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Abstract

We presenta fully automatedapproach to camera reg-
istration for AugmentedRealitysystems.It relieson purely
passivevisiontechniquesto solvetheinitializationandreal-
timetracking problems,givena roughCAD modelof parts
of the real scene. It doesnot require a controlled environ-
ment,for exampleplacing markers. It handlesarbitrarily
complex models,occlusions,large camera displacements
anddrasticaspectchanges.

This is madepossibleby two major contributions: The
�r stoneis a fastrecognitionmethodthatdetectstheknown
part of thescene, registersthecamera with respectto it, and
initializesa real-timetracker, which is thesecondcontribu-
tion. Our tracker eliminatesdrift and jitter by merging the
information from precedingframesin a traditional recur-
sivetracking fashionwith that of a very limited numberof
key-framescreatedoff-line. In the rare instanceswhere it
fails, for examplebecauseof large occlusion,it detectsthe
failureandreinvokestheinitialization procedure.

We present experimental results on several different
kindsof objectsandscenes.

1. Intr oduction

Using thewell known AR toolkit [14] is a goodway to
obtaingoodregistrationdatabecauseit is easyto use,au-
tomatic and robust. This level of performance,however,
requiresthe useof markers, which is often cumbersome
andsometimeseven impossible. By contrast,we propose
a registrationmethodbasedon naturalfeaturesthat, given
a roughpartial CAD modelof the scene,achievesa com-
parablelevel of automationwhile beingaccurateenoughto
providethevisualcomfortrequiredby AR applications.

This hasbeenmadepossibleby our two main contri-
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butions. The �rst oneis a fastandautomaticinitialization
methodthatdetectstheknown partof thesceneandregis-
tersthecamerawith respectto it. During a learningstage,
a databaseof featurepointsin thesceneis build. Givenan
imageof thescene,thecameracanthenberegisteredonline
by matchingthefeaturepointspresentin theimageagainst
thedatabase.This approachis inspiredby recentwork on
objectrecognition[15, 1] andwide-baselinematching,but
ourmethodgoesmuchfurthertowardsreducingthecompu-
tationalburden,thusmakingit suitablefor AR applications.

The secondcontribution is a real-timecameratracking
that canhandlelarge cameradisplacements,drasticaspect
changesandpartial occlusionsandthat is drift- andjitter-
free,without imposingany restrictionon thetargetobject's
complexity. It achieves this level of performanceby fus-
ing the information from precedingframesin a conven-
tional recursive trackingfashionwith the oneprovidedby
a very limited numberof key-framescreatedduringanoff-
line stage.In therareinstanceswhereit fails, for example
becauseof largeocclusion,it candetectthefailureandrein-
vokestheinitializationprocedure.Figure1 depictsatypical
behaviour of our trackeronasimpleapplication.In theRe-
sultssection,we will show thecapabilityof our systemin
morecomplex situations.

We believeoursystemto gowell beyondthecurrentAR
state-of-the-art:While automatedinitialization is a crucial
problemfor practicalapplications,it is rarelyaddressedin
thecontext of naturalfeaturebasedtracking.Most existing
trackersareinitialized by hand,or requirethecamerato be
very closeto a speci�ed position. Furthermore,whenthey
losetrackthey typically haveto bereinitializedin thesame
fashion. Similarly, while the off-line cameraregistration
problemcanbeconsideredasessentiallysolved,robuston-
line trackingremainsanopenissue.Many of thereal-time
algorithmsdescribedin the literaturestill lack robustness,
canlosea partially occludedtarget object, tendto drift or
areproneto jitter, which makes themunsuitablefor real-
world AugmentedRealityapplications.

Our systemrequiresa small user-suppliedset of key-
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Figure 1. Typical behaviour of our system. a: a keyframe of the tracked object, used during the
learning stage; b: an image is given to the system, it is matc hed with one of the keyframes (here the
one sho wn in a) to automaticall y initializ e the tracker; c and d: feature points are tracked to register
the camera, even under par tial occ lusions; e: the tracker fails because of a complete occ lusion of the
tracked object, the failure is detected and the initialization procedure is reinvoked; f: this procedure
recogniz es the object when it reappear s; g: the tracker can handle aspect chang es; h, i and j: vir tual
objects can be added with respect to the tracked object, and occ lusion are properl y handled. By
watc hing the video at http://cvlab.ep�.c h/resear ch/augm/, one can see that the vir tual objects are
remarkab ly stab le.

framesanda roughCAD model of part of the real scene
for both initialization and tracking. In theory, this canbe
seenasa drawbackbut it is not really onein practice: A
CAD modelis alsorequiredby mostAR applicationsthat
canbene�t from a 3D tracker andcaneasilybecreatedus-
ing eitherautomatedtechniquesor commerciallyavailable
productssuchasImageModelerby RealViz(TM) , or Boujou
by 2D3(TM). Thesecommercialproductscanalsobeusedto
veryquickly createa few key-frames.Thekeyframesmake
thetracker robust,andallow automaticinitialization.

Unlikeprevioustechniquesthatlimit therangeof object
shapesthat canbe handled,we imposeno suchconstraint
andput no restrictionon the object type or its complexity
aslong asenoughfeaturepointsarepresent.We have been
ableto trackobjectsasdifferentasa machinetool, a corri-
dorandahumanface.

In the remainderof the paper, we �rst discussrelated
work. Section3 explicits some important details about
keyframesusedin our system. Section4 describesour
initialization method,andSection5 describesthe tracking
stage.

2. RelatedWork

2.1 Automatic Initialization

Few works addressspeci�cally the problemof tracker
initialization in theAugmentedRealityarea,but this prob-
lem is closelyrelatedto objectrecognition.In this research

domain,two approachescanbedistinguished,eitheraview-
basedrepresentationor a3D representationis used.

View basedmethodsrepresentobjectsby asetof images
[18, 19] or imagepropertiessuchashistograms[24], and
have the advantageof allowing fast recognition,even for
complex objects.Nevertheless,it canrequirehugeamounts
of memory, andit is dif�cult to handleocclusionsandclut-
teredbackgrounds.Consideringtheobject3D modelallows
more�e xibility . In this case,theobjectrecognitionandthe
cameraregistrationaresimultaneouslyperformed:2D geo-
metric featuressuchascornersor edgesareextractedfrom
the imageandmatchedagainsttheobject3D features,and
geometricconstraintsareappliedto removespuriouscorre-
spondences.Thesemethodsarerestrictedto relatively sim-
pleobjects,andcanberelatively expensive [13, 5] in terms
of computationtime.

Recently, methodsthat combineboth approacheshave
beendeveloped.Theobjectto berecognizedis represented
by a setof key pointscharacterizedby their local appear-
ances.Theobject3D modelmaybeknown [1], or not [15].
Featurepointsareextractedfrom the images,andcharac-
terizedin orderto bematchedagainstthesetof keypoints.
Then,the spuriousmatchesareremovedby applyinggeo-
metric constraints,for exampleby robustly estimatingthe
epipolargeometrybetweenthedifferentobjectviewsor the
objectposewhenthe3D modelis available.

Ideally, the featurepoint extraction and characteriza-
tion should be insensitive to viewpoint and illumination
changes.Scale-invariantfeatureextractioncanbeobtained



usingtheHarrisdetector[10] atseveralGaussianderivative
scales,or consideringlocaloptimaof pyramidaldifference-
of-Gaussian�lters in scale-space[15]. Mikolajczycket al.
[16] have alsode�ned an af�ne invariantpoint detectorto
handlelargerviewpointchanges,but it reliesonaniterative
estimationthat would be too slow in our context. Various
local descriptorshave beenproposed:Schmidtet al. [21]
useavectormadeof orientation-invariantmeasuresthatare
functionsof relatively highorderimagederivatives.Baum-
berg [2] usesa variantof theFourier-Mellin transformation
to achieve rotationinvariance.He alsogivesan algorithm
to remove stretchandskew andobtainan af�ne invariant
characterization.Allezardet al. [1] representthekey point
neighbourhoodby a hierarchicalsampling,androtationin-
varianceis obtainedby startingthecircular samplingwith
respectto thegradientdirection.

Thesedifferentworksobtainimpressiveresults,but they
arestill too slow to beusedin anAugmentedRealitycon-
text, becausethe involvedcomputationtypically takessev-
eral seconds.Our method(Section4) goesmuch further
towardsreducingthe computationalburden to aboutone
hundredmilliseconds,thusmaking it suitablefor AR ap-
plications.

2.2 Real­Time CameraTracking

Somemodel-basedapproachesto cameratrackinglook
for 3D posesthat correctlyre-projectthe featuressuchas
edges,line segments,or points,of eithera planaror fully
3D modelinto a 2D image. They rely on �nding the local
minimumin anobjectivefunctionsuchasedge-orsegment-
[8] or point- [9] basedmethods.Therefore,theoptimization
proceduremay get trappedin a wrong local minimum, in
particularin the presenceof aspectchangesor even when
two edgesof the sameobject becomevery closeto each
other. As aresult,thetracker'sbehavior canbecomeunpre-
dictable.

Other approaches[23] derive the cameraposition by
concatenatingtransformationsbetweenadjacentframes,by
trackingnaturalfeatures.Thetrackingis accurateandthere
is no jitter becausefeaturematchingis donewith respectto
very closeframes.Unfortunately, for long sequencesthese
methodssuffer from theerroraccumulationproblem.

A numberof methodsintroducereferenceframes[4] and
somekeeptrackof disappearingandappearingpoints[20].
However, they needto smooththe results,for exampleby
meansof Kalman�ltering, to preventjittering. As pointed
by [20] such�ltering is not really suitablefor Augmented
Reality applications: for example, in the caseof a Head
MountedDisplay application,it is not realistic to have a
simplemodelfor theheadmotion.

Traditional frame-to-frame recursive approachesto
matchingandthosethatrely on referenceframesbothhave
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Figure 2. Plots sho wing one coor dinate of
the camera center tracked using three diff er­
ent methods. The dots represent the ground
truth. First plot sho ws the jitter of keyframe
method. Second plot highlights the error ac­
cum ulation of an early version of our tracker,
based on recur sive estimation. Last plot
sho ws the result of our method.

theirstrengthsandweaknesses.Keyframe-basedtechniques
prevent drift, but cannotprovide goodprecisionfor every
framewithout usinga very largesetof keyframes.Further-
more,they typically introducejitter. Techniquesbasedon
chainedtransformationseliminatejitter but tendto drift on
longsequencesandaresubjectto losingtrackaltogether. In
Section5 weproposeamethodthatmergestheinformation
from precedingframeswith that provided by key-frames,
andthathastheadvantagesof bothapproaches.To compare
thesedifferentapproaches,we conductedthefollowing ex-
periment.We usedour featurematchingapproachto track
the projectorin the sequenceof Figure 11 threedifferent
times:

1. usingonly off-line keyframes,

2. usingonly chainedtransformations,

3. combiningbothusingourproposedmethod.

Figure2 depictstheevolution of oneof the cameracenter
coordinateswith respectto the frame index and we have
veri�ed that the behavior for all other cameraparameters
is similar. In all three graphs,we superposethe output
of the tracker using one of the threemethodsmentioned
above with ”ground truth” obtainedby manuallycalibrat-
ing thecameraevery 5 frames.Thesequencemadeby us-
ing keyframesonly exhibits jitter while therecursiveoneis
quickly corruptedby erroraccumulation.Themethodpre-
sentedin this paperkeepscloserto the groundtruth and
avoidsdrift.

3. Keyframes

In this sectionwe specify what exactly a keyframe is
in our system. We also describethe re-renderingproce-
durethatis usedin ourautomaticinitializationandtracking
methods.



Figure 3. In an off­line procedure , keyframes
of the object or the scene are shot.

3.1 CreatingKeyframes

During theoff-line stage,a smallsetof images,thatwe
call keyframes,representingthe sceneor the object from
differentviewpoints,hasto be chosenandcalibrated.For
theresultspresentedin thispaper, abouttensnapshotstaken
from all aroundtheobjectsarewell enough(seeFigure3).
The calibrationcan be automaticusing commercialpost-
productiontools,suchastheonesby RealViz or 2D3. For
thesequencespresentedin this paper, we developeda sim-
ple applicationin which thecamerais calibratedby choos-
ing very few pointson the 3D model andmatchingthem
with thecorresponding2D pointsin theimage.In this way
creatingakeyframesetis justa matterof someminutes.

Whentheprojectionmatrixisknownfor everykeyframe,
thesystemperformsinterestpoint detectionusingtheHar-
ris cornerdetector[?] andback-projectsthepointsthat lie
on the objectsurface. Finally, a keyframecollectsthe fol-
lowing data: The two setsof corresponding2D and 3D
points,thebitmapimageof the2D point neighborhoodand
the correspondingsurfacenormals~n, usedfor keyframes
rerendering(seebelow), andthe cameraprojectionmatrix
PK , decomposedinto the internalparametersmatrix AK ,
the rotation matrix RK and the translationvectorTK , so
thatPK = AK [RK jTK ].

3.2 Rerenderinga Keyframe

Both our initializationandtrackingmethodsusesynthe-
sizedimagesof themodeledpartof thescene,asseenfrom
anew viewpoint. They areusedduringthelearningstageby
our initializationmethodandby thetrackerto matchdistant
framesin a fastway to effectively usethekeyframes.

We synthesizethe new image, that we call the “re-
rendered”image,by skewing pixel patchesaroundeachin-
terestpointfromthekeyframeimageto thegivenviewpoint.
An alternativesolutionwouldhavebeento re-renderanim-
ageof theobjectusinganOpenGLtextured3D object,but

~
H~H

Figure 4. Pixels around interest points are
transf ered from the keyframe (left) to the re­
rendered image (right) using a homograph y,
whic h can be locall y appr oximated by an
af�ne transf ormation.

we chosethe�rst way to havea morepreciseresultaround
thepointsandto speedup thesystem.

Locally approximatingtheobjectsurfacearoundthein-
terestpointsby a plane,eachpatchin the keyframeis re-
latedto the correspondingimagepointsin the re-rendered
imageby a homography(Figure4). Giventhecorrespond-
ing 3D plane� of a patcharoundinterestpoint m0 hav-
ing coordinates� = (~n; d) so that for pointson the plane
~n> X + d = 0, the expressionfor the homographyH
inducedby the plane can be easily deducedfrom [11].
If the new viewpoint is de�ned by the projectionmatrix
P = A[RjT ], theexpressionof H is:

H = AK (� R � � T:~n0
>

=d0)A � 1 (1)

with
� R = RR>

K ; � T = � RR>
K TK + T;

~n0 = RK ~n; d0 = d � T >
K (RK ~n):

The matrix H transfersthe pixels m aroundm0 to the
pixelsm0 in the rerenderedimagesothat: m0 = H:m. To
save computationtime, this transformationcanbeapproxi-
matedaroundm0 by anaf�ne transformation,obtainedby
the�rst orderapproximation

m0 ' H :m0 + JH (m0):(m � m0)

whereJH is theJacobianof thefunctioninducedby H .
In our system,the2D mappingis doneusingoptimized

functionsprovidedby theIPPlibrary of Intel.

4. Automatic Initialization Method

Following recentapproachesin object recognition,our
automaticinitialization methodrelieson a learningstage,
wherea databaseof key featurepointsis constructed.Each
key pointconsistsof a3D pointcorrespondingto aninterest
point that lies on theobjectmodelin thekeyframes,anda
descriptorbasedon its local appearancein theimages.



The recognitionphasethenconsistsin robustly match-
ing featurepointsin theimagewith thepointspresentin the
database.Thematchingprocessis performedaccordingto a
similarity measurebetweentheir descriptors.To make this
processef�cient, the point local appearancemustbe char-
acterizedin a way that is invariant to viewpoint changes,
andthat alsoallows fastcomparisonsbetweenpoints. To
this end,we proposeto usean eigenimageapproach.In
the remainderof this Section,we �rst give a brief presen-
tation of eigenimages,andshow how they canbe usedto
de�ne a viewpoint invariantdescriptionof points. Finally,
wediscussthematchingstrategy andgivesomeresults.

4.1. Viewpoint Invariant Local Description

As we discussedin theRelatedWork Section,different
descriptorshave beende�ned in the literature,but they are
too time consuming.We useanideasimilar to theonede-
velopedin [15] to make the point local descriptionrobust
to viewpoint changes,wherethe local descriptorconsists
of a setof imagepatchesof the point seenfrom different
viewpoints.Herethis ideais usedin conjonctionwith eigen
imagesto achievelow computationtime. Wealsomakeuse
of theobjectmodel,which is notavailablein [15].

During the off-line learningstage,onedatabaseof key
points per keyframe is build. We will discusshow to
usetheseseveral databasesbelow. Eachkeyframe is re-
rendered(seeSection3.2)from differentviewpointsaround
the cameraposition computedfor the keyframe, slightly
changingthecameraorientationandtranslation.We asso-
ciateto the3D pointsM i presentin thekeyframetheimage
patches(denotedVi;j onwards)aroundtheir projectionsin
there-renderedkeyframesasshown in Figure5.

To perform fast templatematching, we make use of
the eigen image methodology. This approachhas been
shown to beremarkablyef�cient for robotpositioning[18],
face[17], hand[3] or navigationlandmarkrecognition[6].
Given a setS of p images,eigenimagesapproachescon-
structa family of basisimagesthatcharacterizethemajor-
ity of thevariationin S by a principalcomponentanalysis
(PCA).Thenonly few multiplicationsarerequiredto com-
paretwo patchesinsteadof the large numberinvolved by
the classicalevaluationof the correlation. By combining
thiscomparisonwith ahashtable,thisallowsusto perform
a large numberof point comparisonsin a short time. We
normalizethebrightnessof theimagesto makethecorrela-
tion measureinsensitive to illuminationchanges[6].

Theeigenspaceof all thepatchesVi;j is computed,and
�nally , thekey point is de�ned asa 3D point andthesetof
its patchesexpressedin theeigenspace:

K i = (M i ; V 0
i; 1; : : : ; V 0

i;l );

wherel is the numberof re-renderedkeyframes,and the

Figure 5. Some patc hes associated to a key
point.

V 0
i;j the expressionof the patchesVi;j in the eigenspace.

The setof patchesis a way to representthe possiblelocal
appearancesof the 3D point seenfrom viewpointsaround
thekeyframeviewpoint. In practicewe usepatchesof size
16 � 16pixels,and8 re-renderedkeyframes.

4.2. Matching Strategy

Whenour initialization systemis givenanimage,it de-
tectstheinterestpointsmk presentin this image,andcom-
putestheexpressionsW 0

k in theeigenspaceof thepatches
centeredin thesepoints. Theneachpoint mk is matched
with thekey pointsK i thatverify

9 j sothatkW 0
k � V 0

i;j k2 < T 2;

Thesearchfor correspondentsis performedef�ciently since
we useeigenimagesto representthe patches.Eachpoint
mk maybe matchedwith 0, 1 or severalkey points. Then
we can register the cameraposition from the correspon-
dencesbetweenthe2D pointsmk andthe3D objectpoints
M i , usingthe POSITalgorithm[7] andthe robustestima-
tor RANSAC [11]. POSITcomputesthe cameraposition
andorientationfrom 2D/3Dcorrespondenceswithoutneed-
ing any initialization, andRANSAC handlesthe spurious
correspondences.

4.3. Results

Figure 6 shows someexamplesof our automaticini-
tialization method. The recoveredviewpointsareaccurate
enoughto initialize our trackerevenwhenthecameraposi-
tion is relatively far to theonecorrespondingto thetracker:
either the objectorientationanddistancecanbe different.
This proceduretakesabout150 ms, detailedcomputation
timesaregivenFigure7.

Two ways to usethis procedureare possible: the im-
agefrom thecamerais matchedagainstonekeyframeonly,
andtheuserhasto move thecamerato theneighbourhood
of thecamerapositionrelatedto thechosenkeyframe,in a
fairly largeintervalasshown in Figures1 and6. Thesecond
possibility consistsin matchingthe cameraimageagainst
all thekeyframesandchoosingtheonethatgivesthemore
matches.Thissolutionallows theuserto startfrom any po-
sition,but it takesmoretime.



Figure 6. Three examples of automatic initialization. The used keyframe is the �r st image on the left.
Note that the camera positions are quite diff erent. The white lines represent the correct matc hing,
the black ones the spurious matc hes remo ved by the robust viewpoint estimation.

Interestpointextraction 20ms
Interestpointcharacterization 10ms
Matching 90ms
Robustviewpointestimation 10ms

Figure 7. Computation times (on a Pentium
IV, 2.3GHz) of the initialization procedure , for
500 interest points detected in the image,
matc hed against a database of about 1000
key points with 8 patc hes each. The eigen
space computation is perf ormed off­line and
takes a few seconds per keyframe .

5. Tracking Method

Our trackingmethodis suitablefor any kind of 3D tex-
turedobjectthat canbe describedasa polygonalmesh. It
startswith the2D matchingof interestpoints,andthenit ex-
ploits themto infer the3D positionof thepointson theob-
jectsurface.Oncethe3D pointsontheobjectaretracked,it
is possibleto retrievethecameradisplacementin theobject
coordinatesystemusingrobustestimation.In theremainder
of this sectionwe will describein detailour trackingalgo-
rithm. Firstwe presenta simplerversionthatreliesonly on
the keyframes. This methodworks well even on long se-
quencesbut suffersfrom jittering. We show how to prevent
this problemby addinginformationfrom previous frames
in thesequence.Thismethodis morecomplex but allowsa
remarkablystableinsertionof virtual objects.

5.1. KeyframeBasedTracking

At everytimestept, wedetectHarrisinterestpoints(de-
notedm i

t onwards) in the currentsourceimage. One of
the keyframesis chosenin order to maximizethe number
of commoninterestpoints,andthepointsm i

t arematched
with thepointsof thiskeyframe,consideringanappearance

basedmeasureto establishcorrespondence.Thekeyframe
choice and our algorithm to perform the wide baseline
matchingbetweenthe currentframeandthe keyframeare
describedbelow. Notethatwe consideronly onekeyframe
at a time: using more keyframeswould certainly yield a
moreaccurateviewpoint estimation,but alsomorecompu-
tationtime.

The3D positionof eachpoint in thekeyframehavebeen
precomputed,and expressedin the world coordinatesys-
tem. They are propagatedto the matchedpoints in the
frame at time t, and from these2D-3D correspondences,
thecamerarotationRt andtranslationTt for this framecan
then be estimatedusing a numericalminimization with a
M-estimator[12] initialized with the positionrecoveredin
thepreviousframeasinitial guess.More formally, wemin-
imize theresidualsum:

r t =
X

i

� TUK

�
� t (M

� ( i )
K ; mi

t )
�

overRt andTt , where

� � t (M ; m) is the reprojectionerror in the frame ac-
quiredat timet (with respectto Rt andTt ) of 3D point
M matchedwith 2D pointm;

� the interestpoint m i
t is matchedwith the 3D point

M � ( i )
K of thekeyframechosenat time t;

� � TUK is the Tukey M-estimatorusedfor reducingthe
in�uence of wrongmatches.

As wepreviouslydiscussed,aposeestimationbasedex-
clusivelyonkeyframeswouldhavepooraccuracy whenfew
pointsarematchedorwhenthey arenotregularlyspreadout
in thesceneandin theimage.In Section5.2,we show how
to mergethetwo sourcesof information.

Keyframe choice At every time step,thekeyframeto be
matchedwith thecurrentframemustbechosenin orderto
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Figure 8. a. A keyframe; b. the current frame ,
c. the re­rendered keyframe with respect to
the previous camera position estimate; d. an
example of facets inde x rendering used for
keyframe choice .

maximizethe numberof commoninterestpoints. We use
thefollowing criterion:

X

f 2 M odel

(Area(A[Rt � 1 jTt � 1]; f ) � Area(AK [RK jTK ]))2 ;

whereArea(P; f ) is the2D areaof thefacetf afterprojec-
tion by P, andAK [RK jTK ] andA[Rt � 1 jTt � 1] theprojec-
tion matricesof thekeyframeandthepreviousframe. The
facetsareain thekeyframes(thetermsArea(AK [RK jTK ]))
can obviously be pre-computed. Areas in the previous
frame are ef�ciently computedusing an OpenGLrender-
ing of theobjectmodelwhereevery facetis renderedin a
different color, representingthe facet index. The areaof
every singlefacetis estimatedby summingthe numberof
occurrencesof thefacet's pixels. This methodhasconstant
complexity, andrequiresonly asinglereadingof theimage.

Wide baseline matching while tracking Conventional
methodsto match points betweenimagesmake useof a
squarebi-dimensionalcorrelationwindow. This technique
givesresultsundertheassumptionof verysmallperspective
distortionbetweentwo frames.However, to effectively use
keyframes,theability to matchdistantframesin a fastway
becomesessential.Consequentlywererenderedthechosen
keyframefrom theviewpointestimatedattimet � 1. There-
renderedimageis in a moreconvenientpositionasshown
in Figure8 andcanbematchedwith thecurrentframeus-
ing a simple,conventionalmethod.This methodallows us
to effectively matchviewsevenwherethereareasmuchas
30degreesof rotation.

5.2. MergingInf ormation fr omKeyframesandPre­
viousFramesUsingLocal Adjustment

Oneof thekey issuesof ourmethodis toeffectivelycom-
binekeyframesandpreviousframeinformation.In [25], we
gaveasimplemethodthatgivesgoodresults,but thattends
to accumulateerrorwhentoofew pointsfrom thekeyframes
areavailable.In thispaper, wegiveasolutionbasedonalo-
caladjustment,thatmakestheinsertedvirtual objectsmore
stable,andcompensatesrelativelybadinitialization,suchas
theonesprovidedby our automaticinitializationmethod.

2D points lying on the projected3D model in the pre-
vious framearematchedwith points in the currentframe.
Thesepointsare the projectionof 3D points lying on the
3D model. To coherentlymerge the informationfrom the
keyframe and the previous frame, we simultaneouslyop-
timize the reprojectionerrorsin theseframesover the 3D
positionof thesepoints,andover theviewpointsrelatedto
thepreviousandthecurrentframes.Theproblembecomes:

min
R t ; Tt

R t � 1 ; Tt � 1
M i

r t + r t � 1 +
X

i

si
t (2)

with

si
t = � TUK

�
� t (M i ; mi

t ) + � t � 1(M i ; m� ( i )
t � 1)

�
;

wherethe interestpoint m i
t detectedin the currentframe

is matchedwith the point m � ( i )
t � 1 detectedin the previous

frame.
The importantpoint hereis that the 3D positionM i of

thetrackedpointsarealsooptimized,but constrainedto stay
on the3D modelsurface.Theformulationof this objective
function allows us to satisfyboth the constraintsfrom the
matcheswith keyframesandbetweenthesuccessiveframes,
without assumptionof the accuracy of viewpoints previ-
ouslyestimated.Equation(2) canberewrittenas:

min
R t ;T t ;R t � 1 ;T t � 1

 

r t + r t � 1 + min
M i

X

i

si
t

!

(3)

sincer t andr t � 1 areindependentof thetrackedpointsM i .
We will follow thereasoningof [22], whohaveasimilar

termin off-line Model BasedBundleAdjustment,to elimi-
natetheM i in orderto simplify theminimizationproblem:
insteadof estimatingtheM i , it is equivalentto estimating
its projectionin the two images.Then,accordingto [22],
thetermssi

t canbeapproximatedusinga transferfunction
that involvesonly the point reprojection. Sucha transfer
function	( m1; P1; P2) returnsthepointm2 sothatit exists
a 3D point M belongingto themodelsurfacem1 = P1M
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Figure 9. Computing si
t : the camera positions

Pt � 1 and Pt are sim ultaneousl y optimiz ed on­
line .

andm2 = P2M . Finally si
t is approximatedby (seeFigure

9):

si
t = � TUK

� 
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wherePt � 1 = A[Rt � 1 jTt � 1] andPt = A[Rt jTt ].

Ef�cient computation In practicewe usethe viewpoint
recoveredusingthekeyframeonly asan initial guess.The
computationof thetransferfunction	 canbetheoretically
prohibitive, but sinceestimated3D points are then close
to their actualposition, we reasonablyknow the faceton
which the point actually lies, and 	 canbe approximated
by thehomographyinducedby thefacet.Therobustestima-
tor handleserrorson facetassignmentsandfalsematches.
Sincewe startfrom a goodinitial estimate,optimizationis
veryquickandconvergesin a coupleof iterations.

5.3. Failur eDetection

Whenthenumberof pointsmatchedwith thekeyframe
is below thana threshold(lets say 10 points), the tracker
is stoppedandtheinitializationprocedureis reinvoked,try-
ing to matchthenew frameswith thekeyframethe tracker
wasusing.Thetrackingis restartedwhenenoughpointsare
matchedby theinitializationprocedure.

5.4. Results

After an important work of optimization our tracker
nearlyrunsat real-time(about15 frames/sec)for imagesof
size768 � 576 pixels (computationtime detailsaregiven

Interestpointextraction 20ms
Keyframere-rendering 15ms
Pointmatching 20ms
Viewpointestimation 10ms

Figure 10. Computation times (on a Pentium
IV, 2.3GHz) of our tracker, for 500 extracted
interest points, using images of 768 � 576
pix els.

Figure10), andwe have a working prototypesystemrun-
ning at full real-time(25 frames/sec)on 320� 200images
from a Firewire camera. We set up a variety of demon-
strations,to show that this methodcan be usedfor many
differentcategoriesof objects.

Aspect changesIn the exampledepictedby Figure11,
thecamerais moving aroundan old videoprojectordoing
acomplex movementwith 180degreerotations.Themodel
wascreatedby a designerusingMaya,andit took 4 hours
of work. The useof keyframesallows our tracker to deal
with aspectchangesduringthesequence.

OcclusionsFigure12showssnapshotsof asecondvideo
sequence,wherethesameobjectis partially occludedby a
humanoperator, in orderto roughlysimulatethebehaviour
of anHeadMountedDisplay. Sinceour algorithmconsid-
ers local features,the tracking is not corruptedby partial
occlusionsasfarasenoughfeaturepointsarevisible.

Generality Ouralgorithmis ableto trackobjectsof very
differenttypes.In thethird exampledepictedby Figure13,
we trackahumanheadof which themodelhasbeenrecon-
structedoff-line from anothershortvideo sequence.Even
thoughweonly havethefacemodelandnotthewholehead,
wehavebeenableto track180degreerotations.Weranour
trackeron this sequencegiving only onekeyframe.

Scenetracking Figure14depictsanexamplewherethe
camerais moved at the intersectionof two corridors. De-
spitethehugeaspectchangesthroughoutthesequence,the
cameratrajectoryis correctlyrecoveredusingthe3D model
of thecorridorsandonly four keyframes.

Robustnessto 3D model errors We experimentallyno-
ticedthat the3D modelaccuracy is not animportantissue.
For example,thereis asmallmistakein the3D modelof the
objectof Figures11and12: Thepositionof oneof thetwo
cylinderson the front faceis not very accurate,however it
doesnot corrupttheresult. Likewise,thesamefacemodel
of Figure13 hasbeenusedto track otherpeoplefaces(of
variousshapes)with success.

These videos and others can be seen at
http://cvlab.ep�.ch/research/augm/



6. Conclusion

In thispaperwepresentedanAugmentedRealitysystem
thatconsistsof a robust,drift- andjitter-freetracker, which
is initialized by anautomaticprocedure.Our systemrelies
on purely passive vision techniques,and can be usedfor
a largeclassof objects,with no constraintson thekind of
cameramotion. We usemodelinformationandoff-line de-
�ned keyframesto keepon following thetargetobjecteven
when it is occludedor only partially visible, or when the
cameraturnsaroundit. We combineoff-line andon-line
informationto preventthetypical jitter anddrift problems.

We believeoursystemto gowell beyondthecurrentAR
state-of-the-art:its level of automation,its robustnessand
its visualcomfortdueto thestability of the insertedvisual
objectsmakeit suitablefor practicalAugmentedRealityap-
plications.
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Figure 11. A lever, slot­mac hine wheels and a jackpot light to the old projector , thus turning it into a
slot­mac hine .

Figure 12. Video sequence with occ lusions.

Figure 13. A 3D model of the face is tracked to augment the video sequence by adding glasses and
a mustac he to the subject.

Figure 14. Corridor tracking results. Only four keyframes have been used.


