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Abstract

Tracking, or camer posedeterminationjs the maintechnical challenge in numeousapplicationsin computer
visionandespeciallyin AugmentedReality However, posecomputatiomprocessesommonlyexhibit some uctu-
ationsandlack of precisionin the estimationof the parametes. Thisleadsto unpleasantisualimpressionsvhen
augmentedcenesre consideed. In this paper we proposean ef cient andreliable methodfor realtime camen
tradking which avoid unpleasanstatistical uctuations. This methodis basedon the knowledg of a piecevise
planar structue in the sceneand males useof modelselectionto reduce uctuations. ideosare attached to
this paperwhich provedtheeffectivenessf our approad (hallTrack.mpg hallCamer.mpg hallAugmented.mpg

roomVithoutMS.mpagandroomVWwthMS.mpg).

1. Intr oduction

Augmentingreal video sequencesf a scenewith computer
generatedbijectsis one of the main goalsof mary appli-

cationssuchasvirtual museumsinteractve interior design
or architecturaldesign,computefaidedrepairandlearning
systems?. All theseinteractve applicationsequirethatthe

augmentedsceneis continually updatedas the usermaoves
aboutthereal scene.Henceneof themostbasicchallenge
to overcomeis the registrationproblem:the objectsin the

realandthevirtual world mustbe properlyalignedwith re-

spectto eachotheror theillusion thatthetwo worlds coexist

will becompromised.

In this paper we addresghe registrationproblemfor in-
teractve AR applicationsSuchapplicationgequiresequen-
tial andreal-timeregistrationprocessThoughthe registra-
tion problemhasreceveda lot of attentionin the computer
vision community the problemof real time registrationis
still farfrom asolvedproblem.ldeally, anAR systenmshould
work in all environmentswithout the needto preparethe
sceneaheadof time andthe usershouldwalk anywherehe
pleasesin thepast,several AR systemsave achiered accu-
rateandfasttrackingandregistration,putting dotsover ob-
jectsandtrackingthe dotswith a camera 8. However, such
methodgestrictthe e xibility of thesystemHence thereis
aneedto investigateegistrationmethodsvhichwork in un-
preparedernvironmentsandwhich reducethe needto know
thegeometryof the objectsin thescene.
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1.1. Stateof the art

Today the approachedo sequentialviewpoint computa-
tion can be divided in two main cateyories: model-based
approachor move-matchingapproach.Model-basedech-
niquesrely on the identi cation in the imagesof features
from the objectmodel.Hence,a direct correspondencbe-
tweenthe3D object-coordinatsystemandeachimageis set
up 8 19, This capabilityof treatingeachimageindependently
malkes suchmethodsmore appropriatefor real time imple-
mentations Another consequencef model-basedracking
is the absenceof drift. However, it is commonlytrue that
few featuresare available for registration.Moreover, noise
in theimagemeasurementsampergsheiraccurataletection
and consequenthcorruptsthe estimatedoose.As a result,
thetrackingsuffersfrom high-frequeng jitter. More impor-
tantly, suchmethodsrequiresigni cant manualintervention
to constructhemodel.

On the other hand, nev move matchingmethods!! at-
temptto computethe relative motion betweentwo succes-
sive framesusing planar structures.f the position of the
cameran the rst frameis known, the absoluteposition of
thecamerds obtainedby compositingeachrelative motion.
Thesesystemsareattractive becausehey do notrequireary
knowledgeonthesceneHowever, they cansuffer from drift
becauserrorsaccumulatevertime.

In interactve real time applications,a good way to as-
sesgheviewpointaccurag is to considetthevisualimpres-
sionof theaugmentedceneToday it appearshatstatistical
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uctuations in the viewpoint computationdeadto unpleas-
antjittering effects or to sliding effectsin the scene.This
problemsare particularly conspicuousvhen the motion of
the camerais small becausenoiseof the extractedfeatures
leadto large uctuationsin theviewpoint computationThe
problemof stabilizationwas addressedh 4. Theideais to
classify the typical movementsof the camerainto models
(stationarypanoramicgeneral,zoonn) in orderto x some
of the parameteraissuminghat the variationsat thesepa-
rametersaredueto statistical uctuations. Of course stabil-
ity andaccurag overtheremainingparameterarebetterbe-
causethe degreeof freedomof the functionto be optimized
is smaller In this paperwe investigatefurtherthis ideawith
the following contrikutions: (i) we proposea methodfor
viewpoint computationwhich is basedon the obseration
of a multiplanarstructurein the scene.Suchstructuresare
quite commonboth for indoor or outdoorsceneqii) Fol-
lowing Kanatani*, we investigateheuseof modelselection
to improve the statibility of the computedviewpoint. Vari-
ousmodelselectiorcriteriaareconsideredndtestedn this
study We prove thatthe oneswhich male useof the covari-
anceontheestimatecparametergive betterresultsthanthe
classicakriteria(iii) theeffectivenesf our posealgorithm
is assessedn varioussequences.

The method for multiplanar viewpoint computationis
givenin section2. Section3 exhibit resultsandstrat@iesfor
model selections Finally, various snapshotof augmented
scenesareprovided.

2. Multiplanar viewpoint computation
2.1. Overview

This sectiongives an overview of our registrationmethod.
The equationf the planesusedby theregistrationprocess
aregiven by the user In our approachthe intrinsic param-
etersare supposedonstantand are computedbeforehand.
The rst cameraposeis alsoestimated Often, this estima-
tion is obtainedby usinga posterin thescene.

Oncethe preprocessingtagehasbeenachieved, the reg-
istration follows a four steploop: key-points are extracted
andmatchedrom frameto frame.Then,for eachmodel,the
projectionmatrix is computedusing constraintinducedby
thehomographiegrinally theright motionmodelis selected
andtheviewpointis computedaccordinglyIn thefollowing,
the main stepsof this algorithm are describedwith further
details(Fig. 1).

2.2. Planar viewpoint computation

We assuméhattheposition,orientation andtheinternalpa-
rametersof the cameraareknown for the rst image.Then
all theimagesof the sequencenay berelatedto the preced-
ing oneby settingup correspondencdsetweerpoints.

We know that given two projectionmatricesP; 1 0

Initialization stage:

1. Givetheequationof the obsered planesusedfor reg-
istration,

2. Computethe projective matrix for the rst frameP?,

Computation of the projective matrix P' fori 0:

1. Computethe setof matchedkey-points betweenim-
ages 1landifor eachobseredplane.

2. For eachmotion model,computeP, from P 1 using
theconstraintsnducedby thehomographies

3. Selectthe bestmodelaccordingto the selectioncri-
terionwhich is a tradeof betweenaccurag andsim-
plicity of themodel

4. Computethe motionusingthe selectednodel

Figure 1: Overviav of the multi-planartracking method

andP, Aa andaplanede ned by the vectorv suchthat
vViX o1 0, thecorrespondingpomographymatrix® canbe
expresseds:

H KA a/ Kt (1)
ki ku Uo
whereK; 0 kv W is the matrix of intrinsic

0 0 1
parameteror theimagei.

Giventheintrinsic parameterandasetof matchedoints

Xj X; ontheconsidereglanebetweertwo imagesaclas-

sical procedureto get the viewpoint parameterss to mini-

mize the meanerror of the matchedpoints with respectto
thetransformatiort, thus:

z

o 2
a X
j 1

Aa argMinJA a Z Hx;

Zl=

whereZ denotesnormalizationto make the third compo-
nentl.

2.3. Multi-planar calibration

Ourexperimentgprovedthattheaccurag of thesingleplane
registrationmethodis not sufcient to obtaina goodvisual
impressiorof theaugmentedgcenelndeedtheaccuray de-
pendson the relative position of the cameraand of the ob-

sened plane and also on the numberof matchedpoints.
Moreover, as sequentialviewpoint computationis consid-
ered errorsonviewpointaccumulat@vertimeandtheview-

point parametergend to diverge from the real onesespe-
cially whenlarge sequenceareconsidered.

Thatis the reasonwhy we suggesto useseveral planes
becausé bringsmoreinformationaboutthetridimensional
spaceand reducesconsiderablythe variability of the esti-
matedcalibrationparametersit will alsohelpusto handle
large ervironmentsfor AR applications.
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Figure 2: Thecomputed-translationthroughthesequence
usingone two or threeplanes.

When several planesare consideredthe function to be
optimisedis:
N

a X Z HiXj
k 1j 1

=

JOLE

A e
JA a N N
wheren is the numberof planes,Nx the numberof points
belongingto the planek, Hy thecorrespondingpomography

A typical methodusedto minimize this non-linearfunc-
tion is Newton iterationsbut it is very sensitve to theinitial
estimation.Thuswe usethe Levenbeg-Marquardtmethod
thatis morestableandalmostasfastasthe Newton method.

2.4. Results

To prove the effectivenesf the approachwe considereca
imagesequencesingthe modelof our three-planecalibra-
tion target. Variousmotionswereconsideredx andy trans-
lation, panoramicmotion, stationarymotion. Variousnoise
wereaddedo theimagepoints.

In Figure2, we comparegheactualtranslationcoordinates
T, (Figure 2), andthe computedcoordinatesvhena single
plane2 planesand3 planesareused.In thesémagesgaus-
sian noisewith covariancematrix s2I, with s 05, was
addedto the imagepoints. The viewpoint is found comput-
ing the 6 extrinsic parameterand xing all theintrinsicsto
a pre-calibratedralue. Theseresultsshaw that usinga sin-
gle plane,the estimatedviewpoint is very unstableandthe
estimatectoordinatesarelacking of precision.By addinga
secondand a third planeboth, precisionandregularity, are
improved considerably

2.5. Impr oving the robustnessof the viewpoint
computation

It is well known thatfalsematches;  x; canseveralydis-

turb the viewpoint computationprocess.To copewith this
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problem, RANSAC algorithm is classicallyusedfor each
visible planein order to discardfalse matchingson each
plane.However suchan approachconsidershe planesin-
dependenthanddoesnottake into accounthe multi-planar
modelof the scene We proposeheretwo methodsto cope
with this problem:

Method 1 We rst useaniterative methodto re ne theset
of inliers. As the multi-planarmodel of the sceneis avail-
able ,thehomographynducedby eachplanecanbededuced
from the projectionmatrix computedwith the multi-planar
algorithmusing (1). This allows us to computethe set of
inliers compatiblewith the computedhomographiesThe
projectionmatrix is thencomputedrom this new setof in-
liers, whichis in betteragreementvith the scenegeometry
andtheprocesss iterateduntil corvergence Thisway, false
matchingsareremoved andnew onescanbeadded.

However, this approachmay fail if a small numberof
points is available on a given plane. In this case,the
RANSAC algorithmis not always able to selectthe right
pointsandthe rst multi-planarestimateof the viewpoint
is erroneousandthe iteratedprocesgoo. To copewith this
problem,we suggestanapproachwhich fully integratesthe
muti-planamodelin therobustestimationprocess:

Method 2

1. Four point correspondenceare randomlychosenin the
full set of matchedpoints (the union of the matched
pointsfor all visible planes).

2. the viewpoint is computedthesefour correspondences
usingthe multi-planarmethod

3. The homographyinduced by each plane is computed
from the projection matrix and from the known plane
equationsising(1).

4. A new setof inliers is computedfor eachplane.This is
theunionof the correspondenceshich arein agreement
with thecomputechomograghyn eachplane.

5. repeatl to 4 L times (The numberL of samplesis
choosenaccordingto thelaw L  logl1 p log 1

1 e® werep 99 andthe proportionof outliersis
e 3inourexperiments.)

6. Selectthe parametersvhich correspondo thebiggestset

of inliers.

To provetheef ciency of thesetwo methodsye consider
atur ntable sequenceThis sequencevasconsideredo as-
sessthe accurag of the viewpoint algorithm. The camera
was X edto theturnableandwe considera closedsequence
which is describedin Fig. 3.a andb. Fig. 3.c exhibits the
computedtranslationalong the Z axis when the three de-
scribedmethodsareused As the sequencés closed,a good
way to asseghe accuray is to checkif the nal positionis
thesameastheinitial one.Fig. 3.c clearly shavs thatusing
methodl and2, the nal positionis very closeto theinitial
one.For method2, thedifferencebetweertheinitial andthe

nal positionis very small. To considerthein uence of the
methodon the visualimpressionof the augmentedcenea
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cubeis addedto the sceneandis shavn in the rst image
of thesequencén Fig. 4.a. Thethreeotherimagesshaw the
augmentedscenen the nal position,which is the sameas
theinitial one,whenthe threematchingmethodsare uses:
classicalmethod1 andmethod?2 (Fig. 4.b,candd). These
snapshotgrovedthatsliding effectsoccurredvhentheclas-
sical matchingmethodis used.The useof methodsl and
2 clearly improved the viewpoint accurag with noticeable
betterresultsfor method2. However, asthe computational
costof method?2 is very high, we preferto usethe method
1 whichis agoodcompromisebetweencomputationatime
andaccurag.

3. Useof stabilisation methods
3.1. Aims

Evenwhenthe precisionof the viewpointsis improved by

consideringseveralplanes,uctuationsin theparameterare

often obsered and may leadto unpleasantisual impres-

sions such as jittering or sliding when augmentedscenes
are consideredThese uctuations are especiallyconspicu-
ouswhenthe cameramotionis small becausef noiseand

imprecisionin computingthepointscoordinatesln thepast,

several papersusedKalman ltering for predictionandsta-

bilization task. However, the useof a Kalman lter is not

always adwantageougor AR. This is becausea low order

dynamicalmodel of humanmotion may not be always ap-

propriateexceptundervery constraintscenarios.

Following MatsunagandKanatant and3 weinvestigate
the useof motion modelselectionto reduce uctuations of
thecamergparameterandto improve thevisualimpression
of theaugmentedceneTheunderlyingideain modelselec-
tion is asfollows: a higherordermotionmodel ts ary data
setmoreaccuratelythanalowerordermodel.However, high
ordermodelst partof therandomnoisethey aresupposed
to remove. Thus, a high ordermodel, althoughaccuratejs
lessstableto randomperturbationsn the data.A goodmo-
tion modelmust strike the right balancebetweenaccurayg
andstability. Themodelselectiorprincipledemandshatthe
modelshouldexplainthedatavery well andatthesametime
have asimplestructure.

3.2. Stateof the art

Many modelselectiorcriteriafor balancingheresidualand
the degreeof freedomof the modelhave beenproposedn
the literature3. All of themarethe sumof anaccurag cri-
terion and of a term which is a measureof the complex-
ity of the model. Most of themare basedon statisticaland
information-theoreticriteria. Amongthem,themostwidely
usedcriterion are the geometricAkaike's criterion andthe
minimumdescriptionlength(MDL) criterion. The AIC cri-
terioncanbeviewed asanapproximatiorof anentroyy cri-
terion (the Kullbak-Leiblerdistance)whereaghe MDL cri-

teriontry to choosehe modelthatminimizesthe numberof
bits requiredto expresshe model:

Gac J 2k
GupoL J |(€2|Oge2

wherek is the degreeof freedomof the motion. The square
noiselevel & canbeestimatedrom the residualsj (theone
correspondingo the highestordermodel42). Whatever the
considerectriterion, the useof a too complex modelis pe-
nalisedwith respecto simplermodel.

Kanatani* previously appliedthis techniqueto the cali-
brationproblemby usinga singleplane,speci cally, a cali-
brationpattern.In this seminalwork, Kanataniclassi esthe
movementsin six types,speci cally thosewith x edfocal
lengtharefour:

Movement Known parameters Variables
stationary Al A 18 g 1

panoramic a g 1 A

t predicted t 2t 1 t 2@ & 1 Aj
generaimodel Aj g

Inthet predictednodel,thecamergositionis linearly ex-
trapolatedast; 2t 1 tj 2. Theoptimisationis only per
formedontherotation.

In Kanatanis approachpnly two criteria are considered
Gaic andGypL usingonesingleplane.However, thereare
mary othercriteria, especiallythosewhich make useof the
covariancematrix or theinformationmatrixontheestimated
parameters.

3.3. Our approachto model selection

We suggesto usetogetherthe modelselectionstrateyy and
themulti-planarcalibrationin orderto improve the stability
andthe accurayg of the estimatedhe parametersThereare
differentbranchesisingmodelselectionput thereis nosuch
successfutriterion in general,as canbe seenin somere-
views comparingsomeof themfor differentproblems: nd-
ing the polynoms degree?, surfacemenging 3, type of mo-
tion 12, detectionof geometrigorimitives®.

For thisreasonwe compareifferentmodelselectiorcri-
teria (table 1). Thesecriteria usethe sameaccurag mea-
sure:theresidualerrorevaluatedat the maximumlik elihood
parametersBut, the compl«ity termis differentfor each
model and dependson different assumptionver the pa-
rametersandtheir distribution. In this work, we especially
consideredtriteria which involve the covariancematrix on
theestimategarametersV qx andtheFisherinformation
matrix | gV Ok 1, Indeed,often, criteriasuchAlIC
areonly asymptoticapproximation®of a criterionwhichin-
cludesthecovarianceor theinformationmatrix. So,we hope
thatsuchcriteriawill improve themodelselection.
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Figure 3: Turnablesequence(a) and (b): actual motionof the camen, (c) comparisorof the threerobust matthing methods

ontheturntablesequence

Figure4: Comparisorofthe nal positionwhenthethreematding methodsare used:(1): initial position(b,c,d): nal position
whenthe classicalmethod methodl andmethod? are used.

Criterion Complexity term
Akaike'sAIC 1 2k

Bozdogans CAIC 2 klogn 1
Bozdogars CAICF 2 klogn 2 log! gk
Schwarz'sBIC ? 2klogn

MDL 1/2klog(n)
Kanatanis gMDL * kloge?
BMSC-RISS? k 2logz qil g gk loga Vk

Table 1: Thecriteria consideedin our study(k is thesizeof
themodelandn is the numberof data.

3.4. Experimental results

Experimentavereconductedoth on realandsyntheticim-

ages.In our experimentswe assignan integerto eachtype
of movement O for stationary;1 for panoramic? for trans-
lation androtation(general);and 3 for predictedtranslation
andvariablerotation.
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3.4.1. Predictedmodel

The possibility of usinglinearly predictedmodelswas de-
scribedin 4. The main problemof sequentiakalibrationis
thatsomevariationsarevery small,andsomesubsequences
mayseenpiecaviselinear Theconsequencis thatfor some
noise level, the predictedmodel is often preferredto the
generalone becauséts compleity is simplerthanthe real
model.Thismayleadto divergenceaftersomeimagesasex-
hibitedin gure 5. In this casewe usethe CAICF criterion,
but the behaiour is similar for the otherones.In our ap-
proachi|it is importantbothto selectalwaysthe right model
andto computetheparameteraccuratelyThisis thereason
why we decideto usejust threemodelsfor the x edfocal
lengthcalibration.

3.4.2. Comparing selectioncriteria

In orderto comparethe selectiorcriteria, we usea synthetic
sequenceorruptedwith variousnoiselevels. For eachim-
agei we considethemodelselectedetweerframei  1and
i. As aniterative procedurds used,we useasinitialisation
the actualviewpoint for framei 1 in orderto avoid drift
problem.As the actualmodelis known, we shav in Table
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520

without model seleé%iL S 1 0
500 - without predictve model-—— 1 Motion  Criterion Undert correct Overt
o o AIC - 83.7%  16.3%
S e e CAIC - 100.0% 0.0%
N 1 Static CAICF - 100.0% 0.0%
- ] BIC - 100.0% 0.0%
gMDL - 0.0%  100.0%
1 MDL - 83.8% 16.2%
1 BMSC-RISS - 100.0% 0.0%
1 AIC 0.0% 86.7% 13.3%
340 I " " ” = po 20 CAIC 0.0%  100.0% 0.0%
#image Pan CAICF 0.0% 97.3% 2.7%
. . ) ) BIC 0.0%  100.0% 0.0%
Fl_gure 5: Thecompute(_Z-transIatlonu3|ngmodelselectlon gMDL 0.0% 0.0% 100.0%
with andwithoutt predictedmodel MDL 0.0% 88.0%  12.0%
BMSC-RISS 0.0% 100.0% 0.0%
s 03 AIC 11.5%  88.5% -
Motion  Criterion Undert correct Overt CAIC 24.1%  75.9% -
General CAICF 20.3% 79.7% -
AIC - 83.1% 16.9% BIC 33.6% 66.4% -
CAIC - 98.7% 1.3% gMDL 0.0%  100.0% -
Static  CAICF - 100.0% 0.0% MDL 11.5%  88.5% -
BIC - 100.0% 0.0% BMSC-RISS 36.6%  63.4% -
gMDL - 77.5% 22.5%
MDL - 83.2% 16.8% Table 3: Percentaye of goodmodelselectiorfor variouscri-
BMSC-RISS - 86.3% 13.7% teria, noiselevel= 1.
AIC 0.0% 85.3% 14.7%
CAIC 0.0% 99.3% 0.7%

Pan CAICF 0.0% 98.7%  1.3% benoticedthatsomecriteriaaremoresensitve to noiseand
BIC 0.0%  100.0% 0.0% selectawrongmodeloftenthanothers.In generalthecrite-
gMDL O'OZA’ 84'72/0 15'32/0 riabasedn Akaike's InformationCriterion(AIC, CAIC and
I\B/II\Ii;C-RISS 880//‘; 5504030 104022" CAICF) performswell. However, AIC tendto admit more

' ’ ’ over tting thanthe CAIC or CAIF andthe stabilisationper

AlC 0.0%  100.0% - formances thenreducedTheexperimentsve performedon

CAIC 1.5% 98.5% - Bayesiancriteria suchas BMSC-RISSare not corvincing.
General CAICE 1.3% 98.7% - First, this criteriontendto admitunder tting for thegeneral

BIC 5.4% 94.6% - motion whenthe noiselevel is relatively high. Secondthe

gMDL 0.0%  100.0% - resultsseemto dependightly on thea priori probability on

MDL 0.0%  100.0% - thevariousmotionmodels.

BMSC-RISS 5.8% 94.2% -

Table 2: Percentaye of goodmodelselectiorfor variouscri-
teria, noiselevel= 0.3.

2 and3 the percentagef correctmodelchoiceobtainedfor
eachcriterionandfor echmodel.

Thesetablesproved thatfor a moderatenoiselevel (s
0 3), most of the criteria perform well. We seethat some
criteria preferthe more generalmodel (AIC, gMDL) while
someothersalwayschosethe simplerone(BIC). It canalso

Thatis the reasornwhy the experimentsin the following
aredoneusingthe CAICF asselectioncriterion, becauset
performswell and it considersalso that the natureof the
parameterss differentby includingthe Fishersinformation
matrixin thecompleity term.

Figure 6 shavs the performanceof the criteriain the se-
guencecomparedwith the real motion model. The X axis
indicatesghe numberof theimage,andtheY axisthemodel
of movement.

If the noiselevel increasessomecriteriatendto select
a simplermodel,speciallythe panoramianodeleven when
therealonevariesin translatiorandin rotation.Often,small

submittedto Mision, Video, and Graphics(2003
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Figure 6: Comparisormf modelselectioncriteria on a syn-
theticsequences 1.

translationsaremistalenby panoramianotionsbecaus¢he
directionof motionof thepointsis thesameandtheresidual
erroris alsosimilar, but the compleity of the modelto de-
tectatranslationis bigger(becausét is justincludedin the
generalmodel) thanto detecta panoramicmavement,the
rst modelhas6 degreesof freedom,ratherthan 3 for the
secondne.

3.4.3. The Turntable Sequence

We demonstratehe effectivenessof the approachon the
turntablesequencewhich was describedn section2. Fig.
7 shawvs the distancdrom the currentcamergpositionto the
initial camergositioncomputedvith andwithoutmodelse-
lection. We can notice that when model selectionis used,
the trajectoryis more stable.As the total translationof the
turntableis perfectly knovn (10cm), we can also estimate
the accurag of the processby comparingthe estimated
translationwith andwithout modelselection.Whenmodel
selectionis usedthe estimatedotal translationis 9.82 cm,
whereasit is around 6.56cmwithout model selection.In
addition, as the sequencas closed,the drift can be used
to assesghe two methods.The total drift of the camera
position when model selectionis usedis 0.14cm.Without
modelselectionthedrift is 3.26cm. During the stationnary
and the rotating motion, the distancebetweenthe current
andtheinitial positionis constantWhenmodelselectionis
used this distanceis really constantwhereast is not with-
out modelselection.Two videosusingthe sameroom with
moreabruptmotionsareattachedo this paper Thesequence
roomWthoutMS.mpgexhibits theaugmentedgceneandthe
selectednodelwhenno motionselectionis usedThevideo
roomWthMS.mpgexhibits resultswhenmotionselectionis
used.In thesevideos,the symbolin the uppetleft cornerof
theimagesindicatesthe selectednodel. Thered crossindi-
catesthe stationarymodel, the greencircle correspondso
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Figure 7: The distancebetweerthe current viewpoint and
theinitial onefor theturntablesequence

the panoramicrotation, and the blue squareto the general
model.

Theseresults clearly demonstratehat model selection
producessmoothertrajectoryand bettervisual impression.
They alsoprove thatthe useof modelselectionmprove the
accurayg of the viewpointsandreducesoticeablythe drift
problemshatarecommonwhenlong sequenceareconsid-
ered.

In orderto quantify the time neededor viewpoint com-
putation, table 4 gives the times neededfor the different
stepsof viewpointcomputatiorfor oneimageof the calibra-
tion target: extractionand matchingsteps(we usethe MIC
algorithimi4 to extractthekey points), robustmatchingusing
theRANSAC algorithmwith methodl and2, andviewpoint
computationusing model selection. About 500 key-points
were extractedfrom eachimage. After retainingonly the
points which belongsto three planes,only 100 points are
consideredn the viewpoint computationprocess.Théull
processs about64 mswhenmethodl is usedand124 ms
for method2. This meanghatwe canhandlel6 imagesper
secondvith methodl and8 imageswith method?2.

MIC 15ms
Matching Ims
RANSAC Method1 25ms
RANSAC Method?2 85ms
Viewpoint estimatiorwith modelSelection  15ms
Total Method1 64 ms
Total Method2 124ms

Table4: Computatiorratesobtainedona PentiumlV 2. Ghz
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3.4.4. The snooker sequence

This large sequencavastaken usinga handheld cameran
the hall of our laboratory The userwasfree to move ary-
wherehe wanted.Due to the brightnessof the oor, some
sheetsof paperwere put dowvn on it to male easierthe
trackingprocessDuring the sequencetwo panoramicmo-
tions were realized(seehallCamera.mpg)pne with a tri-
pod and the otherwithout a tripod. Both are correctly la-
beledby the modelselectionprocessascanbe seenon the
video (hallTrack.mpg).The setof inliers is alsovisible on
this video. Finally, somesnapshot®f the sceneaugmented
with a snooler are shawvn in Fig. 8 andin video hallAug-
mented.mp@ndprove the effectivenesf our method.

4. Conclusion

We proposedin this paperseveral improvementsto view-
pointcomputatiorfor multi-planarervironmentsTheuseof
model selectionwith variouscriterion proved that criterion
involving informationonthe covarianceof theestimateca-
rametersarewell suitedto stabilization.Videosattachedo
this papemprovedthatthis methodsigni cantly improvedthe
visualimpressiorof the augmentedcene We now investi-
gateif thesecriteriaarewell suitedwhenvaryingfocal lens
areconsideredOur rst experimentsproved thatthe useof
non nestedmodelsis moredif cult to handle We alsoplan
to investigatethein uence of theaccurag onthe rst view-
pointonthewholeprocessindeed,t appearshatgoodreg-
istrationresultscanonly beobtainedf goodintrinsiccamera
parameterareavailable.
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Figure 8: Snapshotsf theaugmentedceneor thesnooler sequencethesetoninliers andtheaugmentedcene
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