,
its preciselocationmay shift a bit dueto imagenoiseandviewpoint changeln practice,sucha
positionalshift resultsin large errorsof directcross-correlatiomeasuresOnesolutionwould be
to iteratively re ne the keypoint localization[19], which could be costly Instead,we solve this
problemby addingwhite noiseto the syntheticviews beforekeypoint extraction. The resulting
view setsthuscapturethe positionalshift, andforce the classi er to learninvarianceto this shift.

Each view is renderedagainsta different, complex random background.The classi er is
thereforetrainedto recognizethe keypoints on clutteredbackgroundjncluding points that are
closeto the objectvisual boundary This contrastswith other patch-basednethodsthat fail to

matcha keypoint whenthe correspondingpatchoverlapsthe background.

V. KEYPOINT CLASSIFICATION AND RECOGNITION

Several classi cation algorithms,such as K-NearestNeighbor SupportVector Machinesor
neuralnetworks could have beenchosento implementthe classi er Y introducedin Sectionlll.

Amongthose we have foundrandomizedrees[2] to beeminentlysuitablebecause¢hey naturally
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Ph(lp)(Y(o)zc)[ H Fij(lp)(ng)zdt
Cc Cc

Fig. 6. Generictree usedfor keypoint recognition.Whenusing C, tests,the nodescontaintestscomparingtwo pixelsin the

keypoint neighborhoodthe leaves containthe P ;. o,y (Y (p) = ¢) posteriorprobabilities.

handlemulti-classproblemsand are robust and fast, while remainingreasonablyeasyto train.
They are simple but powerful tools for classi cation, introducedand appliedto recognitionof
handwrittendigitsin [2]. They arecloselyrelatedto theregressiorireesin the CART method[5].
Severaltreesare grown with someform of randomizatiorasin [6] for example,but the queries
canbe morecomplex thanthoseof regressiortrees.In this sectionwe rst describehembrie y
in the context of our problem for the benet of the unfamiliar reader We then study their

propertiesand justify our implementationchoices.

A. Randomizedrees

Figure 6 depictsa generictree.Eachinternalnodecontainsa simple testthat splits the space
of datato be classi ed, in our casethe spaceof image patchesEachleaf containsan estimate
basedon training data of the posteriordistribution over the classesA new patchis classi ed
by droppingit down the tree and performingan elementarytest at eachnodethat sendsit to
one side or the other When it reachesa leaf, it is assignedprobabilitiesof belongingto a

classdependingon the distribution storedin the leaf. Since the numbersof classestraining
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(@) (b) (c)

Fig. 7. What makes the RandomizedTreestick. (a) and (b) aretwo partitions,which resultin a ner one (c) whenthey are
superimposedin a similar manney eachtree performsa different partition of the patchspace,and combiningtheir responses

resultsin a ner partition.

examplesand possibletestsare large in our case,building the optimal tree quickly becomes
intractable.Instead multiple treesare grown so that eachtree yields a differentpartition of the

spaceof imagepatchesWe discusstwo differentwaysto build the treesin SectionV-C. Once

better recognitionrate that a single tree could. More formally, the tree leaves store posterior
probabilitiesP (.,)(Y (p) = ¢), wherec is alabelin C and (l; p) is the leaf of tree T, reached
by the patchp. Such probabilitiesare evaluted during training as the ratio of the number of
patchesof classc in the training setthatreach andthe total numberof patcheghatreach .
Following [2], p is classi ed by consideringthe averageof the probabilitiesP (.,)(Y (p) = ©):
Y(p) = arg(r:naxpc(p) = arg(r:naX% : P um(Y(p) =0 1)
I=1::L
Figure7 givesan intuitive ideaof what makesthis approacha good one.Eachtree performs
a differentpartition dependingon the speci c testsit contains.Combiningthe outputof all the
treesresultsin a ner partition that yields a better classi cation. As the depthand numberof
treesareincreasedthis partitionbecomesner and ner, andthe estimatedlistribution becomes
closerand closerto the actualone, at the cost of increasingboth computationalexpenseand
memoryrequirementsThis trade-of will be studiedin SectionV-C.
p.(p) is the averageof the posteriorprobabilitiesof classc and constitutesa good measure

of the matchcon dence.We estimateduring training a thresholdT, to decideif the matchis
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corrector not with a given con dences thatis

P(Y(p) = g¥(p) = c;pe(p) > Te) > s:

In practice,we take s between60% and 90% Keypointsfor which p.(p) is lower than T, are
considerediskeypointsdetectedn the backgroundor misclassi edkeypoints,andaretherefore
rejected.This leavesonly a smallnumberof erroneousnatcheshat RANSAC caneasilyhandle.

The dravback of RandomizedTreesis their greedyuse of memory Their size in memory
increasesxponentiallywith the depth,and linearly with the numberof trees.For example,a
single tree of depth 15 usesabout32 Mo for a 200 classesproblem. Therefore,the chosen
numberof treesandtheir deptharea trade-of betweenthe computermemorydedicatedo store
them andthe recognitionrate. In the following, we study the in uence of theseparameter®n

the recognitionrate.

B. NodeTests

In our implementationthe testsperformedat the nodesare simple binary testsbasedon the
differenceof intensitiesof two pixels m; andm, takenin the neighborhoodf the keypoint.

We write thesetestsas 8

<

If I (p;my) | (p;my) goto left child
Ca(my;my) =

otherwise go to right child ’

wherel (p;m) is the intensity of patchp at pixel location m, after Gaussiansmoothingto
reducein uence of noise.Such a test can be seenas a test on the polarity betweenthe two
locationsm; andm,. In all our experimentsthe patchesareof size32 32, sothatthe total
numberof possibleC, testsis 2!°. Fortunately sincereal-world imagesexhibit spatialcoherence,
only a very small subsetis requiredto yield good recognitionrates.

As showvn below, a few hundredsof thesesimpletestsare usually enoughto classify a patch.
Thisinvolvesonly afew hundredsntensitycomparisonsindadditionsper patch,andis therefore
very fast. Furthermore pecausdahey only dependon the order of the pixel intensitiesbetween
neighborsthey tendto befairly insensitve to illumination changeotherthanthosecausedy a
moving shadaev. In otherwords,to achiese the robustnesgo illumination effectsdemonstrateth
Figurel, ourtechniqueunlike mary others,doesnotrequireusto normalizethe pixel intensities,

for exampleby settingthe L, norm of the intensitiesto one.
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Note, however, that one advantageof randomizedreesis that they imposeno restrictionon
the kind of testsperformedat the nodes.A tree can even containdifferentkinds of tests.An
in nite numberof testsotherthanintroducedabove could have beendesignedmost of which
would be computationallymore demanding.To showv that the oneswe choserepresenta good
compromisebetweenrecognitionability and run-time speed,we will comparein SectionV-D
their performancewith thoseof morecomplex tests,including testsbasedon histogramsof local
orientationsandinspiredby the SIFT detector[15].

C. Growingthe Trees

To improve the recognitionrate, we usemultiple treesthat shouldpartition the patchesspace
in differentmannersasdepictedby Figure 7. We experimentedwith two differentmethodsfor
building suchtrees.

The rst methodis the one usedin [2]: The treesare constructedn the classical,top-dovn
manney wherethe testsare chosenby a greedyalgorithmto bestseparatdhe given examples.
The expectedgainin informationis usedto evaluatethe separatioref ciency. The gain caused
by partitioninga setS of examplesin several subsetsS; accordingto a given testis measured

as o
X isi

EE(SO ; (2)

i
whereE (s) is the Shannors entropy P szl p; 100,(p;) with p; the proportionexamplesin s
belongingto classj, andj:j denoteghe sizeof the set. The processf selectinga testis repeated
for eachnon-terminalnode,usingonly the training examplesfalling in thatnode.The recursion
is stoppedwhen the noderecevestoo few examples,or whenit reachesa given depth.In our
implementationthe depthvariesbetweenl0 and 15, and the minimum of examplesis x edto
10.

The secondmethodis much fasterand simpler: Insteadof picking questionsaccordingto a
criterion, we simply pick a randomset. This canbe seenasan extremesimpli cation of the rst
method.For example,in the caseof the C, test,the two locationsm; and m, for eachnode
are picked at randomwithin the patch,independentlyof the training samplesthat fall into the

nodeand of the testsperformedfurther up in the tree.

17th August2006 DRAFT



To comparethe two tree-luilding methodswe have introduced we usedthemboth on the set
of 200 keypointsdepictedby Figure4. This resultedin two setsof treeswhosenodescontained
C, binary testsand whosedepthwas limited to the samevalue.

Whenusingthe simplerapproachwe grew the treesby randomlypicking locationsfor each
node, as discussedabove. When using the entropy minimizing approachwe rst synthesized
100 new views. We thenrecursvely built the treesby trying n differenttestsat eachnodeand
keepingthe bestone accordingto the criterion of Equation(2). For the root node,we chose
n = 10, avery smallnumber to reducethe correlationbetweenthe resultingtrees.For all other
nodes,we usedn = 100d, whered is the depthof the node.Note that this heuristicinvolves
randomizingon bothtestsandtraining data.As notedin [2], therandomizingon testsis far more
powerful thanrandomizingon data.We do the latter, not to improve classi cation performance,
but to make our greedyalgorithmtractable.Sinceintra-classvariationsare large, without it, too
mary exampleswould be neededo samplea classin a representatie way.

In the caseof the completelyrandomapproachto building trees,m; and m, were simply
chosenat random.For the two sets,the treedepthis limited to a given maximaldepth,andthe
posteriorprobabilitiesare estimatedrom 1000 new randomviews per keypoint.

We presenthereresultsfor treeswith a depthlimited to 12, which was found to be a good
trade-of betweenthe memoryrequirementsand recognitionrate. After having grown the trees,
the posteriorprobabilitiesin the terminalnodeswere estimatedusing5000new trainingimages.
We then measuredhe recognitionrate R of the two setsof treesby generatingnenv images
underrandomposes,as the ratio of the numberof correctly recognizedpatchesand the total
numberof generatecpatches.The evolution of R for the two setsof treeswith respectto the
numberof treesis depictedFigure 8(a). Taking the testsat randomusually resultsin a small
lossof reliability at leastwhenthe numberof treesis not large enoughbut considerablyreduces
the learningtime. The time dedicatedo growing the treesdropsfrom tensof minutesto a few
secondon a 2.8 GHz machine.

We alsoexperimentedvith normalizingthe p patchesf Sectionlll bothduringtrainingandat
run-timeto achiese higherrecognitionratesfor a given numberof trees.As in [15] we attribute
a 2-D orientationto the keypointsthatis estimatedrom the histogramof gradientdirectionsin
a patchcenteredat the keypoint. Note that by contrastwith [15], we do not requirea particularly

repeatablenethod.We just wantit to be reliableenoughto reducevariationwithin classesOnce
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Fig. 8. Comparingthe classi cation ratesobtainedusing treesgrowvn in two differentmannersas a function of the number
of trees.(a) Without and (b) with patchorientationnormalization.The thick lines depictresultsobtainedby selectingteststhat
maximizethe informationgain. The thin lines depictresultsobtainedby randomlychosentests,which resultin a small loss of
reliability but considerablyreduceghe training time. Note thatin all caseghe normalizationlets us achieve betterresultswith

fewer trees.However when enoughtreesare used,it doesnot improve the ratesarymore.

the orientationof an extractedkeypoint is estimated,jts neighborhoods recti ed. Figure 8(b)
comparesthe recognitionrateswith this normalizationstep for the two different methodsof
selectingthe tests.Taking the testsat randomresultsin a slightly larger but still small loss of
reliability. More importantly the normalizationgivesus signi cantly improved rateswhenusing
only a small numberof trees.However, when using a large numberof trees,the recognition
ratesare similar with and without the normalization.

We draw two practicalconclusiongdrom theseexperiments First, usingrandomtestsis suf-
cient and keepsthe learningtime reasonabldor practicalapplications.Secondthe orientation
normalizationstepis not required,but lets us reducethe numberof trees.Thereforethe choice
of using such a normalizationbecomesa trade-of betweenthe amountof time requiredto
normalizeandto classify which is proportionalto the numberof trees.The amountof memory
usedby the treesshouldalsobe takeninto account.n practice,we have found it more effective
to normalizeandusefewer trees,in partbecausehe normalizationwe useis muchsimplerthan
afull afne recti cation. Therefore,n the remainderof the paper we normalizethe patchesand

userandomlychosentests.
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D. ComparingDifferent Node Testson Different Image Types

The above resultswere obtainedusingbinary testsinvolving the comparisorof gray levels of
two neighboringpixels. Herewe discusghe value of replacingthesetestsby more sophisticated
onesinvolving additional pixels. In additionto the family of C, binary tests,we also consider
testsinvolving more pixels locations.We de ne the C, family madeof teststhat comparethe
differencesof intensitieséof two pairsof pixel locations:

<

If I (p;my) | (p;my) | (p;m3) | (p;my) goto left child;
Ca(my;my;ma;my) =

otherwise go to right child.
Thesetestscompareboth the strengthand polarity of the edgebetweenm; andm,, andthose
of the edgebetweenm; andmy.
We also de ne the C,, family madeof more sophisticatedestsbasedon local orientation
histogramscomputedas follows. Like for the SIFT characterizationgachpatchis divided into
4 4 subrgyions,andanarrayof histogramswith 8 orientationbinsis computedfor eachregion.

The testsin the C,, family com%arethe valuesof two bins:

< f Bin(uy;vi;01)  Bin(uy; vo;0,) goto left child,;
Ch(u1; Vi, 01Uz, V2, 00) = _ . .
otherwise go to right child.

Theresponsesf theC,, C4 andC,;, familiesof testswerecomparedisingtwo kinds of feature
points.In one case,we useda setwe denoteas “Title”. It includes100 keypoints detectedon
thetitle of the book cover of Figure 1, which representstrongandstructurededges.The second
setof keypointsdenoted‘Eyes” is madeof 100 keypoints detectedon the picture of the same
book cover, which presentanostly textured areas.For both sets,we gren several setsof trees
by varying the testsandtree depths We testedthemfor depthsrangingfrom 10 to 15, aslarger
valuesquickly becomeintractabledueto the increasingmemoryrequirementskigures9 and10
summarizethe resultsas a function of the numberof treesand of their depth.

Somaevhat surprisingly the C, testsresults are slightly worse than the C, ones. The C;
testsslightly outperformthe C, testson the Title set, which is not very textured, and yield
approximatelythe samerecognitionrate on the more textured Eyesset.

However, andthis is remarkable the differencesare not really signi cant. To illustrate that,
in Figure 11, we superposeéhe resultsusing the threekinds of testsand the sametree depth

equalto 15. This is a very interestingpropertyof the classi cation approachComple testsare
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Comparisonof recognitionratesas a function of the numberof trees,for different tree depthsand different tests,

appliedto the “Title” (left) andthe “Eyes” (right) keypoints sets.First row: usingthe C, family tests;Secondrow: using the

C, family tests;Third row: usingthe C,, family tests.

not necessarysimple onessufce to reachsimilar performancesThis canbe explainedby the

factthatthe partition obtainedwhencombiningthe treesbecomesufciently ne whenenough

treesare used,provided that eachindividual tree partitionsthe patch spacein a differentway.

Sincethe C,;, testsare computationallymuch more costly, in practicewe usethe C, testsas

the slight loss in performancedoesnot appearto have ary ill-effect on our RANSAC-based
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Cz Cy Cn

depth10 | 60:7% | 57:7% | 66:6%
Title set | depth12 | 69:2% | 65:1% | 75:0%
depth15 | 77:0% | 73:7% | 82:4%

depth10 | 727% | 70:0% | 74:5%
Eyesset | depth12 | 78:6% | 76:1% | 84:2%
depth15 | 84:7% | 81:4% | 84:2%

Fig. 10. Classi cation ratesusing eitherthe C,, C4 and Cy, testfamilies using 50 trees.Testsfrom the C,, family slightly

outperformthe onesfrom C;, at an additionalcomputationcost.
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Fig. 11. Classi cationratesfor C,, C4 andCy, testsfamiliesasa function of the numberof trees.(a) “Title” set, (b) “Eyes”
set. The depthof the treesis 15.

approachto poseestimation.

VI. RESULTS

For planarobjectssuchasthe booksof Figures1l and 13 and the mousepad of Figure 12,
we rst useRANSAC to estimatean af ne transformatiorbetweenthe referencemageandthe
input image.lt is thenre ned by robust least-squaresstimation.As can be seenin the gures
andthe video sequencesubmittedas supplementarynaterial,the poseestimationis robust to
illuminations changesscalechangespcclusionsand someimageblur. As shavn in Figure 14,
we alsoappliedour methodfor the detectionof a sail over a 4000 thousandrame video taken

with ahomecamcordeduring a regatta.Despitethe badcondition—thesail is not very textured,
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Fig. 12. Detectionof a mousepad at differentscaleson a clutteredbackground.

Fig. 13. Anotherexampleon which our systemhasbeentested.

it movesin andout of the eld of view, the cameramotion is very jerky and the illumination
changesall the time—thesail is detectedn all frameswherea sufcient portion of the sail is
seen.

Our implementationrhasbeentestedon numerousobjectsunderdifferentlighting conditions
using a simple webcam,and an executablecan be downloadedfrom our website.It runsat 25

framesper secondon a 2.8 GHz PC.

Fig. 14. Detectinga sail. Four framesfrom a 4000 frame video acquiredusing a home camcorderduring a regatta. Even
thoughthe camerajerks, the zoom changesandthe lighting conditionsare poor, the sail is detectedn all frames,suchasthose

shavn above, wherea sufcient portion of the sail is seen.
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Fig. 15. Detectionof the book: The white lines representhe inlier matchesestablishedn real-timeunderseveral poses.The

correspondingideo sequenceas submittedas supplementarynaterial.

Figures2 and 18 showv detectionresultsfor the stuffed tiger for which a quickly built 3—-D
model.We usea P3Palgorithmand RANSAC to robustly estimateits pose.The objectobjectis
successfullydetectedrom differentsides,differentdistancesand both from belov and above.

We comparedour resultswith thoseobtainedusingthe executablethatimplementsthe SIFT
method[15] kindly providedby David Lowe. As shovn in Figuresl6 and17, whenthereis little
distortion,the SIFT approachyields a few more matchesHowever, whentoo much perspectie
distortsthe objectimage,it producedar fewer, while our approachis not perturbed.

To be fair, we note again that this robustnesscomesat the cost of a training stagethat
SIFT doesnot require. If training is possible,as suggestedn [15] and demonstratedn [25],
SIFT can be made more robust to distortions by using multiple views of the tamet object,

storingall the SIFT featuresfrom theseviews, and matchingagainstall of them. This doesnot
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Fig. 16. Comparisorwith SIFT (left image)andour approach(right image).Whenthereis little distortion,the SIFT approach
gives a few more matches,but when too much perspectie distortsthe objectimage, it gives only few matcheswhile our
approachis not perturbed.

signi cantly increasethe matchingtime when approximatenearest-neighbdk-D tree searchis
used.It remains,however, less computationallyeffective than ours, which dependsonly on a
limited numberof pixel intensity comparisons.

As showvn Figures19 and 20, our methodcan also be usedto detectdeformableobjectsand
estimatetheir deformationat 10 framesper secondon a 2.8 GHz PC. As describedin [24],
objectsare modeledby deformablemeshesThe keypoints positionsare expressedas weighted
sumsof the meshverticesin the modelimageandchangeasthe meshis deformed.Fitting then
amountsto minimizing a criterion that is the sum of two terms.The rst is a robust estimate
of the squaredistancesf the keypointsin the modelimageto that of the correspondingones

in the input image. The secondis a quadraticdeformationenegy [10]. This quadraticterm
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Fig. 17. Comparisorwith SIFT (left image)and our approach(right image)on the mousepad sequence.

allows the use of a semi-implicit minimization schemethat corverges even when the initial

estimateis very far from the solution, which, in our contet, is what happensvhenthe object
is severely deformed.When combinedwith an appropriatelyde ned robust estimatorfor the
keypoint distancesand optimization schedule this approachto minimization allows real-time
detectionin under100 millisecondswhile beingrobustto large deformationssevereocclusions,

and changesn lighting.
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Fig. 18. Our methodcantake adwantageof a 3—D modelwhenavailable,to detectthe tamgetandestimateits posefrom different

viewpoints.

() (b)

Fig. 19. Detectinga deformingsheetof paperat 10Hz on a 2.8 GHz PC. (a) The left imageis the input imagein which the
sheetof paperis detectedandits deformationestimated.The right oneis the training image.The lines representhe matches
recovered using our method.Black onescorrespondo thoseestimatedio be outliers and the white onesto inliers. (b) Same

thing for a differentinput image.

VIlI. CONCLUSION AND PERSPECTIVES

We have developedan approachto 3—-D object-detectiorand poseestimationthat relies on

statisticallearning techniquesto perform much of the requiredcomputationduring a training
17th August2006 DRAFT
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Fig. 20. Detectinga deformingT-Shirt. (a2) Model imageusedfor training purposes(b) To illustratethe mappingour algorithm
computeswe nd the contoursof the modelusinga simple gradientoperatorandwe usethemasa validationtexture (¢) which
is overlaid on the input imageusing the recoreredtransformation(d). Additional resultsare obtainedin differentconditions(e
toj). Notethatin all casesjncludingthe onewherethe T-shirtis replacedby a cup (j), the white outlinesprojectalmostexactly

at the right place,thusindicating a correctregistrationand shapeestimation.

phaseso that, at run-time, we can achieve both speedand reliability. Like mary others,our
approaclhrelieson matchingkeypoints extractedfrom one or moretraining imagesof the target
objectagainstthoseextractedfrom input images Whatis new is to have reformulatedthe wide-
baselinematchingproblem,whichthisinvolves,asa classi cationproblemthatcanbe effectively
solved using randomizedreesthat are both fastand easily implemented.

We have shovn thatvery goodresultscanbe obtainedusinga very simpleapproactto building
the trees.More sophisticateduilding methodsyield slight performanceancreasesbut at the cost
of muchlarger requirementdoth in termsof computationand memory In practice,given the
fact that we userobust techniquedo estimate3—-D posesfrom the matcheswe have not found
it worthwhile to imposethat extra burden as the simpler techniquesare sufcient to achiee
robust frame-ratedetectionand pose estimation.However, we could easily replaceindividual
componentof our approachsuchasthe keypoint detectoy by improved or more genericones
asthey becomeavailable without changingits overall philosophy

Our approachis well adaptedto caseswhere one or more imagesof the target object are

available for off-line training purposeslf the objectis either planaror nearly so, the images
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can be directly usedwithout any preprocessinglf the objectis fully 3-D, the imagescan be
usedto build the rough 3—D modelrequiredto train the system.Our next stepis to speedup
the training procedureitself so that it can also becomean in-line processtherebyremaoving
the major limitation of our approachwhencomparedo state-of-the-arbnesthat do not require
ary a priori training. One obvious way to achieve this is to rst track the tamet object under
favorable conditionsusing standardtechniqueswhich will allow us to follow keypoints across
framesandto incrementallybuild the view-setsandthe correspondindrees.This will constitute

a startingpoint for our future investigations.
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