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Abstract

In mary 3-D object-detectiorand pose-estimatiomproblems,run-time performances of critical importance.
However, thereusuallyis time to train the system,which we will showv to be very useful. Assumingthat several
registeredimagesof the target object are available, we developeda keypoint-basedapproachthat is effective in
this context by formulating wide-baselinematchingof keypoints extractedfrom the input imagesto thosefound
in the modelimagesasa classi cation problem.This shifts much of the computationaburdento a training phase,
without sacri cing recognitionperformanceAs a result,the resultingalgorithmis robust, accurateandfast-enough
for frame-rateperformance.

This reductionin run-time computationalcompleity is our rst contribution. Our secondcontribution is to
shaw that, in this context, a simpleandfastkeypoint detectorsufces to supportdetectionandtrackingeven under
large perspectie and scalevariations.While earlier methodsrequire a detectorthat can be expectedto produce
very repeatableesultsin generalwhich usuallyis very time-consumingwe simply nd the mostrepeatablebject
keypointsfor the speci ¢ target objectduring the training phase.

We have incorporatedhesedeasinto areal-timesystenthatdetectsplanar non-planaranddeformableobjects.
It thenestimateghe poseof the rigid onesandthe deformationsof the others.

Index Terms

ImageProcessingand ComputerVision, Objectrecognition, Tracking, Statistical,Classi er designand evalu-
ation, Edgeand featuredetection.

1This work was supportedn part by the SwissNational ScienceFoundation.



Fig. 1. Detectionof a bookin a video sequenceAs shavn by the white outline, the book is detectedndependentlyand successfullyin
all framesat 25Hz in 64CE 480 imageson a standardPC, in spite of partial occlusion,clutteredbackgroundmotion blur, large illumination
andposechangesin the lasttwo frames,we addthe inevitable virtual teapotto shav we alsorecoser 3—D pose.The correspondingrideo
sequenceas submittedas supplementarynaterial.

. INTRODUCTION

In mary 3-D object-detectiormndposeestimationproblemsrangingfrom AugmentedReality to Visual
Senrwing, run-timeperformancas of critical importanceHowever, thereusuallyis time to train the system
before actually using it. Furthermore3—-D models,or multiple imagesfrom which suchmodelscan be
built, tendto be available.As shavn in Figuresl and2, we describeherea techniquedesignedo operate
effectively in this context by shifting much of the computationalburdento the training phaseso that
run-time detectionbecomedoth fastandreliable.

Our approachjike mary others,relies on matchinginterestpoints extractedfrom training imagesand
those extracted from input imagesacquiredat run-time under potentially large perspectie and scale
variations.Whatis new is to formulatethis wide-baselinanatchingproblemas a classi cation problem.
More speci cally, we considerthe set of all possibleappearancesf eachindividual object keypoint as
a class,which we refer to asthe view-set During training, given at leastone imageof the target object,
we extract interest points and generatenumeroussynthetic views of their possibleappearanceinder
perspectie distortion, which are then usedto train a classi er. It is usedat run-time to recognizethe
keypoints underperspectie and scalevariationsby decidingto which view-set,if ary, their appearance
belongs We adwocatethe useof randomizedrees[2] astheclassi cationtechniquepbecausehey naturally
handlemulti-classproblemsand are robust and fast, while remainingreasonable2asyto train.

Not only is this approachmore principledthan mary earlierones,but it yields a reductionin run-time
computationatomplexity, which is our rst contritution. Our methoddoesaway with having to compute
ad hoc descriptors rectify patches,and searchfor nearest-neighborsyhich are time-consumingsteps
commonin earliermethods[28], [29], [3], [19], [17], [27], [15], [21].

Another contrikution is to shawv that, in this contet, a simple and fast keypoint detectorsufces
for operationeven under large perspectie and scale variations,which resultsin a further increasein
performanceWhile earliermethodsequiredetectorghatcanbedependediponto producevery repeatable
results,which can be very time-consumingwe simply nd the mostrepeatableobjectkeypointsfor the
speci ¢ target objectduring the training phase,

In the remainderof the paper we rst discussrelatedwork and formulate wide-baselinematchingas
a classi cation problem.We then discussthe building of our view-setsand our use of randomized-trees
to performthe classi cation. Finally, we presentour results.

Il. RELATED WORK

In the areaof automatedBD objectdetectionwe canplaceexisting approachesn a continuumranging
from purely “Global” onesto purely “Local” one.The former typically usemachinelearningtechniques



while the latter usually rely on less principled methods.A numberof practicaltechniquessuchas the
coarseto ne methodproposedn [9], combinethe strengthsof both kinds of methods.We will argue
that our approachalso doesthis by applying machinelearningtechniquesfor 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.

Global approachesisestatisticalclassi cationtechniqueto compareaninputimageto severaltraining
imagesof an object of interestand decidewhetheror not it appeardn this input image. The methods
usedrangefrom relatively simple methodssuchas Principal ComponentAnalysis and NearestNeighbor
search[23] to more sophisticatedones such as AdaBoostand classi ers cascadeto achiese real-time
detectionof humanfacesat varying scales[9], [30]. Theseapproachegocus on recognizinginstances
of genericclasseswithout providing an accurate3D poseestimation.Someof them can handletens of
instancesof the object classin one image but are not designedfor robustnessto occlusions,cluttered
backgroundsor posesdifferentfrom thosein the training set.

By contrast,local approachesise simple 2D featuressuch as cornersor edges,which makes them
resistantto partial occlusionsand clutteredbackgroundsEven if somefeaturesare missing,the object
can still be detectedas long as enoughare found and matched.Spuriousmatchescan be removed by
enforcinggeometricconstraintssuchasepipolarconstraintdbetweendifferentviews or full 3D constraints
if an objectmodelis available. The use of wealer geometricconstraintsis discussedn [1], [8] andis
shavn to achieve robustnesgo occlusionand clutter However, to be effective in our contet, the feature
extraction and characterizatiorshouldalso be 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-spaces feature points. To increasecomputationalef ciency,
the Laplaciancan be approximatedoy a Difference-of-Gaussiafi4]. More recentwork hasfocusedon
achieving afne invariantregion detectionto handlelarge perspectie distortionsaswell. [3], [27], [19]
usedan af ne invariant point detectorbasedon the Harris detectoy wherethe af ne transformationthat
equalizeghe two eigervaluesof the auto-correlatiormatrix is evaluatedto rectify the patchappearance.
[29] achieresinvarianceby tting an ellipseto the local texture.[17] proposesa fastalgorithmto extract
Maximally Stable Extremal Regions. [21] gives an extensve study on theseafne invariant regions
detectors.

Given the extractedfeature points, various local descriptorshave beenproposed[28], [22]. Among
these,the SIFT descriptor[15] hasbeenshavn to be one of the most effective [20]. It relies on local
orientationhistogramsandtoleratessigni cant local deformationsin [21], it is appliedto recti ed afne
invariant regions to achieve perspectie invariance.Iln [25], a similar resultis obtainedby training the
systemusingmultiple views of atargetobject,storingall the SIFT featuredrom theseviews, andmatching
aqainstall of them.[11] performsPrincipal ComponentAnalysis on suchlocal orientationhistograms,
which appeardo improve the reliability of this representationHowever, suchdescriptorscan be costly,
andwhatever the chosendescriptoris, matchingis performedby nearest-neighbasearch which tendsto
be computationallyexpensve, even whenusing an ef cient datastructure[4].

By contrastjn earlierwork [12], we arguedthat formulatingwide-baselinanatchingasa classi cation
problemlet us shift muchof the computationaburdento a training phase This reduceghe costof online
matchingwhile increasingts robustnessin this early work, we usedPCA asthe classi cationtechnique.
Here, we adwcatefurther reducingthe run-time computationakcompleity by using RandomizedTrees
instead.They have beenextensvely usedfor characterrecognition[2] and more recently for image
classi cation[16]. They requireadditionaltraining in exchangefor increasedun-timeef ciency because
they let us replaceprojectionin the eigenspacend nearest-neighbosearchby simple binary testson
imagegray-levels.

Classi cation as a techniquefor wide baselinematchinghasalso beenexploredin parallelto our own
work [18]. In this approachthe training setis iteratively built from incomingframes.While this is well-
adaptedfor applicationsthat do not allow for a training stage,this approachwas not designedto allow
recognitionfrom views that are very differentfrom thosealreadyseen.Furthermorejt useskernel PCA,



Fig. 2. The methodis just as effective 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 that it reprojectsat the right placein all
threeimages.

which is even more computationallyexpensve than PCA-basectlassi cation.

I11. WIDE BASELINE POINT MATCHING AS A CLASSIFICATION PROBLEM

Our approachrelies on matchingkeypoints found in an input image against thoseon a target object
O. Oncepotentialcorrespondencdsave beenestablishedwe apply standardechniquedo estimate3—-D
pose.Therefore the critical stepin achievzing resultssuchasthosedepictedby Figuresl and?2 is the fast
and robust wide-baselinematchingthat handlinglarge perspectie and scalechangesmplies, which we
formulatebelow in termsof a classi cation problem.

During training, we constructa setK = fk;:::kyg of N prominentkeypoints lying on the object
model. At runtime, given an input patchp (k""" centeredat a keypoint kPt extractedfrom the input
image,we wantto decidewhetheror not its appearancenatcheghat one of the N keypointsk;. In other
words, we wantto nd for p(k"™Y) its classlabel Y(p) 2 C = fj 1;1,2;:::;Ng, wherethe j 1 label
denotesall the pointsthat do not belongto K. SinceY cannotbe directly obsered, we build a classi er
¥ suchasP(Y(p) & ¥(p)) is small.

In other taskssuch as face detectionor charactemrecognition,large training setsof labeleddataare
usuallyavailable.However, for automategoseestimation,it would be impracticalto requirea very large
numberof sampleimages.Instead,to achieve robustnesswith respectto poseand comple illumination
changeswe usea small numberof imagesand synthesizemary new views of the object using simple
renderingtechniquesFor eachkeypoint, this gives us a samplingof its view set that is the set of all
its possibleappearanceanderdifferent viewing conditions.The rst two rows of Figure 3 depictsuch
a samplingfor two keypoints detectedon 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 sere asinput to the tree-uilding algorithms.
Theresultingtreesform avery fastY run-timeclassi er asintroducedabove. Its outputis a setof matches
that we useto estimatethe poseusing a standardrobust estimationtechnique.

IV. BUILDING THE VIEW SETS

A simple approachto building the view setswould be to extract keypoints from the original images
andthenprocesghemindependentiaswe did in [12]. However, a more effective approachs to generate
new views of the whole objectsuchasthoseof Figure 4, and extract keypoints from these.In this way,
we caneasily selectkeypointsthat are stableundernoiseand perspectie distortion,which helpsmaking
the matchingrobust to noiseand clutteredbackgroundat no additionalrun-time computationakost.

Recallfrom Sectionlll, that,for detectionpurposesye describethe target objectasa setof keypoints
K = fkig lying on the target object,and expressedn a referencesystemrelatedto it. We discussbelow
the constructionof the view-setsgiven the keypoints and then the processof extracting and selecting
them.



Fig. 3. Samplingthe view-set. (a) For a keypoint on the cover of the book of Figure 1, we synthesizenew views using randomafne
transformationsand adding white noise. (b) Samething for anotherkeypoint locatedon the borderof the book. (¢, d): In the caseof the
stuffed tiger, the samplingis obtainedusing a textured 3—D model seenfrom differentviewpoints.

(a) (b) (©) (@)

Fig. 4. Building the view-sets.(a) A syntheticview for the book cover, with extractedkeypoints, (b) The most stablekeypoints selected
by our method.(c, d) Samething for the stuffed tiger.

A. Samplingthe View-Sets

If theobjectis of uniformly low curvature,patchesurroundinghek; keypointscanbetreatedaslocally
planarand their distortionsunder perspectie projectionas homographiesin this case,only one frontal
view of thetargetobjectis enoughto generatenew views. We approximatehemby af ne transformations
that we drav randomlyto samplethe view-set. An afne transformationcan be decomposeds A =
RuRiAlSR A, WhereR, andR 4 aretwo rotation matricesrespectrely parameterizedby the anglesp and
A, andS = diag|, 1;, 2] is a scalingmatrix. For all the planarobjectexamplesshaovn in this paper 1 and
A aredrawn uniformly from the intenval [ ¥4+ %, and, ; and, , from the interval [0:6;1:5]. This range
of scalesis sufcient to handlevariationswithin a single octave, while larger scalechangesare handled
by interestpoint detectionat several scalesas discussedelow.

If the objectis more comple, we can take advantageof a 3—-D model that has been built either
automaticallyor by hand using several imagesof the object. We useit in conjunctionwith standard
texture-mappingtechniquego generatenew views underperspectie transformationsin the caseof the
stuffed tiger of Figure 2, we usedthe ImageModelesoftwarepackagé to quickly build a very coarse3—D
model, which hasproved to be sufcient. Randompro le and frontal views of the tiger were generated

2ImageModeleiis a commercialproductfrom RealviZ'™ that allows semi-automate@-D reconstructiorfrom several views.



by moving the cameraaroundit while maintainingthe distancebetween30 to 50 cm andthe cameratilt
angle between-30 and 30 degrees.As a result,we canreliably detectthe objectfrom imagesacquired
with cameragnoving within thosebounds.Furthermorethanksto the multi-scalematchingschemewe
canactually placethe cameraeither further or closer

We experimentedwith objectsthat exhibit relatively few specularitiesand thereforesynthesizedour
training imageswithout accountingfor lighting effects. We can neverthelesshandlechangesn lighting
becausedhe testswe performto classify patcheswhich we discussin more detail in SectionV, rely on
binary comparisondetweenimage intensities.As a result, they are invariantto the often monotonous
intensity changeghat lighting differencedendto producein ary given neighborhoodandlighting effects
only perturba very small fraction of the matches.Thoseerroneousnatchesbeingfew in nhumbey can
easilybediscardedy the robustestimatomwe usefor poseestimation.This is why the speculare ections
andimagesaturationeffects on the book cover andthe plastic part of the stuffed tiger do not degradethe
performanceof our system,even thoughit hasnot beentrainedusing imagesthat exhibit suchlighting
effects.For morecomple casesijt shouldbe possibleto capturethe materialpropertiesandgeneratesery
realisticimages[7]. However, it would be cumbersomendwe have not foundit to be necessary

B. Fast Multiscale Keypoint Extraction

Our approachdoesnot rely on a speci ¢ methodfor extracting keypoints, and we could have used
ary of the mary methodsfor multiscaledetectionthat have recently beenproposed However sincewe
focus on real-timeapplicationswe developedour own method,which is sufciently fastandyet stable
for our purposesAs wasdonein [20], [15], we look for extremaof the Laplacianof Gaussiarthat are
sufciently “cornerlike? However, insteadof computingsomescoremap such as the Laplacianor the
Harris matrix at eachlocation and then searchingfor the keypointsin this map, we proceedas follows.

Following a philosoply similar to the oneproposedn [26], for eachpixel m, we considerthe intensities
alonga discretizedcircle centerecat m. We theneliminateall pixels whosegray level is closeto thoseof
ary two diametricallyopposedpixels on this circle andthat are thereforeunlikely to be stablekeypoints.
Among the remainingones,we estimatethe Laplacianusinggray level differencesbetweenpixels on the
circle and the centralone and retain only the locationswherethis estimateis largest. This very simple
approachoften requiresonly a few intensity comparisongo eliminatepointsin uniform areasandalong
edgesand a few moreto selectthe maximaof the Laplacian.As a result, it is very fastand hasproved
sufciently robustfor our purposesFor more detailson this procedurewe refer the interestedreaderto
a technicalreport[?].

We run this algorithmon the rst few octaresof the imageand simultaneouslyusethe interestpoints
detectedat eachoctave to train the classi er, as describedbelon. Figure 5 illustrateshow this simple
procedureand the keypoint classi er work in tandemto recognizethe keypoints under large variation
of both scale and appearanceThis contrastswith earlier techniques[21] 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 (k;) to be foundif they arevisible,
perspectie distortionandimage noise notwithstanding.

Let T be the geometrictransformationusedto synthesizea new view as describedin SectionlV-A,
andR aninterestpoint extractedfrom this view usingthe procedureof SectionlV-B. T is eitheranafne
transformationor a projectionand by applying T/ ! to R, we can recover a correspondingkeypoint k
in the referencesystem.Thus, given several syntheticviews, P (k) canbe estimatedoy simply counting
how oftenit is found. The setK is then constructedoy only retaining keypoints with a high P (k). In
our experiments,we retain the 200 keypoints with highestP (k). Figure 4 shows the keypoints selected
on the book cover andthe stuffed tiger. For eachkeypoint k; 2 K, we build the corresponding/iew set
by collectingthe p neighborhoodf the corresponding in the generatedmages,as showvn in Figure 4.



Fig. 5. Rohlustnesgo scaleand perspectie changesFirst row: The imageon the left shaws a keypoint selectedon the original image,
the threeimageson the right shav the samekeypoint retrieved at differentscalesunderperspectie distortion,and somesaturationand blur
effects. Secondrow: Samefor anotherkeypoint.

The above procedureaccountsfor sensitvity of the detectorto perspectie distortions.However, this
may not be sufcient becausewhen a keypoint is detectedin two differentimages,its preciselocation
may shift a bit due to image noise and viewpoint change.Iln practice,sucha positional shift resultsin
large errorsof direct cross-correlationrmeasuresOne solutionwould be to iteratively re ne the keypoint
localization[19], which could be costly Instead,we solve this problem by adding white noiseto the
syntheticviews beforekeypoint extraction. The resultingview setsthus capturethe positional shift, and
force the classi er to learninvarianceto this shift.

Eachview is renderedagainst a different, complex random background.The classi er is therefore
trainedto recognizethe keypoints on clutteredbackgroundjncluding pointsthat are closeto the object
visual boundary This contrastswith other patch-basednethodsthat fail to matcha keypoint when the
correspondingpatchoverlapsthe background.

V. KEYPOINT CLASSIFICATION AND RECOGNITION

Several classi cation algorithms, such as K-NearestNeighbor Support Vector Machinesor neural
networks could have beenchosento implementthe classi er Y introducedin Sectionlll. Among those,
we have found randomizedtrees[2] to be eminently suitablebecausehey naturally handlemulti-class
problemsandarerobust andfast,while remainingreasonablyeasyto train. They aresimple but powerful
toolsfor classi cation,introducedandappliedto recognitionof handwrittendigits in [2]. They areclosely
relatedto the regressiontreesin the CART method[5]. Several treesare grovn with someform of
randomizatiorasin [6] for example,but the queriescanbe more complex thanthoseof regressiontrees.
In this sectionwe rst describehembrie y in the contet of our problemfor the bene t of the unfamiliar
reader We then study their propertiesand justify our implementationchoices.

A. Randomizedrees

Figure 6 depictsa generictree. Eachinternal node containsa simple test that splits the spaceof data
to be classi ed, in our casethe spaceof imagepatchesEachleaf containsan estimatebasedon training
dataof the posteriordistribution over the classesA new patchis classi ed by droppingit down the tree
and performing an elementarytest at eachnodethat sendsit to one side or the other Whenit reaches
a leaf, it is assignedprobabilitiesof belongingto a classdependingon the distribution storedin the
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Fig. 6. Generictree usedfor keypoint recognition.When using C, tests,the nodescontaintestscomparingtwo pixels in the keypoint
neighborhoodthe leaves containthe P- . ,) (Y (p) = ¢) posteriorprobabilities.

leaf. Sincethe numbersof classestraining examplesand possibletestsare large in our case,building
the optimal tree quickly becomesdntractable.Instead,multiple treesare grown so that eachtree yields
a different partition of the spaceof image patchesWe discusstwo differentwaysto build the treesin

achieve a betterrecognitionrate that a single tree could. More formally, the tree leaves store posterior
probabilitiesP- .,y (Y (p) = ¢), wherec is a labelin C and” (I; p) is the leaf of tree T, reachedby the
patchp. Suchprobabilitiesare evalutedduring training as the ratio of the numberof patchesof classc
in the training setthatreach” andthe total numberof patcheghatreach”. Following [2], p is classi ed
by consideringthe averageof the probabilitiesP- .,y (Y (p) = ©):

X
Y(p) = argmax Pe(p) = arggnaX% P (Y(p) = ©) (1)
1=1::L

Figure7 givesanintuitive ideaof what makesthis approacha goodone.Eachtree performsa different
partition dependingon the speci ¢ testsit contains.Combiningthe outputof all the treesresultsin a ner
partition that yields a betterclassi cation. As the depthand numberof treesare increasedthis partition
becomesner and ner, andthe estimatedistribution become<loserandcloserto the actualone,at the
costof increasingboth computationakexpenseand memoryrequirementsThis trade-of will be studied
in SectionV-C.

p.(p) is the averageof the posteriorprobabilitiesof classc and constitutesa good measureof the
matchcon dence.We estimateduring training a thresholdT . to decideif the matchis corrector not with
a given con dences thatis

P(Y(p) = g¥(p) = cipe(p) > To) > s

In practice,we take s between60% and 90% Keypointsfor which p.(p) is lower thanT. areconsidered
askeypointsdetectedn the backgroundpr misclassi edkeypoints,andarethereforerejected.This leaves
only a small numberof erroneousnatchesghat RANSAC can easily handle.
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Fig. 7. Whatmakesthe Randomizedrreestick. (a) and(b) aretwo partitions,which resultin a ner one(c) whenthey are superimposed.
In a similar manney eachtree performsa different partition of the patchspace and combiningtheir responsesesultsin a ner partition.

The drawvback of RandomizedTreesis their greedyuse of memory Their size in memoryincreases
exponentiallywith the depth,and linearly with the numberof trees.For example,a single tree of depth
15 usesabout32 Mo for a 200 classesproblem. Therefore,the chosennumberof treesand their depth
are a trade-of betweenthe computermemory dedicatedto storethem and the recognitionrate. In the
following, we studythe in uence of theseparameter®n the recognitionrate.

B. NodeTests

In our implementationthe testsperformedat the nodesare simple binary testsbasedon the difference
of intensitiesof two pixels m; andm, takenin the neighborhoof the keypoint. We write thesetests
as Yo

) _If Iy p;my) - lIs(p;m,) goto left child
Co(M1iM2) = Giherwise go to right child

where I;(p; m) is the intensity of patchp at pixel location m, after Gaussiansmoothingto reduce
in uence of noise.Sucha testcan be seenas a teston the polarity betweenthe two locationsm; and
m,. In all our experimentsthe patchesareof size32 £ 32, sothatthe total numberof possibleC, tests
is 219, Fortunately sincereal-world imagesexhibit spatialcoherencepnly a very small subseis required
to yield goodrecognitionrates.

As shavn below, a few hundredsof thesesimple testsare usually enoughto classify a patch. This
involves only a few hundredsintensity comparisonsand additionsper patch,and is thereforevery fast.
Furthermorepecausehey only dependon the orderof the pixel intensitiesbetweenneighborsthey tend
to be fairly insensitve to illumination changesother than thosecausedby a moving shadaev. In other
words, to achiere the robustnesgo illumination effects demonstratedn Figure 1, our technique,unlike
mary others,doesnot requireus to normalizethe pixel intensities,for example by settingthe L, norm
of the intensitiesto one.

Note, however, that one advantageof Randomizedlreesis thatthey imposeno restrictionon the kind
of testsperformedat thenodesA treecaneven containdifferentkinds of tests.An in nite numberof tests
other than introducedabove could have beendesignedmost of which would be computationallymore
demanding.To shav that the oneswe choserepresenta good compromisebetweenrecognitionability
andrun-time speedwe will comparein SectionV-D their performancewith thoseof morecomple tests,
including testsbasedon histogramsof local orientationsandinspiredby the SIFT detector[15].

C. Growingthe Trees

To improve therecognitionrate,we usemultiple treesthatshouldpartitionthe patchespacan different
mannersas depictedby 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 expectedgain



in informationis usedto evaluatethe separatioref ciency. The gain causedby partitioninga setS of

examplesin several subsetsS; accordingto a given testis measureds

CE = X J.S—ijE(S-)' (2)
| | ]Sj i) s

whereE (s) is the Shannors entroyy i P J.Nzl p; 100,(p;) with p; the proportionexamplesin s belonging

to classj, andj:j denotesthe size of the set. The processof selectinga testis repeatedor eachnon-

terminal node,using only the training examplesfalling in that node.The recursionis stoppedwhenthe

noderecevestoo few examples,or whenit reaches givendepth.In our implementationthe depthvaries

betweenl0 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 can be seenas an extreme simpli cation of the rst method.For
example,in the caseof the C, test, the two locationsm; andm, for eachnode are picked at random
within the patch,independenthyof the training sampleghatfall into the nodeand of the testsperformed
further up in the tree.

To comparethe two tree-huilding methodswe have introduced,we usedthem both on the setof 200
keypointsdepictedby Figure4. This resultedin two setsof treeswhosenodescontainedC, binary tests
andwhosedepthwas limited to the samevalue.

When using the simpler approachwe grew the treesby randomly picking locationsfor eachnode,
as discussedbore. When using the entropy minimizing approachwe rst synthesizedlO0 newv views
differentfor eachtreeto grow. We thenrecursvely built the treesby trying n differenttestsat eachnode
andkeepingthe bestone accordingto the criterion of Equation(2). For the root node,we chosen = 10,
a very small numbey to reducethe correlationbetweenthe resultingtrees.For all other nodes,we used
n = 10d, whered is the depthof the node.Note that this heuristicinvolves randomizingon both tests
andtrainingdata.As notedin [2], therandomizingon testsis far morepowerful thanrandomizingon data.
We do the latter, not to improve classi cation performanceput to make our greedyalgorithmtractable.
Sinceintra-classvariationsare large, without it, too mary exampleswould be neededto samplea class
in a representate way.

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

We presenthere resultsfor treeswith a depthlimited to 12, which was found to be a good trade-
off betweenthe memoryrequirementsand recognitionrate. After having grown the trees,the posterior
probabilitiesin the terminalnodeswere estimatedising5000new trainingimages We thenmeasuredhe
recognitionrate R of the two setsof treesby generatinghew imagesunderrandomposesasthe ratio of
the numberof correctly recognizedpatchesand the total numberof generategatches.The evolution of
R for the two setsof treeswith respecto the numberof treesis depictedFigure 8(a). Taking the testsat
randomusuallyresultsin a smalllossof reliability at leastwhenthe numberof treesis not large enough
but considerablyreducesthe learningtime. The time dedicatedio growing the treesdropsfrom tensof
minutesto a few secondn a 2.8 GHz machine.

We alsoexperimentedvith normalizingthe p patcheof Sectionlll bothduringtrainingandatrun-time
to achieve higherrecognitionratesfor a given numberof trees.As in [15] we attribute a 2—-D orientation
to the keypoints that is estimatedfrom the histogramof gradientdirectionsin a patch centeredat the
keypoint. Note that by contrastwith [15], we do not require a particularly repeatablemethod.We just
want it to be reliable enoughto reducevariation within classes.Once the orientationof an extracted
keypoint is estimatedjts neighborhoods recti ed. Figure 8(b) compareghe recognitionrateswith this
normalizationstepfor the two differentmethodsof selectingthe tests.Takingthe testsat randomresultsin
aslightly larger but still smalllossof reliability. More importantly the normalizationgivesus signi cantly
improved rateswhen using only a small numberof trees.However, when using a large numberof trees,
the recognitionratesare similar with and without the normalization.
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Fig. 8. Comparingthe classi cation ratesobtainedusing treesgrown in two differentmannersas a function of the numberof trees.(a)
Without and (b) with patchorientationnormalization.The thick lines depictresultsobtainedby selectingteststhat maximizethe information
gain. The thin lines depictresultsobtainedby randomlychosentests,which resultin a small loss of reliability but considerablyreduceghe
training time. Note thatin all caseshe normalizationlets us achieve betterresultswith fewer trees.However when enoughtreesare used,
it doesnot improve the ratesarymore.

We draw two practicalconclusionsrom theseexperiments First, using randomtestsis sufcient and
keepsthe learningtime reasonabldor practicalapplications.Secondthe orientationnormalizationstepis
not required,but lets us reducethe numberof trees.Thereforethe choiceof usingsucha normalization
becomestrade-of betweertheamountof time requiredto normalizeandto classify whichis proportional
to the numberof trees.The amountof memoryusedby the treesshouldalso be taken into account.In
practice we have foundit moreeffective to normalizeandusefewertrees,n partbecaus¢éhenormalization
we useis much simpler than a full afne recti cation. Therefore,in the remainderof the paper we
normalizethe patchesand userandomlychosentests.

D. ComparingDifferent Node Testson Different Image Types

The above resultswere obtainedusing binary testsinvolving the comparisonof gray levels of two
neighboringpixels.Herewe discusghe valueof replacingthesetestsby moresophisticateadnesinvolving
additionalpixels. In additionto the family of C, binarytests,we alsoconsidertestsinvolving more pixels
locations.We de ne the C, family madeof teststhat comparethe differencesof intensitiesof two pairs

of pixel locations: .

2
If ls{psma) i lsdpsmz2) - ly{p;m3s)i ls{p;m4) goto left child;

Ca(myymzimama) = o vise go to right child.

Thesetestscompareboth the strengthand polarity of the edgebetweenm; and m,, andthoseof the
edgebetweenms; andmy.

We also de ne the C, family madeof more sophisticatedestsbasedon local orientationhistograms
computedasfollows. Like for the SIFT characterizationeachpatchis divided into 4£ 4 subreions,and
an array of histogramswith 8 orientationbins is computedfor eachregion. The testsin the C,, family

comparethe valuesof two bins: .

If Bin(uy;vs;01) - Bin(uy;v2;0,) goto left child;

Cn(Uy; Vi; 03U V23 02) = i go to right child.

Theresponsesf the C,, C4 andC,, familiesof testswere comparedusingtwo kinds of featurepoints.
In onecasewe useda setwe denoteas“Title”. It includes100keypointsdetectecon thetitle of the book
cover of Figure 1, which representsstrong and structurededges.The secondset of keypoints denoted
“Eyes” is madeof 100 keypoints detectedon the picture of the samebook cover, which presentsnostly
texturedareasFor both sets,we grew several setsof treesby varying the testsandtree depths We tested
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Fig. 9. Comparisonof recognitionratesas a function of the numberof trees,for differenttree depthsand different tests,appliedto the
“Title” (left) andthe “Eyes” (right) keypoints sets.First row: usingthe C, family tests;Secondrow: usingthe C4 family tests;Third row:

usingthe C, family tests.
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Fig. 11. Classi cationratesfor C,, C4 andCy, testsfamiliesasa function of the numberof trees.(a) “Title” set,(b) “Eyes” set. The depth
of the treesis 15.

themfor depthsrangingfrom 10 to 15, aslarger valuesquickly becomeintractabledueto the increasing
memoryrequirementsFigures9 and 10 summarizethe resultsas a function of the numberof treesand
of their depth.

Somaevhat surprisingly the C, testsresultsare slightly worsethanthe C, ones.The C;, testsslightly
outperformthe C, testson the Title set, which is not very textured, and yield approximatelythe same
recognitionrate on the more textured Eyesset.

However, andthisis remarkablethe differencesarenotreally signi cant. To illustratethat,in Figurel11l,
we superposehe resultsusing the three kinds of testsand the sametree depthequalto 15. This is a
very interestingproperty of the classi cation approach:Comple testsare not necessarysimple ones
sufce to reachsimilar performancesThis canbe explainedby the fact that the partition obtainedwhen
combiningthe treesbecomessufciently ne whenenoughtreesare used,provided that eachindividual
treepartitionsthe patchspacen a differentway. Sincethe Cy, testsare computationallymuchmorecostly,
in practicewe usethe C, testsasthe slight lossin performanceloesnot appearto have ary ill-effect on
our RANSAC-basedapproachto poseestimation.

VI. RESULTS

For planarobjectssuchas the books of Figures1 and 13 and the mousepad of Figure 12, we rst
use RANSAC to estimatean afne transformationbetweenthe referenceimage and the input image. It
is thenre ned by robust least-squaresstimation.As canbe seenin the gures andthe video sequences
submittedassupplementarynaterial the poseestimationis robustto illuminationschangesscalechanges,
occlusionsandsomeimageblur. As shavn in Figure 14, we alsoappliedour methodfor the detectionof
a sail over a 4000thousandrame video taken with a homecamcorderduring a regatta. Despitethe bad
condition—thesail is not very textured, it movesin and out of the eld of view, the cameramotion is
very jerky andthe illumination changesall the time—thesail is detectedn all frameswherea sufcient
portion of the sail is seen.

Our implementationhas beentestedon numerousobjectsunder different lighting conditionsusing a
simplewebcam,andan executablecan be downloadedfrom our website.lt runsat 25 framesper second
ona 2.8 GHz PC.

Figures2 and 18 shav detectionresultsfor the stuffed tiger for which a quickly built 3—D model. We
usea P3PalgorithmandRANSAC to robustly estimateits pose.The objectobjectis successfullydetected
from differentsides,differentdistancesand both from belov and above.

We comparedur resultswith thoseobtainedusingthe executablehatimplementghe SIFT method[15]
kindly provided by David Lowe. As shavn in Figures16 and17, whenthereis little distortion,the SIFT
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Fig. 13. Anotherexampleon which our systemhasbeentested.

approachyields a few more matchesHowever, whentoo much perspectie distortsthe objectimage, it
producedar fewer, while our approachs not perturbed.

To be fair, we note again that this robustnesscomesat the costof a training stagethat SIFT doesnot
require.If training is possible,as suggestedn [15] and demonstratedn [25], SIFT can be mademore
robust to distortionsby using multiple views of the target object, storingall the SIFT featuresfrom these
views, and matchingagainst all of them. This doesnot signi cantly increasethe matchingtime when
approximatenearest-neighbdt-D tree searchis used.It remains,however, lesscomputationallyeffective
than ours, which depend=nly on a limited numberof pixel intensity comparisons.

As shavn Figures19 and 20, our methodcan also be usedto detectdeformableobjectsand estimate
their deformationat 10 framesper secondon a 2.8 GHz PC. As describedn [24], objectsare modeled
by deformablemeshesThe keypoints positionsare expressedas weightedsumsof the meshverticesin
the model image and changeas the meshis deformed.Fitting then amountsto minimizing a criterion
thatis the sumof two terms.The rst is a robust estimateof the squaredistancef the keypointsin the
modelimageto that of the correspondingnesin the inputimage.The seconds a quadraticdeformation
enepgy [10]. This quadraticterm allows the use of a semi-implicit minimization schemethat corverges

b

Fig. 14. Detectinga sail. Four framesfrom a 4000framevideo acquiredusinga homecamcordeiduring a regatta. Eventhoughthe camera
jerks,the zoomchangesandthe lighting conditionsare poor, the sail is detectedn all frames,suchasthoseshavn abore, wherea sufcient
portion of the sail is seen.



14

Fig. 15. Detectionof the book: The white linesrepresentheinlier matchesestablishedn real-timeunderseveral poses.The corresponding
video sequenceés submittedas supplementarynaterial.

even whenthe initial estimateis very far from the solution,which, in our contet, is what happenavhen
the objectis severely deformed.When combinedwith an appropriatelyde ned robust estimatorfor the
keypoint distancesand optimization schedule this approachto minimization allows real-time detection
in under 100 millisecondswhile being robust to large deformations severe occlusions,and changesn

lighting.

VIlI. CONCLUSION AND PERSPECTIVES

We have developedan approachto 3—D object-detectiorand poseestimationthat relies on statistical
learning techniquesto perform much of the required computationduring a training phaseso that, at
run-time, we can achieve both speedand reliability. Like mary others,our approachrelies on matching
keypointsextractedfrom oneor moretrainingimagesof thetargetobjectagainstthoseextractedfrom input
images.Whatis new is to have reformulatedthe wide-baselinematchingproblem,which this involves,
as a classi cation problemthat can be effectively solved using randomizedtreesthat are both fastand
easilyimplemented.

We have shawvn that very good resultscan be obtainedusing a very simple approachto building the
trees.More sophisticatedbuilding methodsyield slight performancencreaseshut at the cost of much
largerrequirement®othin termsof computatiorandmemory In practice giventhefactthatwe userobust
techniquego estimate3—D posesrom the matcheswe have not found it worthwhile to imposethat extra
burdenasthe simplertechniquesaresufcient to achieve robustframe-ratedetectionand poseestimation.
However, we could easily replaceindividual component®f our approachsuchasthe keypoint detectoy
by improved or more genericonesasthey becomeavailable without changingits overall philosoply.
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Fig. 16. Comparisorwith SIFT (left image)andour approach(right image).Whenthereis little distortion,the SIFT approachgivesa few
more matcheshut whentoo much perspectie distortsthe objectimage, it givesonly few matcheswhile our approachs not perturbed.

Our approachis well adaptedto caseswhere one or more imagesof the target object are available
for off-line training purposeslf the objectis eitherplanaror nearly so, the imagescan be directly used
without ary 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 procedurdtself sothatit can
alsobecomean in-line processtherebyremaoving the major limitation of our approachwhen compared
to state-of-the-arbnesthat do not requirearny a priori training. One obvious way to achieve this is to
rst track the target object underfavorable conditionsusing standardechniqueswhich will allow us to
follow keypointsacrossramesandto incrementallybuild the view-setsandthe correspondindrees.This
will constitutea startingpoint for our future investications.
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