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Abstract

We proposeanef cient real-timesolutionfor trackingrigid objectsin 3D usinga singlecamerahatcanhandle
large cameradisplacementsjrasticaspectthangesand partial occlusions While commercialproductsare already
available for ofine cameraregistration, robust online tracking remainsan open issue becausemary real-time
algorithmsdescribedn the literaturestill lack robustnessand are proneto drift andjitter.

To addressheseproblems,we have formulatedthe tracking problemin termsof local bundle adjustmentand
have developeda methodfor establishingimage correspondencethat can equally well handle short and wide-
baselinematching.We thencanmeirge the informationfrom precedingrameswith that provided by a very limited
numberof keyframescreatedduring a training stage which resultsin a real-timetracker that doesnot jitter or drift
and candealwith signi cant aspectchanges.
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. INTRODUCTION

In this paperwe proposean ef®cient real-time solutionto single-cameraD tracking that can handle
large cameradisplacementsextreme aspectchangesand partial occlusions.While commercialproducts
arealreadyavailablefor of ine cameraregistration,robustonlinetrackingremainsanopenissuebecauseét
mustbe fastandreliable.Many of the real-timealgorithmsdescribedn the literaturestill lack robustness,
tendto drift, canlosea partially occludedtarget object,andare proneto jitter that makesthemunsuitable
for applicationssuchas AugmentedReality.

To overcomethese problems,we have developed an algorithm that memges the information from
precedingramesin traditionalrecursve fashionwith that provided by a very limited numberof reference
images,or keyframes This combinationresultsin a systemthat doesnot suffer from ary of the above
dif®culties and can deal with aspectchangesand occlusions.In essencewe combinethe strengthsof
methodghatrely on absolutanformation,suchaskeyframes with thosebasedn chainedransformations.
The formerdo not drift but cannotprovide enoughprecisionfor every framewithout a very large amount
of absoluteinformation, which resultsin jitter. The latter do not jitter but tendto drift or evento lose
track altogether

To this end,we have formulatedthe tracking problemasone of local bundle adjustmenin sucha way
thatit canbe solved very quickly. For a particularframe, the input dataare correspondencesomputed
using a fasttechniquethat can handleboth shortand wide-baselinematchingand, thus, candeal equally
well with precedingrrames,seenfrom relatively similar viewpoints,andkeyframeswhoseviewpoint may
be quite different.Our tracker startswith a small usersuppliedsetof keyframes.The systemthenchooses
the most appropriateone using an aspect-basethethodand, if necessarycan automaticallyintroduce
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Fig. 1. First row: Video sequenceavith overlaid 3D modelwhoseposehasbeencomputedonline using eight keyframes.Secondrow: We
track a face using a genericmodel that has not beentailored for this speci®cman using one keyframe. Third row: The samemethodis
usedto track a 1000 framesvideo sequenceof a corridor We usedfour keyframes.The correspondingrideo sequencesire submittedas
supplementarynaterial.

new onesasit runs.It requiresa 3D model of the target objector objects,which, in practice,is not an
issuesincesuchmodelsare also necessaryor mary of the actualapplicationsthat require 3D tracking.
Furthermore such modelscan be createdusing either automatedechniquesor commercially available
products.Unlike previoustechnigueghatlimit the rangeof objectshapeghatcanbe handledwe impose
no suchconstraintand considerary objectthat can be representedy a 3D mesh,suchasthoseshavn
in Fig. 1.

II. RELATED WORK

Of ine cameraregistrationfrom an image sequencdl], [2] hasprogressedo the point where com-
mercial solutionshave becomeavailable. By matchingnatural featuressuch as interestpoints between
imagesthesealgorithmsachiere high accurag even without a priori knowledge.Speedand causalitynot
being critical issues,thesealgorithmstake advantageof time-consumingout effective batchtechniques
suchasglobal bundle adjustment.

By contrast,real-time registration methodstend to be lessreliable since they can not rely on batch
computationsThosethatwork without a priori knowledgeimposeconstraintghatarenot alwayspractical
in complex ervironments:For example,[3] assumeshatthereareno correspondencesrors,and[4] that
the cameracenteris moving in sucha way that one cancheckif the correspondencegspecthe epipolar
constraint. The method presentedn [5] usesrobust pose detectionto track featureswhen thereis a
planein the sceneusing chainedhomographidransformationsyhich may resultin drift. Similarly, [6]
tracks naturalfeaturesand treatsas outliers all the regions and points that do not have the sameplanar
rigid motion. More recently a methodthat relies on the ®ve-pointalgorithm[7] combinedwith bundle-
adjustmentover the last few frameshasbeenshownn to yeld good resultsif oneis willing to toleratea
shortdelay in processing8]. However, most of the methodsof this naturederive the cameraposition
by concatenatingransformationsdetweenadjacentframes.Over short sequencesthe tracking may be
accurateand jitter-free but, over long ones,thesemethodsoften suffer from error accumulationwhich
producedrift, and cannotdeal with severe aspectchanges.
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Fig. 2. Modelsand keyframes.(a) Referenceviews are acquired,registeredand usedto build the models.(b,c) Models usedto track the
projectorandthe corridor of Fig. 1.

Model-basedpproachessuchasthoseproposedn [9], [10], [11], avoid drift by ®nding cameraposes
that correctly re-projectssome®xed featuresof a given 3D modelinto the 2D image.Thesefeaturescan
be edges/ine sggments,or points. The best®t is found throughleast-squareminimization of an error
function, which may lead to spuriousresultswhen the procedurebecomestrappedin erroneoudocal
minima. As a result, suchapproacheswill track objectswith acceptableaccurag for a while, but their
behaior can becomeerratic when aspectchangesoccut or simply when target object featuresbecome
very closeto eachotherin projection.Using optical o w in additionto edge-informatiorhasbeenshavn
to help [12] but is sensitve to illumination effects. Similarly, texture-basedapproache$13], [14], [15],
which rely on globalfeaturessuchasthe whole patternof aface,do not drift but aretypically lessreliable
than feature-basednethods.They caneasily fail wheneven a small part of the object movesout of the
sceneor whentherea strongillumination changeoccurs.

Usingsomeform of absolutenformationis oneway to eliminatethe failure modesdescribedbove. For
example,in [16], a very limited numberof pointsare usedfor templatematchingagainstkeyframesand
the systemkeepstrack of disappearingand appearingpoints. Similarly, in [17], two referenceframesare
usedfor trackingthe whole sequenceBoth approachesequiresmoothingby meansof Kalman®ltering
for jitter correctionand exploit only two of ine keyframes,without providing obvious waysto usemore
if they areavailable.

The approachpresentedn [18] solves someof the problemsby combiningabsoluteinformationfrom
3D edgeswith featurepoint trackingby enforcingthe epipolarconstraintover pairsof successie frames.
Drawbacksof this method are that the cameracenter must translateand that the fundamentalmatrix
computationfor pairs of closeframescan be unstable.This paperdescribesa methodthat hasno such
limitations and extendsan earlier publication[19].

[1l. TRACKING AS MODEL BASED BUNDLE ADJUSTMENT

As discusse@bove, both the recursve andabsoluteinformationbased-approachés real-timetracking
have advantagesanddravbacks.Our contribution is to combinetheir strengthgo eliminateboth drift and
jitter. To this end, we formulatetrackingin termsof a bundle-adjustmenproblemand shov how it can
be madeto run in real-timewithout giving up accurag.

In this section,we ®rst shav how we exploit 2D correspondencebetweenincoming imagesand
keyframesto computea rough registration.We thenre®ne our approachby alsotaking into accountthe
information provided by neighboringframes.The stratgy we useto establishthe correspondencewill
be discussedn the following section.In the remainderof this section,we will assumethat the internal
cameraparametersare known and ®xed. In SectionV, we will showv that, in practice,rough estimates
suf®ce becausehe algorithmis relatively insensitve to changesn focal length.

A. Matching Againsta Key Frame

Let us assumethat during a training phase,someimagesof the target object have beencapturedand
registeredusing corvential techniquesbasedon 2D-3D correspondencess will be discussedn more



detailin Sectionlll-D. We usea standardcornerdetector[20] to extract 2D featurepoints and compute
their 3D positionsby back-projectingthem onto the object model. We will refer to theseimagesand
associateghoseparametersas keyframes.

Thesekeyframescould sene to registeran incomingimageat time t usinga simple approachiet the
mi be the 2D featurepointsthe cornerdetectorextractsfrom it. By matchingthemagainstthosefoundin
keyframer andwhose3D positionis known, we establisi2D-3D correspondencefhatis we associateo
mi the 3D point M Y®), wherev(i) is anindex in the setof keyframe points. The matchingis performed
using the correlation-basedechniquedescribedn SectionlV. The simplestway to estimatethe camera
positionwould thenbe to minimize the reprojectionerror

X . 2
re = TUK My P M YO ; 1)
i=1

with respectto the orientationandtranslationparametershat de®neR, the poseat time t, where

(P; M) denoteghe projectionof 3D point M given the poseP;
Tuk IS the Tukey M-estimatorusedfor reducingthe in uence of wrong matcheq21].

However, in practice this would resultin jitter becausehe successie camergpositionswould berecovered
independentlyfor eachframe. As discussedelow, we avoid this by also consideringcorrespondences
with neighboringframes.

B. Taking NeighboringFramesinto Account

We canalsoestablishcorrespondencdsetweerfeaturepointsfoundin the currentframeandin theones
precedingit. We usethe techniqueof SectionlV to extractand matchthesepoints at eachiteration. Let
then! be 2D coordinatesf pointi in framet andlet N' be the correspondingynknavn, 3D coordinates.
We could incorporatethis additionalinformation by minimizing

Xt XX . .2
rj + TUK ] P;;N' : (2)
j=1 i=1j2 i
wherer; is de®nedin Eq. 1, with respectto P, : : : P; the camergposesup to time t, andto the 3D points
N', where ' is the setof frameswherethei-th featureappearsin practice,to limit the requiredamount
of computation,we restrict oursehes to the currentand previous frames. The problem then becomes
minimizing !
X
min  ry+org o+ e 3
Pt;Py 1N ! vl i >t ( )
with
i _ i N2 w(i) N2
St = Tuk Iy Pi; N + ngy Pt ;N ; (4)

wherethe interestpoint ni detectedn the currentframeis matchedwith the point n¥"(il) detectedn the
previous frame.

C. TransferFunction

The formulationoutlinedabove would still resultin a computationallyintensie algorithmif we treated
the 3D coordinatesof the N' as optimization variable. However, as shovn in [22], we can exploit the
factthatthe N' areon the surfaceof the 3—D modelto eliminatethosecoordinatesfrom the s| termsof
Eqg. 4 and, thereby drasticallyreducethe numberof unknovns by possibly several hundredsthree per
point. Only 12 unknownns, six for the poseattimet 1, six for the poseat time t, needto be optimized.



Fig. 3. Thetransferfunction backprojects} in framet to the models surfaceat N; andreprojectsN; into framet 1.

First, note that the optimizationof Eq. 3 canbe rewritten as
!

X
min  r¢+ ry ¢+ min ' 5
pi Tt t 1 Niist ()
sincer, andr, ; areindependenbf the tracked pointsN . Insteadof estimatingthe N', the s} termscan
be approximatedusing a transferfunction that involves only the point projections.As showvn in Fig. 3,
given a point n in the ®rst frame and the posesP and P° of the two frames,sucha transferfunction
( n;P;P9Y returnsthe point n® such that thereis a 3D point N belongingto the model surface that
satis®@esn = (P;N) andrP= (P%N). sl canthenbe approximatedas
) . .2

St = Tuk n'Q; P 1Py Ny : (6)
This formulation,however, is not symmetricbecausehe currentand previous framesplay differentroles.
To make it symmetric,we take s; to be

s = Tuk N O N 10 N NP (7)

This is a simpli®ed version of the formulation presentedn [22], which resultsin a straightforvard
implementatiornthat is well adaptedo our real-time constraints.

In theory computingthe transferfunction can be expensve. In practice,at the start of eachopti-
mization,we usethe poseestimatedor the previous frameto quickly estimateto which faceta 2D point
backprojectsaandtake to be the homographyinducedby that facet. To further speedup this process,
we usea “Facet-ID” imagecreatedby encodingthe index i of eachfacetof the tamget object's modelas
a uniquecolor and using OpenGLto renderthe modelinto the imageplane.Given a 2D point which is
the projectionof a 3D point of the model, the mentionedmethodallows us to ef®ciently ®nd the facet
this point belongsto.

D. Keyframes

At eachtime stept, the systemselectsa keyframeto evaluatether; ; andr; termsof Eq. 5. Keyframes
are thereforecentralto our approachsincethey provide the absoluteinformation that makes our system
robust. Here,we ®rst brie y explain how they arebuilt during training. We thendescribehow we switch
from oneto anotherat runtime and createnev onesas needed.

During training, the useris asked to choosea set of imagesrepresentinghe target object from one
viewpoint, asin the caseof the faceof Fig. 1, or more,asin the caseof the projectoror the corridor of
Fig. 1. Giventhis set,we usesoftware packagesuchasthosesold by RealMz™ or 2D3™ to compute
the P poseparameter®f Sectionlll-A for eachkeyframe.Becausehey canrely on batchcomputation,
their resultscan be expectedto be reliable. For example, ImageModelerfrom Realviz can be usedto
estimatethe pose parametersvhile interactvely build the 3D model. In practice, this task takes few
hours, dependingof the object compleity. If the 3D modelis known, calibrating few keyframesis a



Fig. 4. Pixels aroundinterestpoints are transferredfrom the keyframe (left) to the re-renderedmage (right) usinga homographywhich
canbe locally approximateddy an af®ne transformation.

matter of minutes.As discussedbove, our systemthen detectsinterestpoints, back-projectshosethat
lie on the objectsurface,and storesthe resultsin a databasethus completingits training.

Choosingthe right keyframe to use when minimizing the criterion of Eq. 5 is an importanttask on
which the quality of the matchingdepends.The keyframe's aspectmustbe as close as possibleto that
of the currentframe. Sincethe cameraposition for the currentframe is not yet known, we choosethe
keyframe closestto the cameraposition and orientationestimatedor the previous frame, accordingto a
Mahalanobigdistancethat takes into accountboth the position and orientationof the camera.

When the current cameraposition gets too far from arny known keyframe, the numberof matches
may get too low to provide a satishctory registration. To avoid restrictingthe rangeof possiblecamera
motions,new online keyframesare automaticallycreatedat runtime whenthe posebecomegoo different
from thosestoredin the databaseWhenthe numberof inlier matchesdropsbelon a threshold,an online
keyframeis generatedrom a previous framefor which the estimatedviewpoint is morereliable.For such
online keyframes,the viewpoint accurag can not be expectedto be as accurateas the onesfor of ine
keyframes,and thereforecanresultin a slight loss of tracking accurag. Neverthelessthis problemwill
disappeamwhenthe cameracomescloseagainto an of ine keyframe.

V. SHORT AND WIDE BASELINE REAL-TIME MATCHING

Our algorithm relies on matching2D featurepoints acrosspairs of imagesthat may or may not be
consecutre. Whenmatchingpointsbetweenconsecutie frames,the two viewpointsarefairly similar and
we usea simple matchingstratgy: Eachpoint in the ®rst imageis matchedto the point in the second
imagethat maximizesa normalizedcross-correlatiorscoreamongthosein its imageneighborhoodThis
processs repeatedy reversingtherolesof thetwo imagesandwe keepthe point pairswhich arematched
to eachother Normalizedcross-correlations only invariantto illumination changesvhenthe materialis
Lambertian.We can neverthelesshandleobjectswith specularitiesaslong asthey arelocal andwe can
correctlymatchenoughfeaturepoints elsavhere. This is for examplethe casefor the humanfaceof Fig.
1.

When matchingan input image againstthe keyframe one, the viewpoints the two pictureshave been
taken may be considerablydifferent. In orderto performwide baselinematchingin real time we must
extend our matchingstratgy. Therefore,we synthesizean intermediateimage as depictedby Fig. 4 by
skewing the pixel patchesaroundeachinterestpoint from the keyframe viewpoint to the previous frame
viewpoint, having an aspectthat is always close to the currentimage. By locally approximatingthe
object surface aroundthe interestpoints by a plane,eachpatchin the keyframe can be relatedto the
correspondingmagepointsin the re-renderedmageby a homographyGiven the plane associatedo
a patcharoundinterestpoint mg and representedby its normal 'n andits distanceto the origin d, the
homographyH it inducescan be expressedsimply [23].

Let P = A[R | T] be the projectionmatrix of the input viewpoint, where A representghe intrinsic
parametersR the rotationandT the translation.Similarly, let Px = Ak [Rk | Tk ] the projectionmatrix



Interestpoint extraction 8 ms
Matching (KF+previous Frame) | 15 ms
Rohust viewpoint estimation | 7 ms
Local Adjustment 10 ms

Fig. 5. Computationtimeson a PentiumlV, 2.6GHzfor our tracker, for 500 extractedinterestpoints,on 320 240 images.

for the keyframe.H canthenbe written as
H=Ax R TnP= A‘?; (8)

with
R=RRl; T= RRITk+T;n°=R¢n:d=d TI(R¢Mn): (9)

ThematrixH transferghe pixelsm aroundmg to the pixelsm®in there-renderedmagesothatm®= Hm.
To save computatiortime, this transformatiorcanbe approximatediroundm, by anaf®ne transformation,
obtainedby the ®rst orderapproximation

m°= Hmg+ Jy(mg) (M my) (10)

whereJy is the Jacobianof the functioninducedby H.

V. RESULTS

In this section,we presentseveral examplesthat highlight our tracker's ability to handlea wide range
of situationsand objects,suchasthe onesshown in Fig. 1.

Fig. 5 shavs the computationtimes requiredto performkey operationson a 2.6 GHz PIV. They are
small enoughfor our tracker to run at 25 frames/seconan 320 x 240 images.The frame-ratefalls to
15 frames/seconan 640 x 480 imagesbecausehe interestpoints extraction is heavier. The tracker is
initialized by manuallyputting the target objectin a positionthatis closeto the one of the keyframes.lIt
doesnot needto be very accurate pecausehe tracker startsas soonasthereare enoughmatchedpoints
betweenkeyframe and incomingimage.

The tracker is robust to:

Aspectchanges:In the exampleof Fig. 1, eightkeyframesallow our tracker to handlethe drasticaspect
changesf the projector Similarly, only four keyframeswere requiredto track the cameratrajectoryin
the corridor.

Model inaccuracies: The face model usedto track the face of Fig. 1 was a genericface model that
was not tailored for a particular person,which doesnot affect the tracking quality. Similarly, thereis a
small errorin the 3D projectormodelof Fig. 2(b): The position of one of the two cylinderson the front
faceis inaccuratewhich doesnot resultin ary obviousill effects.

Occlusions:In thevideoof Fig. 6(a)the objectgoesout of the sceneuntil only a smallpartof it remains
visible. Thenit comesbackbut a handhidesa large portion of it. Becausehe algorithm considerdocal
featuresthetrackingis notdisruptedby partialocclusionsaslong asenoughfeaturepointsremainvisible.

Focal length changes:Fig. 6(b) shovs a sequencen which the focal lengthincreasedrom 12 to 36
mm. The tracker usesa ®xed value for the focal lengthand compensateby adjustingits estimateof the
object’s distance.

Scalechanges:Fig. 6(c) shavs someframesfrom a sequenceavherethe tracked objectis undegoing
large scale changeswith no tracking failure. As discussedn Sectionlll-D, the tracker automatically
createsnew online keyframeswhenthe scalechangeg€oo much.

lllumination changes:Fig. 6(d) shavs asequencé whichthelighting decreases hetrackingremains
stableeven thoughthe objectendsup beingbarelyvisible.
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Fig. 6. Handlingdif®cult situations.(a) Occlusionsand objectmaoving out of the picture. (b) Changesn focal length. (c) Large changes
in scale.(d) Changesn illumination.

The algorithm has beensuccessfullydemonstratedt the CVPR 2003 and ISMAR 2003 conferences
in Madison,WI and Tokyo whereit was usedto track the facesof mary peopleand add virtual glasses
and mustachesThe correspondingrideosare available at

http://cvlabep .ch/research/augm/augmented.html.

As mary trackingalgorithms,our tracker can breakdown in someconditions,suchaswhentheimage
getsblurred or the quality is not suf®cient for the featuredetection.A more speci®c problemappears
whenonline keyframesprovide erroneousnformation,which canhappenvhenthe target objectis mostly
occluded.In suchcasesthe systemmay createa keyframe that also capturesthe occluding objectand
corruptsthe result.

VI. QUANTITATIVE EVALUATION

To evaluatethe accurag of our tracker, we performedthe testsdepictedby Fig. 7: The top andbottom
rows depictthe recoreredevolution of the threecoordinatesof the cameracenterin the ®rst 400 frames
of the projector sequenceof Fig. 1 and of the tea box sequenceof Fig. 8. For comparisonpurposes,
we alsotracked the objectsin thosesequencesising the RealMz'™ MatchMover packagelt usesbatch
techniqueghatyield very accurateresultsand allows manualintervention,which we have usedto ensure
correctnessWe cantreatits outputasthe groundtruth. Furthermorethe commercialpackagevasrun on
full sizeimages,whereasour tracker usedreduced-sizeémagesto satisfy the real-timerequirementsAs
shavn in Fig. 7, the trajectory estimatedby the batchtechniquesand the one estimatedby our method
remaincloseto eachother The mediandistancedifferenceis aboutl.5 cm for the teabox sequenceavhile
the cameradistanceto the objectis about50 cm. For the projector sequencethe mediandifferenceis
approximately4 cm.



Fig. 7. Comparingagainstgroundtruth. In eachplot, the thick line representshe true valuesof one of the threecoordinatef the camera
centerwhile the dottedline depictsthoserecoreredby our algorithmfor the ®rst 400 framesof the sequenceslop row: Projectorsequence
of Fig. 1. Bottom row: Teabox sequencef Fig. 8.
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Fig. 8. A 400-framesequencebtainedby tracking a teaboxand usedfor the quantitatve evaluationof SectionVI.

To demonstratehat this good performances indeedthe result of combiningofine and online infor-
mation, and not of either approachalone,we usedour genericfeaturematchingapproachto track the
projectorin the sequencef Fig. 1 in threedifferentways:

Matchingonly againstthe previous frame.

Matchingonly againstthe keyframe.

Matchingagainstboth.
As before,the plots of Fig. 9 showv the evolution of one of the cameracentercoordinateswith respecto
the frameindex. The ®rst plot demonstrateshat the “of ine keyframesonly” methodsuffers from jitter.
The secondplot depictsthe recursve method,whereerror accumulationcorruptsthe tracking. The third
plot representshe resultof meging the two approachesas proposedn this paper

VIl. CONCLUSION AND FUTURE WORK

In this paperwe presentedh robust and jitter-free tracker that combinesnaturalfeaturematchingand
the useof keyframesto handleary kind of cameradisplacementsing real-timetechniquesWe usethe
model information to track every aspectof the target object, and to keepfollowing it even whenit is
occludedor only partially visible, or whenthe cameraturns aroundit. A setof referencekeyframesis
createdoff-line and, if thereare too few of them, new framescan be automaticallyaddedonline. We
exploit of ine and online information to prevent the typical jittering and drift problems.The matching
algorithmis designedto matchframeshaving very differentaspectsandin the presenceof rotationsof
up to 60 degrees.We select,at eachtime step,the most appropriatekeyframe and we exploit hardware
acceleratedunctionsto implementmary critical parts.We can useour tracker for textured objectsfor
which a model exists. This could be further improved by integrating the contourinformationin orderto
increasethe precisionandto handlea larger classof objects.
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Fig. 9. Comparingthreedifferentapproachesin eachgraph,we plot one of the cameracenters coordinatesecoreredusing the different
methodsagainstthe groundtruth depictedby the individual dots. (a) Keyframe-basedracking. (b) Recursie tracking. (c) Our methodthat
eliminatesboth the jitter visible in (a) andthe drift visible in (b).

Future work will focus on estimatingthe cameraposition from a single imagein order to initialize
the tracker andto recover whenit fails. Recentadwvancesin textured 3D objectrecognition[24] should
make this possiblewith goodaccurag andreasonablepeed.n [25], we investigateda preliminary but
promising,approachto automatednitialization. During a training phase we constructfor eachkeyframe
a databasef appearancesf the keypointsasthey would be seenundermary differentviews. At runtime,
givena new imageof the target object,the cameracanthenbe registeredonline by matchingthe feature
points presentin the image againstthe databaseThis initialization method, as the tracking approach
presentechere, relies on natural feature points matchingand hasthe samedesirablepropertiessuchas
accurag androbustnesdo partial occlusionsJighting changesand clutteredbackgroundNeverthelesst
is still slow for interactve applications.Our goal will thereforebe to shift someof the computational
burdenfrom runtime matchingto precomputedraining.
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