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Abstract

We presenta fully automatedappmach to cameas reg-
istration for AugmentedRealitysystemsilt relieson purely
passivevisiontechniquego solvetheinitialization andreal-
timetracking problems givena roughCAD modelof parts
of thereal scene It doesnot require a contmlled erviron-
ment,for exampleplacing markers. It handlesarbitrarily
comple models,occlusions,large camenr displacements
anddrasticaspectthanges.

This is madepossibleby two major contributions: The
r stoneis a fastrecanition methocthat detectshe known
part of thesceneregisteisthecamen with respectoit, and
initializesa real-timetracker, which is the secondcontribu-
tion. Our tradker eliminatesdrift andjitter by meging the
information from precedingframesin a traditional recur
sivetradking fashionwith that of a very limited numberof
key-framescreatedoff-line. In therare instancesvher it
fails, for examplebecauseof large occlusion,it detectshe
failure andreinvokestheinitialization procedue.

We presentexperimental results on several different
kindsof objectsandscenes.

1. Intr oduction

Using the well known AR toolkit [14] is a goodway to
obtaingoodregistrationdatabecausst is easyto use,au-
tomatic and robust. This level of performancehowever,
requiresthe use of markers, which is often cumbersome
and sometimeseven impossible. By contrast,we propose
a registrationmethodbasedon naturalfeaturesthat, given
a rough partial CAD modelof the sceneachieszesa com-
parabldevel of automationwhile beingaccurateenoughto
provide thevisualcomfortrequiredby AR applications.

This hasbeenmade possibleby our two main contri-
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butions. The rst oneis a fastandautomaticinitialization
methodthat detectshe known part of the sceneandregis-
tersthe camerawith respecto it. During a learningstage,
a databasef featurepointsin the sceneis build. Givenan
imageof thescenethecameracanthenberegisteredonline
by matchingthefeaturepointspresenin theimageagainst
the databaseThis approachs inspiredby recentwork on
objectrecognition[15, 1] andwide-baselinenatching,but
ourmethodgoesmuchfurthertowardsreducingthecompu-
tationalburden thusmakingit suitablefor AR applications.

The secondcontrikution is a real-timecameratracking
that canhandlelarge cameradisplacementsjrasticaspect
changesand partial occlusionsandthatis drift- andjitter-
free,withoutimposingary restrictionon thetargetobject's
compleity. It achievesthis level of performanceby fus-
ing the information from precedingframesin a conven-
tional recursve tracking fashionwith the one provided by
avery limited numberof key-framescreatedduringan off-
line stage.In the rareinstancesvhereit fails, for example
becaus®f largeocclusionjt candetecthefailureandrein-
vokestheinitialization procedureFigurel depictsatypical
behaiour of ourtracker on asimpleapplication.In the Re-
sultssection,we will showv the capabilityof our systemin
morecomple situations.

We believe our systemto go well beyondthe currentAR
state-of-the-artWhile automatednitialization is a crucial
problemfor practicalapplicationsit is rarely addresseth
the context of naturalfeaturebasedracking. Most existing
trackersareinitialized by hand,or requirethe camerao be
very closeto a speci ed position. Furthermorewhenthey
losetrackthey typically have to bereinitializedin thesame
fashion. Similarly, while the off-line cameraregistration
problemcanbe consideredsessentiallysolved,robuston-
line trackingremainsan openissue.Marny of thereal-time
algorithmsdescribedn the literaturestill lack robustness,
canlosea partially occludedtarget object, tendto drift or
are proneto jitter, which makesthem unsuitablefor real-
world AugmentedReality applications.

Our systemrequiresa small usersuppliedset of key-



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 matched with one of the keyframes (here the
one shown in a) to automaticall y initializ e the tracker; ¢ and d: feature points are tracked to register
the camera, even under partial occlusions; e: the tracker fails because of a complete occlusion of the
tracked object, the failure is detected and the initialization procedure is reinvoked; f: this procedure
recogniz es the object when it reappears; g: the tracker can handle aspect changes; h, i and j: virtual
objects can be added with respect to the tracked object, and occlusion are properly handled. By
watc hing the video at http://cvlab.ep .c h/research/augm/, one can see that the virtual objects are

remarkab ly stable.

framesand a rough CAD model of part of the real scene
for both initialization andtracking. In theory this canbe
seenasa drawbackbut it is not really onein practice: A
CAD modelis alsorequiredby mostAR applicationsthat
canbene t from a 3D tracker andcaneasilybe createdus-
ing eitherautomatedechniquer commerciallyavailable
productssuchasimageModelerby RealMz(™) | or Boujou
by 2D3™), Thesecommerciaproductscanalsobeusedto
very quickly createa few key-frames.The keyframesmalke
thetracker robust,andallow automatidnitialization.

Unlike previoustechniqueghatlimit therangeof object
shapeghat canbe handled ,we imposeno suchconstraint
and put no restrictionon the objecttype or its compleity
aslong asenoughfeaturepointsarepresentWe have been
ableto track objectsasdifferentasa machinetool, a corri-
dorandahumanface.

In the remainderof the paper we rst discussrelated
work. Section3 explicits someimportant details about
keyframesusedin our system. Section4 describesour
initialization method,and Section5 describeghe tracking
stage.

2. RelatedWork
2.1 Automatic Initialization
Few works addressspeci cally the problemof tracker

initialization in the AugmentedReality area,but this prob-
lemis closelyrelatedto objectrecognition.In thisresearch

domain two approachesanbedistinguishedeitheraview-
basedepresentationr a 3D representatiors used.

View basednethodgepresenbbjectsby a setof images
[18, 19] or imagepropertiessuchas histogramg?24], and
have the advantageof allowing fastrecognition,even for
complex objects.Neverthelessit canrequirehugeamounts
of memory andit is dif cult to handleocclusionsandclut-
teredbackgroundsConsideringheobject3D modelallows
more e xibility . In this casethe objectrecognitionandthe
cameraegistrationaresimultaneouslyperformed:2D geo-
metric featuressuchascornersor edgesareextractedfrom
theimageandmatchedagainsthe object3D featuresand
geometricconstraintareappliedto remove spuriouscorre-
spondencesThesemethodsarerestrictedto relatively sim-
ple objects,andcanberelatively expensve[13, 5] in terms
of computatiortime.

Recently methodsthat combineboth approacheave
beendeveloped.Theobjectto berecognizeds represented
by a setof key pointscharacterizedy their local appear
ancesTheobject3D modelmaybeknown [1], or not[15].
Featurepoints are extractedfrom the images,and charac-
terizedin orderto be matchedagainstthe setof keypoints.
Then,the spuriousmatchesareremoved by applyinggeo-
metric constraintsfor exampleby robustly estimatingthe
epipolargeometrybetweerthedifferentobjectviews or the
objectposewhenthe 3D modelis available.

Ideally, the feature point extraction and characteriza-
tion should be insensitve to viewpoint and illumination
changesScale-ivariantfeatureextractioncanbe obtained



usingtheHarrisdetecto[10] atseveralGaussiarmerivative
scalespr considerindocal optimaof pyramidaldifference-
of-Gaussianlters in scale-spacgl5]. Mikolajczycket al.
[16] have alsode ned an af ne invariantpoint detectorto
handlelargerviewpointchangesbut it relieson aniterative
estimationthat would be too slow in our contet. Various
local descriptorshave beenproposed:Schmidtet al. [21]
useavectormadeof orientation-ivariantmeasurethatare
functionsof relatively high orderimagederivatives.Baum-
berg [2] usesavariantof the FourierMellin transformation
to achieve rotationinvariance.He also givesan algorithm
to remove stretchand skew and obtainan af ne invariant
characterizationAllezard et al. [1] representhekey point
neighbourhoodby a hierarchicalsampling,androtationin-
varianceis obtainedby startingthe circular samplingwith
respecto thegradientdirection.

Thesedifferentworksobtainimpressve results but they
arestill too slow to be usedin an AugmentedReality con-
text, becausehe involved computatiortypically takessev-
eral seconds. Our method(Section4) goesmuch further
towards reducingthe computationalburdento aboutone
hundredmilliseconds,thus makingit suitablefor AR ap-
plications.

2.2 Real-Time CameraTracking

Somemodel-base@pproacheso cameratrackinglook
for 3D posesthat correctly re-projectthe featuressuchas
edges/ine segments,or points, of eithera planaror fully
3D modelinto a 2D image. They rely on nding thelocal
minimumin anobjectvefunctionsuchasedge-or segment-
[8] or point-[9] basednethods Thereforetheoptimization
proceduremay get trappedin a wrong local minimum, in
particularin the presenceof aspectcthangesor evenwhen
two edgesof the sameobject becomevery closeto each
other As aresult,thetracker'sbehaior canbecomeunpre-
dictable.

Other approacheg23] derive the cameraposition by
concatenatingransformationbetweeradjacenframes by
trackingnaturalfeatures Thetrackingis accurateandthere
is nojitter becausdeaturematchingis donewith respecto
very closeframes.Unfortunately for long sequencethese
methodssuffer from the erroraccumulatiorproblem.

A numberof methodsntroducereferencdrameg4] and
somekeeptrackof disappearingndappearingoints[20].
However, they needto smooththe results,for exampleby
meansof Kalman lItering, to preventjittering. As pointed
by [20] such ltering is not really suitablefor Augmented
Reality applications: for example,in the caseof a Head
Mounted Display application,it is not realisticto have a
simplemodelfor theheadmotion.

Traditional frame-to-frame recursve approachesto
matchingandthosethatrely onreferencéramesbothhave

Figure 2. Plots showing one coordinate of
the camera center tracked using three diff er-
ent methods. The dots represent the ground
truth. First plot shows the jitter of keyframe
method. Second plot highlights the error ac-
cumulation of an early version of our tracker,
based on recursive estimation. Last plot
shows the result of our method.

theirstrengtheindweaknesseX eyframe-basetechniques
preventdrift, but cannotprovide good precisionfor every
framewithout usinga very large setof keyframes.Further
more, they typically introducejitter. Techniquedasedon
chainedransformationgliminatejitter but tendto drift on
long sequenceandaresubjectto losingtrackaltogetherin
Section5 we proposea methodthatmergestheinformation
from precedingframeswith that provided by key-frames,
andthathastheadvantage®f bothapproacheslTo compare
thesedifferentapproachesye conductedhefollowing ex-
periment.We usedour featurematchingapproacho track
the projectorin the sequencef Figure 11 threedifferent
times:

1. usingonly off-line keyframes,
2. usingonly chainedrransformations,

3. combiningbothusingour proposednethod.

Figure 2 depictsthe evolution of one of the cameracenter
coordinateswith respectto the frame index and we have
veri ed that the behaior for all other cameraparameters
is similar. In all three graphs,we superposehe output
of the tracker using one of the three methodsmentioned
above with "ground truth” obtainedby manuallycalibrat-
ing the cameraevery 5 frames. The sequencenadeby us-
ing keyframesonly exhibits jitter while therecursve oneis
quickly corruptedby erroraccumulation.The methodpre-
sentedin this paperkeepscloserto the groundtruth and
avoidsdrift.

3.Keyframes

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



Figure 3. In an off-line procedure , keyframes
of the object or the scene are shot.

3.1 Creating Keyframes

During the off-line stagea smallsetof images thatwe
call keyframes,representinghe sceneor the objectfrom
differentviewpoints, hasto be chosenand calibrated. For
theresultspresenteth this paperabouttensnapshottaken
from all aroundthe objectsarewell enough(seeFigure3).
The calibration can be automaticusing commercialpost-
productiontools, suchasthe onesby Real\Mz or 2D3. For
thesequencepresentedn this paper we developeda sim-
ple applicationin which the cameras calibratedby choos-
ing very few pointson the 3D modeland matchingthem
with the correspondin@D pointsin theimage.In this way
creatinga keyframesetis justa matterof someminutes.

Whentheprojectionmatrixis known for everykeyframe,
the systemperformsinterestpoint detectionusingthe Har-
ris cornerdetector{?] andback-projectghe pointsthat lie
on the objectsurface. Finally, a keyframe collectsthe fol-
lowing data: The two setsof corresponding?D and 3D
points,the bitmapimageof the 2D point neighborhoodnd
the correspondingsurfacenormalsn, usedfor keyframes
rerenderingseebelow), andthe cameraprojectionmatrix
Pk , decomposedhto the internal parametersnatrix Ay ,
the rotation matrix Rk and the translationvector T , so
thatPx = Ak [Rk Tk ]

3.2 Rerenderinga Keyframe

Both ourinitialization andtrackingmethodsusesynthe-
sizedimagesof themodeledpartof thesceneasseerfrom
anew viewpoint. They areusedduringthelearningstageby
ourinitialization methodandby thetrackerto matchdistant
framesin afastway to effectively usethe keyframes.

We synthesizethe new image, that we call the “re-
rendered’'image,by skewing pixel patchesaroundeachin-
terestpointfrom thekeyframeimageto thegivenviewpoint.
An alternatve solutionwould have beento re-rendeianim-
ageof the objectusingan OpenGLtextured 3D object,but

Figure 4. Pixels around interest points are
transf ered from the keyframe (left) to the re-
rendered image (right) using a homograph v,
which can be locally approximated by an
af ne transf ormation.

we chosethe rst way to have amorepreciseresultaround
thepointsandto speedup the system.

Locally approximatinghe objectsurfacearoundthein-
terestpointsby a plane,eachpatchin the keyframeis re-
latedto the correspondingmagepointsin the re-rendered
imageby a homography(Figure4). Giventhe correspond-
ing 3D plane of a patcharoundinterestpoint mgy hav-
ing coordinates = (n; d) sothatfor pointson the plane
R~ X + d = 0, the expressionfor the homographyH
induced by the plane can be easily deducedfrom [11].
If the new viewpoint is de ned by the projection matrix
P = A[R]jT], theexpressiorof H is:

H=Ac(R T:A0 =)A 1 1)
with

R=RRg; T= RRgTk +T;

o= Rk f; d°=d TE(RKﬁ)Z

The matrix H transfersthe pixels m aroundmg to the
pixelsm®in the rerenderedmagesothat: m°= H:m. To
save computatiortime, this transformatiorcanbe approxi-
matedaroundmg by anaf ne transformationpbtainedby
the rst orderapproximation

0

m H:mg + Jy (Mg):(m  myg)

whereldy istheJacobiarof thefunctioninducedby H .
In our system the 2D mappingis doneusingoptimized
functionsprovidedby the IPPlibrary of Intel.

4. Automatic Initialization Method

Following recentapproachesn objectrecognition,our
automaticinitialization methodrelies on a learningstage,
wherea databasef key featurepointsis constructedEach
key pointconsistof a3D pointcorrespondingo aninterest
point thatlies on the objectmodelin the keyframes,anda
descriptobasednits local appearancia theimages.



The recognitionphasethen consistsin robustly match-
ing featurepointsin theimagewith the pointspresentn the
databaseThematchingprocesss performedaccordingo a
similarity measurebetweentheir descriptors.To make this
processef cient, the pointlocal appearancenustbe char
acterizedin a way thatis invariantto viewpoint changes,
andthat also allows fastcomparisondetweenpoints. To
this end, we proposeto usean eigenimageapproach.In
the remainderof this Section,we rst give a brief presen-
tation of eigenimages,andshov how they canbe usedto
de ne aviewpointinvariantdescriptionof points. Finally,
we discusghe matchingstratgly andgive someresults.

4.1 Viewpoint Invariant Local Description

As we discussedn the RelatedWork Section,different
descriptorshave beende ned in the literature,but they are
too time consuming.We useanideasimilar to the onede-
velopedin [15] to make the point local descriptionrobust
to viewpoint changeswherethe local descriptorconsists
of a setof image patchesof the point seenfrom different
viewpoints.Herethisideais usedin conjonctionwith eigen
imagedo achieve low computatiortime. We alsomake use
of theobjectmodel,whichis notavailablein [15].

During the off-line learningstage,one databasef key
points per keyframe is build. We will discusshow to
usetheseseveral databasebelon. Eachkeyframeis re-
renderedseeSection3.2)from differentviewpointsaround
the cameraposition computedfor the keyframe, slightly
changingthe cameraorientationandtranslation. We asso-
ciateto the 3D pointsM; presentn thekeyframetheimage
patchegdenotedV;; onwards)aroundtheir projectionsin
there-renderedkeyframesasshavn in Figure5.

To perform fast template matching, we malke use of
the eigenimage methodology This approachhas been
shavn to beremarkablyef cient for robotpositioning[18],
face[17], hand[3] or navigationlandmarkrecognition[6].
Givena setS of p images,eigenimagesapproacheson-
structa family of basisimagesthat characterizéhe major
ity of thevariationin S by a principal componentnalysis
(PCA). Thenonly few multiplicationsarerequiredto com-
paretwo patchesnsteadof the large numberinvolved by
the classicalevaluationof the correlation. By combining
this comparisorwith a hashtable,this allows usto perform
a large numberof point comparisonsn a shorttime. We
normalizethe brightnesof theimagesto malke thecorrela-
tion measurensensitve to illumination change$6].

Theeigenspaceof all the patchesV;; is computedand

nally , thekey pointis de ned asa 3D point andthe setof
its patchesxpressedn the eigenspace:

Ki= (Mi; V%5 v9);

wherel is the numberof re-renderedkeyframes,and the

Figure 5. Some patches associated to a key
point.

Vi;(j’ the expressionof the patchesV;; in the eigenspace.
The setof patchess a way to representhe possiblelocal

appearancesf the 3D point seenfrom viewpointsaround
the keyframeviewpoint. In practicewe usepatchesf size
16 16 pixels,and8 re-renderedeyframes.

4.2 Matching Strategy

Whenour initialization systemis givenanimage,it de-
tectstheinterestpointsmy presenin thisimage,andcom-
putesthe expressionaV? in the eigenspaceof the patches
centeredn thesepoints. Theneachpoint my is matched
with thekey pointsK; thatverify

9j sothatkw,? V,J k* < T?;

ThesearcHor correspondents performedef ciently since
we useeigenimagesto representhe patches.Eachpoint
my may be matchedwith 0, 1 or severalkey points. Then
we can register the cameraposition from the correspon-
dencesetweerthe 2D pointsmy andthe 3D objectpoints
M, usingthe POSIT algorithm[7] andthe robust estima-
tor RANSAC [11]. POSIT computegshe cameraposition
andorientationfrom 2D/3D correspondencesithoutneed-
ing ary initialization, and RANSAC handlesthe spurious
correspondences.

4.3 Results

Figure 6 shavs some examplesof our automaticini-
tialization method. The recoveredviewpointsareaccurate
enoughto initialize our tracker evenwhenthe camergosi-
tion is relatively farto theonecorrespondingo thetracker:
eitherthe objectorientationand distancecan be different.
This proceduretakes about150 ms, detailedcomputation
timesaregivenFigure?.

Two ways to usethis procedureare possible: the im-
agefrom the camerds matchedagainsionekeyframeonly,
andthe userhasto move the camerao the neighbourhood
of the camergpositionrelatedto the choserkeyframe,in a
fairly largeinterval asshovn in Figuresl and6. Thesecond
possibility consistsin matchingthe cameraimage against
all the keyframesandchoosingthe onethatgivesthe more
matchesThis solutionallows the userto startfrom ary po-
sition, but it takesmoretime.



Figure 6. Three examples of automatic initialization.
Note that the camera positions are quite different. The white lines represent the correct matc hing,
the black ones the spurious matches removed by the robust viewpoint estimation.

Interestpoint extraction 20ms
Interestpoint characterization 10 ms
Matching 90ms
Rolustviewpointestimation | 10ms

Figure 7. Computation times
IV, 2.3GHz) of the initialization
500 interest points detected in the image,
matc hed against a database of about 1000
key points with 8 patches each. The eigen
space computation is performed off-line and
takes a few seconds per keyframe .

(on a Pentium
procedure , for

5. Tracking Method

Our trackingmethodis suitablefor any kind of 3D tex-
turedobjectthatcanbe describedasa polygonalmesh. It
startswith the2D matchingof interestpoints,andthenit ex-
ploits themto infer the 3D positionof the pointson the ob-
jectsurface.Oncethe 3D pointsontheobjectaretracked, it
is possibleto retrieve the cameradisplacemenin the object
coordinatesystenmusingrobustestimation.ln theremainder
of this sectionwe will describen detail our trackingalgo-
rithm. Firstwe present simplerversionthatreliesonly on
the keyframes. This methodworks well even on long se-
guencesut suffersfrom jittering. We shov how to prevent
this problemby addinginformationfrom previous frames
in thesequenceThis methodis morecomplec but allows a
remarkablystableinsertionof virtual objects.

5.1 Keyframe BasedTracking

At everytime stept, we detectHarrisinterestpoints(de-
notedm! onwards)in the currentsourceimage. One of
the keyframesis chosenin orderto maximizethe number
of commoninterestpoints,andthe pointsm} arematched
with the pointsof this keyframe,consideringanappearance

The used keyframe is the r st image on the left.

basedmeasurdo establishcorrespondenceThe keyframe

choice and our algorithm to perform the wide baseline
matchingbetweenthe currentframe andthe keyframeare

describedbelon. Notethatwe consideronly onekeyframe

at a time: using more keyframeswould certainly yield a

moreaccurateviewpoint estimation but alsomore compu-
tationtime.

The 3D positionof eachpointin thekeyframehave been
precomputedand expressedn the world coordinatesys-
tem. They are propagatedo the matchedpointsin the
frame at time t, and from these2D-3D correspondences,
thecameraotationR; andtranslationT; for thisframecan
then be estimatedusing a numericalminimization with a
M-estimator[12] initialized with the positionrecoveredin
thepreviousframeasinitial guess More formally, we min-
imize theresidualsum:

X .
t(M K(l) ) mlt)

e = TUK

i
overR; andT;, where

+(M;m) is the reprojectionerror in the frame ac-
quiredattimet (with respecto R; andT;) of 3D point
M matchedwith 2D pointm;

the interestpoint m} is matchedwith the 3D point
M K(') of thekeyframechoserattimet;

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

As we previously discusseda poseestimatiorbasedex-
clusively onkeyframeswould have pooraccurag whenfew
pointsarematchedrwhenthey arenotregularly spreadut
in the sceneandin theimage.In Section5.2,we shav how
to memgethetwo sourcesf information.

Keyframe choice At everytime step,the keyframeto be
matchedwith the currentframemustbe chosenn orderto



Figure 8. a. A keyframe; b. the current frame,
c. the re-rendered keyframe with respect to
the previous camera position estimate; d. an
example of facets index rendering used for
keyframe choice .

maximizethe numberof commoninterestpoints. We use
thefollowing criterion:

(Area(A[R, 1jT; 11:f) Area(Ax [Rk Tk )?;

f 2M odel

whereAregP; f ) isthe 2D areaof thefacetf afterprojec-
tion by P, andAk [Rk jTk ] andA[R; 1jT; 1] theprojec-
tion matricesof the keyframeandthe previousframe. The
facetsareain thekeyframegthetermsArea(Ax [Rk jTk 1))
can obviously be pre-computed. Areasin the previous
frame are ef ciently computedusing an OpenGLrender
ing of the objectmodelwhereevery facetis renderedn a
different color, representinghe facetindex. The areaof
every singlefacetis estimatedoy summingthe numberof
occurrencesf the facets pixels. This methodhasconstant
compleity, andrequiresonly asinglereadingof theimage.

Wide baseline matching while tracking Corventional
methodsto match points betweenimagesmake use of a

squarebi-dimensionakorrelationwindow. This technique
givesresultsundertheassumptiorof very smallperspectie

distortionbetweenwo frames.However, to effectively use
keyframes the ability to matchdistantframesin a fastway

become®ssential Consequentlyve rerenderedhe chosen
keyframefrom theviewpointestimatedttimet 1. There-

renderedmageis in a more cornvenientpositionasshovn

in Figure8 andcanbe matchedwith the currentframeus-

ing a simple,corventionalmethod. This methodallows us
to effectively matchviews evenwherethereareasmuchas
30degreesof rotation.

5.2 Merging Information from Keyframesand Pre-
vious FramesUsing Local Adjustment

Oneof thekey issuef ourmethods to effectively com-
binekeyframesandpreviousframeinformation.In [25], we
gave asimplemethodthatgivesgoodresults but thattends
to accumulaterrorwhentoofew pointsfrom thekeyframes
areavailable.In this paperwe give asolutionbasenalo-
cal adjustmentthatmakestheinsertedvirtual objectsmore
stable andcompensate®latively badinitialization, suchas
theonesprovidedby our automatianitialization method.

2D pointslying on the projected3D modelin the pre-
vious frame are matchedwith pointsin the currentframe.
Thesepoints are the projectionof 3D pointslying on the
3D model. To coherentlymemge the informationfrom the
keyframe and the previous frame, we simultaneouslyop-
timize the reprojectionerrorsin theseframesover the 3D
positionof thesepoints,andover the viewpointsrelatedto
thepreviousandthe currentframes.The problembecomes:

X
min Fe+ry 1+ st (2)
Re; Tt
Rt 1;Tt 1
Mi

with

ss= tuk t(Mi;m)) + t1(|\/|i;mt(? ;

wherethe interestpoint m! detectedn the currentframe

is matchedwith the point mt('i detectedin the previous
frame.

The importantpoint hereis thatthe 3D positionM; of
thetrackedpointsarealsooptimized but constrainedo stay
onthe 3D modelsurface. Theformulationof this objective
function allows us to satisfy both the constraints§rom the
matchesvith keyframesandbetweerthesuccessieframes,
without assumptionof the accurag of viewpoints previ-
ouslyestimatedEquation(2) canberewritten as:

I
inTx;Enxlnl;T1 1 It * fr1 " rrl\)llir| i St (3)
sincer; andr; ; areindependenof thetrackedpointsM;.

We will follow thereasoningf [22], who have a similar
termin off-line Model BasedBundle Adjustment to elimi-
natetheM; in orderto simplify the minimizationproblem:
insteadof estimatingthe M, it is equivalentto estimating
its projectionin the two images. Then,accordingto [22],
thetermss| canbe approximatedisinga transferfunction
that involves only the point reprojection. Sucha transfer
function ( my; P1; P2) returnsthepointm, sothatit exists
a 3D pointM belongingto the modelsurfacem; = P;M
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Figure 9. Computing si: the camera positions
P; 1 and P; are simultaneousl y optimiz ed on-
line.

andm; = P,M . Finally s| is approximatedy (seeFigure
9):

i - 0. p . iy 2

st= Tuk (M Py P) o my) o+
. N 2
( mi; P Pyo1) mt(li

WherePt 1= A[Rt ]_jTt 1] andPt = A[Rt]Tt]

Ef cient computation In practicewe usethe viewpoint
recoveredusingthe keyframeonly asaninitial guess.The
computatiorof thetransferfunction canbetheoretically
prohibitive, but since estimated3D points are then close
to their actual position, we reasonablyknow the faceton
which the point actuallylies, and canbe approximated
by thehomographynducedby thefacet. Therobustestima-
tor handleserrorson facetassignmentandfalsematches.
Sincewe startfrom a goodinitial estimate pptimizationis
very quick andcorvergesin a coupleof iterations.

5.3 Failur e Detection

Whenthe numberof pointsmatchedwith the keyframe
is belov thana threshold(lets say 10 points), the tracker
is stoppedandtheinitialization proceduras reinvoked,try-
ing to matchthe new frameswith the keyframethe tracker
wasusing. Thetrackingis restartedvhenenoughpointsare
matchedoy theinitialization procedure.

5.4. Results
After an important work of optimization our tracker

nearlyrunsatreal-time(aboutl5 frames/secjor imagesof
size768 576 pixels (computationtime detailsare given

Interestpoint extraction | 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
pixels.

Figure 10), andwe have a working prototypesystemrun-

ning atfull real-time(25 frames/secpn 320 200images
from a Firewire camera. We set up a variety of demon-
strations,to shav that this methodcan be usedfor mary

differentcategoriesof objects.

Aspect changesln the exampledepictedby Figure 11,
the camerals moving aroundan old video projectordoing
acomplec movementwith 180degreerotations.Themodel
wascreatedoy a designeusingMaya, andit took 4 hours
of work. The useof keyframesallows our tracker to deal
with aspecthangegluringthe sequence.

OcclusionsFigurel2 shovssnapshotsf asecondiideo
sequencewherethe sameobijectis partially occludedby a
humanoperatorin orderto roughly simulatethe behaviour
of anHeadMountedDisplay Sinceour algorithmconsid-
erslocal features,the trackingis not corruptedby partial
occlusionsasfarasenoughfeaturepointsarevisible.

Generality Ouralgorithmis ableto trackobjectsof very
differenttypes.In the third exampledepictedby Figure13,
we tracka humanheadof whichthemodelhasbeenrecon-
structedoff-line from anothershortvideo sequence Even
thoughwe only havethefacemodelandnotthewholehead,
we have beenableto track 180degreerotations.We ranour
tracker on this sequencegiving only onekeyframe.

Sceneracking Figure14 depictsanexamplewherethe
camerais moved at the intersectionof two corridors. De-
spitethe hugeaspecthangeshroughoutthe sequencethe
camerdarajectoryis correctlyrecoseredusingthe 3D model
of thecorridorsandonly four keyframes.

Robustnessto 3D model errors We experimentallyno-
ticedthatthe 3D modelaccurag is not animportantissue.
For example thereis asmallmistake in the 3D modelof the
objectof Figureslland12: Thepositionof oneof thetwo
cylinderson the front faceis not very accurate however it
doesnot corrupttheresult. Likewise, the samefacemodel
of Figure 13 hasbeenusedto track other peoplefaces(of
variousshapesyvith success.

These videos and others can be seen at
http://cvlabep .ch/research/augim



6. Conclusion

In this papemwe presentedin AugmentedRealitysystem
thatconsistf arobust, drift- andjitter-freetracker, which
is initialized by anautomaticprocedure Our systemrelies
on purely passie vision techniquesand can be usedfor
a large classof objects,with no constraintson the kind of
cameramotion. We usemodelinformationandoff-line de-

ned keyframesto keepon following thetargetobjecteven
whenit is occludedor only partially visible, or whenthe
cameraturns aroundit. We combineoff-line andon-line
informationto preventthetypical jitter anddrift problems.

We believe our systento gowell beyondthe currentAR
state-of-the-artits level of automationjts robustnessand
its visual comfortdueto the stability of the insertedvisual
objectsmakeit suitablefor practicalAugmentedRealityap-
plications.
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Figure 11. A lever, slot-mac hine wheels and a jackpot light to the old projector , thus turning it into a
slot-mac hine.

Figure 12. Video sequence with occlusions.

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.



