
Vision,Video,andGraphics(2003), pp.1–1
P. Hall, P. Willis (Editors)

Iterati veMulti-planar CameraCalibration: Impr oving
Stability usingModel Selection

F. Vigueras,M.-O. BergerandG. Simon

LORIA/Inria Lorraine
BP 101,54602Villers lesNancy, France
email:{vigueras,berger,gsimon}@loria.fr

submittedto Vision,Video,andGraphics(2003)



Vision,Video,andGraphics(2003), pp.1–8
P. Hall, P. Willis (Editors)

Iterati veMulti-planar CameraCalibration: Impr oving
Stability usingModel Selection

Abstract
Tracking, or camera posedetermination,is the main technical challenge in numerousapplicationsin computer
visionandespeciallyin AugmentedReality. However, posecomputationprocessescommonlyexhibit some�uctu-
ationsandlack of precisionin theestimationof theparameters.Thisleadsto unpleasantvisualimpressionswhen
augmentedscenesare considered.In this paper, weproposeanef�cient andreliablemethodfor real timecamera
tracking which avoid unpleasantstatistical �uctuations. This methodis basedon the knowledge of a piecewise
planar structure in the sceneand makes useof modelselectionto reduce�uctuations. Videosare attached to
this paperwhich provedtheeffectivenessof our approach (hallTrack.mpg, hallCamera.mpg, hallAugmented.mpg,
roomWithoutMS.mpgandroomWithMS.mpg).

1. Intr oduction

Augmentingrealvideosequencesof a scenewith computer
generatedobjectsis oneof the main goalsof many appli-
cationssuchasvirtual museums,interactive interior design
or architecturaldesign,computer-aidedrepairandlearning
systems15. All theseinteractiveapplicationsrequirethatthe
augmentedsceneis continuallyupdatedas the usermoves
abouttherealscene.Hence,oneof themostbasicchallenge
to overcomeis the registrationproblem:the objectsin the
realandthevirtual world mustbeproperlyalignedwith re-
spectto eachotheror theillusion thatthetwo worldscoexist
will becompromised.

In this paper, we addressthe registrationproblemfor in-
teractiveAR applications.Suchapplicationsrequiresequen-
tial andreal-timeregistrationprocess.Thoughthe registra-
tion problemhasreceiveda lot of attentionin thecomputer
vision community, the problemof real time registrationis
still far from asolvedproblem.Ideally, anAR systemshould
work in all environmentswithout the needto preparethe
sceneaheadof time andtheusershouldwalk anywherehe
pleases.In thepast,severalAR systemshaveachievedaccu-
rateandfasttrackingandregistration,puttingdotsover ob-
jectsandtrackingthedotswith a camera7� 8. However, such
methodsrestrictthe�e xibility of thesystem.Hence,thereis
aneedto investigateregistrationmethodswhichwork in un-
preparedenvironmentsandwhich reducetheneedto know
thegeometryof theobjectsin thescene.

1.1. Stateof the art

Today, the approachesto sequentialviewpoint computa-
tion can be divided in two main categories: model-based
approachor move-matchingapproach.Model-basedtech-
niquesrely on the identi�cation in the imagesof features
from the objectmodel.Hence,a direct correspondencebe-
tweenthe3D object-coordinatesystemandeachimageis set
up 8� 10. Thiscapabilityof treatingeachimageindependently
makessuchmethodsmoreappropriatefor real time imple-
mentations.Anotherconsequenceof model-basedtracking
is the absenceof drift. However, it is commonlytrue that
few featuresareavailable for registration.Moreover, noise
in theimagemeasurementshamperstheiraccuratedetection
andconsequentlycorruptsthe estimatedpose.As a result,
thetrackingsuffersfrom high-frequency jitter. More impor-
tantly, suchmethodsrequiresigni�cant manualintervention
to constructthemodel.

On the other hand,new move matchingmethods11 at-
tempt to computethe relative motion betweentwo succes-
sive framesusing planarstructures.If the position of the
camerain the �rst frameis known, theabsolutepositionof
thecamerais obtainedby compositingeachrelativemotion.
Thesesystemsareattractivebecausethey donot requireany
knowledgeonthescene.However, they cansuffer from drift
becauseerrorsaccumulateover time.

In interactive real time applications,a good way to as-
sesstheviewpointaccuracy is to considerthevisualimpres-
sionof theaugmentedscene.Today, it appearsthatstatistical
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�uctuations in the viewpoint computationsleadto unpleas-
ant jittering effects or to sliding effects in the scene.This
problemsareparticularlyconspicuouswhenthe motion of
the camerais small becausenoiseof the extractedfeatures
leadto large�uctuations in theviewpoint computation.The
problemof stabilizationwasaddressedin 4. The idea is to
classify the typical movementsof the camerainto models
(stationary, panoramic,general,zoomin) in orderto �x some
of the parametersassumingthat the variationsat thesepa-
rametersaredueto statistical�uctuations.Of course,stabil-
ity andaccuracy overtheremainingparametersarebetterbe-
causethedegreeof freedomof thefunctionto beoptimized
is smaller. In thispaper, we investigatefurtherthis ideawith
the following contributions: (i) we proposea methodfor
viewpoint computationwhich is basedon the observation
of a multiplanarstructurein the scene.Suchstructuresare
quite commonboth for indoor or outdoorscenes(ii) Fol-
lowing Kanatani4, we investigatetheuseof modelselection
to improve the statibility of the computedviewpoint. Vari-
ousmodelselectioncriteriaareconsideredandtestedin this
study. We prove thattheoneswhichmake useof thecovari-
anceon theestimatedparametersgive betterresultsthanthe
classicalcriteria(iii) theeffectivenessof our posealgorithm
is assessedon varioussequences.

The method for multiplanar viewpoint computationis
givenin section2. Section3 exhibit resultsandstrategiesfor
model selections.Finally, varioussnapshotsof augmented
scenesareprovided.

2. Multiplanar viewpoint computation

2.1. Overview

This sectiongivesan overview of our registrationmethod.
Theequationsof theplanesusedby theregistrationprocess
aregiven by theuser. In our approach,the intrinsic param-
etersaresupposedconstantandarecomputedbeforehand.
The �rst cameraposeis alsoestimated.Often, this estima-
tion is obtainedby usinga posterin thescene.

Oncethepreprocessingstagehasbeenachieved,thereg-
istration follows a four steploop: key-pointsare extracted
andmatchedfrom frameto frame.Then,for eachmodel,the
projectionmatrix is computedusingconstraintsinducedby
thehomographies.Finally theright motionmodelis selected
andtheviewpoint is computedaccordingly. In thefollowing,
the main stepsof this algorithmaredescribedwith further
details(Fig. 1).

2.2. Planar viewpoint computation

Weassumethattheposition,orientation,andtheinternalpa-
rametersof thecameraareknown for the �rst image.Then
all theimagesof thesequencemayberelatedto thepreced-
ing oneby settingupcorrespondencesbetweenpoints.

We know that given two projectionmatricesP1
�

�

I � 0�

Initialization stage:
1. Give theequationof theobservedplanesusedfor reg-

istration,
2. Computetheprojective matrix for the�rst frameP0,
Computation of the projective matrix Pi for i � 0:
1. Computethe setof matchedkey-pointsbetweenim-

agesi � 1 andi for eachobservedplane.
2. For eachmotion model,computePi from Pi � 1 using

theconstraintsinducedby thehomographies
3. Selectthe bestmodelaccordingto the selectioncri-

terionwhich is a tradeoff betweenaccuracy andsim-
plicity of themodel

4. Computethemotionusingtheselectedmodel

Figure1: Overview of themulti-planartrackingmethod

andP2
�

�

A � a� anda planede�ned by thevectorv suchthat
vTX � 1 � 0, thecorrespondinghomographymatrix5 canbe
expressedas:

H � K2 �

A � avT 	 K � 1
1 (1)

whereKi
�


�

ku ku u0
0 kv v0
0 0 1

�

is thematrix of intrinsic

parametersfor theimagei.

Giventheintrinsicparametersandasetof matchedpoints
�

x j �

x� j
	 on theconsideredplanebetweentwo images,aclas-

sical procedureto get the viewpoint parametersis to mini-
mize the meanerror of the matchedpointswith respectto
thetransformation4, thus:

A
�

a � argMin
�

J
�

A
�

a	

�

1
N

N

å
j � 1 �

x� j � Z
�

Hx j
	

�

2 	

whereZ
�

� denotesnormalizationto make the third compo-
nent1.

2.3. Multi-planar calibration

Ourexperimentsprovedthattheaccuracy of thesingleplane
registrationmethodis not suf�cient to obtaina goodvisual
impressionof theaugmentedscene.Indeedtheaccuracy de-
pendson the relative positionof the cameraandof the ob-
served plane and also on the numberof matchedpoints.
Moreover, as sequentialviewpoint computationis consid-
ered,errorsonviewpointaccumulateovertimeandtheview-
point parameterstend to diverge from the real onesespe-
cially whenlargesequencesareconsidered.

That is the reasonwhy we suggestto useseveral planes
becauseit bringsmoreinformationaboutthetridimensional
spaceand reducesconsiderablythe variability of the esti-
matedcalibrationparameters.It will alsohelp us to handle
largeenvironmentsfor AR applications.
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Figure2: ThecomputedZ-translationthroughthesequence
usingone, two or threeplanes.

When several planesare considered,the function to be
optimisedis:

J
�

A
�

a	

�

1
N1 �

�����

� Nn

n

å
k � 1

Nk

å
j � 1 �

x�k j � Z
�

Hkxk j
	

�

2

wheren is the numberof planes,Nk the numberof points
belongingto theplanek, Hk thecorrespondinghomography.

A typical methodusedto minimize this non-linearfunc-
tion is Newton iterationsbut it is very sensitive to theinitial
estimation.Thuswe usethe Levenberg-Marquardtmethod
thatis morestableandalmostasfastastheNewtonmethod.

2.4. Results

To prove theeffectivenessof theapproach,we considereda
imagesequenceusingthemodelof our three-planecalibra-
tion target.Variousmotionswereconsidered:x andy trans-
lation, panoramicmotion,stationarymotion.Variousnoise
wereaddedto theimagepoints.

In Figure2, wecomparetheactualtranslationcoordinates
Tz (Figure2), andthe computedcoordinateswhena single
plane,2 planes,and3 planesareused.In theseimages,gaus-
sian noisewith covariancematrix s2I , with s � 0 � 5, was
addedto the imagepoints.Theviewpoint is foundcomput-
ing the6 extrinsic parametersand�xing all the intrinsicsto
a pre-calibratedvalue.Theseresultsshow that usinga sin-
gle plane,the estimatedviewpoint is very unstableandthe
estimatedcoordinatesarelackingof precision.By addinga
secondanda third planeboth,precisionandregularity, are
improvedconsiderably.

2.5. Impr oving the robustnessof the viewpoint
computation

It is well known thatfalsematchesx j
� x

� j canseveralydis-
turb the viewpoint computationprocess.To copewith this

problem,RANSAC algorithm is classicallyusedfor each
visible plane in order to discardfalse matchingson each
plane.However suchan approachconsidersthe planesin-
dependentlyanddoesnot take into accountthemulti-planar
modelof the scene.We proposeheretwo methodsto cope
with this problem:

Method 1 We�rst useaniterativemethodto re�ne theset
of inliers. As the multi-planarmodelof the sceneis avail-
able,thehomographyinducedby eachplanecanbededuced
from the projectionmatrix computedwith the multi-planar
algorithm using (1). This allows us to computethe set of
inliers compatiblewith the computedhomographies.The
projectionmatrix is thencomputedfrom this new setof in-
liers,which is in betteragreementwith thescenegeometry,
andtheprocessis iterateduntil convergence.Thisway, false
matchingsareremovedandnew onescanbeadded.

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

Method 2

1. Four point correspondencesarerandomlychosenin the
full set of matchedpoints (the union of the matched
pointsfor all visibleplanes).

2. the viewpoint is computedthesefour correspondences
usingthemulti-planarmethod

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

4. A new setof inliers is computedfor eachplane.This is
theunionof thecorrespondenceswhicharein agreement
with thecomputedhomograghyin eachplane.

5. repeat1 to 4 L times (The number L of samplesis
choosenaccordingto the law L � log

�

1 � p	�� log
�

1 �

�

1 � e	 4 	 were p �

� 99 andthe proportionof outliersis
e �

� 3 in ourexperiments.)
6. Selecttheparameterswhichcorrespondto thebiggestset

of inliers.

To provetheef�ciency of thesetwo methods,weconsider
a tur ntable sequence. This sequencewasconsideredto as-
sessthe accuracy of the viewpoint algorithm.The camera
was�x edto theturnableandwe considera closedsequence
which is describedin Fig. 3.a and b. Fig. 3.c exhibits the
computedtranslationalong the Z axis when the threede-
scribedmethodsareused.As thesequenceis closed,a good
way to assestheaccuracy is to checkif the �nal positionis
thesameastheinitial one.Fig. 3.c clearlyshows thatusing
method1 and2, the�nal positionis very closeto theinitial
one.For method2, thedifferencebetweentheinitial andthe
�nal positionis very small.To considerthe in�uence of the
methodon thevisual impressionof theaugmentedscene,a
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cubeis addedto the sceneand is shown in the �rst image
of thesequencein Fig. 4.a.Thethreeotherimagesshow the
augmentedscenein the �nal position,which is thesameas
the initial one,whenthe threematchingmethodsareuses:
classical,method1 andmethod2 (Fig. 4.b,c andd). These
snapshotsprovedthatslidingeffectsoccurredwhentheclas-
sical matchingmethodis used.The useof methods1 and
2 clearly improved the viewpoint accuracy with noticeable
betterresultsfor method2. However, asthe computational
costof method2 is very high, we preferto usethemethod
1 which is a goodcompromisebetweencomputationaltime
andaccuracy.

3. Useof stabilisation methods

3.1. Aims

Even whenthe precisionof the viewpoints is improved by
consideringseveralplanes,�uctuationsin theparametersare
often observed and may lead to unpleasantvisual impres-
sions such as jittering or sliding when augmentedscenes
areconsidered.These�uctuations areespeciallyconspicu-
ouswhenthe cameramotion is small becauseof noiseand
imprecisionin computingthepointscoordinates.In thepast,
severalpapersusedKalman�ltering for predictionandsta-
bilization task.However, the useof a Kalman �lter is not
always advantageousfor AR. This is becausea low order
dynamicalmodelof humanmotion may not be alwaysap-
propriateexceptunderveryconstraintscenarios.

Following MatsunagaandKanatani4 and13 weinvestigate
theuseof motion modelselectionto reduce�uctuations of
thecameraparametersandto improve thevisualimpression
of theaugmentedscene.Theunderlyingideain modelselec-
tion is asfollows: a higherordermotionmodel�ts any data
setmoreaccuratelythanalowerordermodel.However, high
ordermodels�t partof therandomnoisethey aresupposed
to remove. Thus,a high ordermodel,althoughaccurate,is
lessstableto randomperturbationsin thedata.A goodmo-
tion modelmuststrike the right balancebetweenaccuracy
andstability. Themodelselectionprincipledemandsthatthe
modelshouldexplainthedataverywell andatthesametime
have a simplestructure.

3.2. Stateof the art

Many modelselectioncriteriafor balancingtheresidualand
the degreeof freedomof the modelhave beenproposedin
the literature3. All of themarethesumof anaccuracy cri-
terion and of a term which is a measureof the complex-
ity of the model.Most of themarebasedon statisticaland
information-theoreticcriteria.Amongthem,themostwidely
usedcriterion are the geometricAkaike's criterion and the
minimumdescriptionlength(MDL) criterion.TheAIC cri-
terioncanbeviewedasanapproximationof anentropy cri-
terion(theKullbak-Leiblerdistance)whereastheMDL cri-

teriontry to choosethemodelthatminimizesthenumberof
bits requiredto expressthemodel:

GAIC
� Ĵ � 2ke2

GMDL
� Ĵ � ke2loge2

wherek is thedegreeof freedomof themotion.Thesquare
noiselevel e2 canbeestimatedfrom theresidualsĴ (theone
correspondingto thehighestordermodel42). Whatever the
consideredcriterion, theuseof a too complex modelis pe-
nalisedwith respectto simplermodel.

Kanatani4 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 ed focal
lengtharefour:

Movement Known parameters Variables
stationary A i

� A i � 1 �

ai
� ai � 1 �

panoramic ai
� ai � 1 A i

t � predicted ti � 2ti � 1 � ti � 2 �

ai
� ai � 1 A i

generalmodel � A i �

ai

In thet � predictedmodel,thecamerapositionis linearlyex-
trapolatedasti � 2ti � 1 � ti � 2. Theoptimisationis only per-
formedon therotation.

In Kanatani's approach,only two criteria areconsidered
GAIC andGMDL usingonesingleplane.However, thereare
many othercriteria,especiallythosewhich make useof the
covariancematrixor theinformationmatrixontheestimated
parameters.

3.3. Our approachto model selection

We suggestto usetogetherthemodelselectionstrategy and
themulti-planarcalibrationin orderto improve thestability
andtheaccuracy of theestimatedtheparameters.Thereare
differentbranchesusingmodelselection,but thereis nosuch
successfulcriterion in general,ascanbe seenin somere-
views comparingsomeof themfor differentproblems:�nd-
ing thepolynom's degree2, surfacemerging 3, typeof mo-
tion 12, detectionof geometricprimitives6.

For this reason,wecomparedifferentmodelselectioncri-
teria (table 1). Thesecriteria usethe sameaccuracy mea-
sure:theresidualerrorevaluatedat themaximumlikelihood
parameters.But, the complexity term is different for each
model and dependson different assumptionsover the pa-
rametersandtheir distribution. In this work, we especially
consideredcriteria which involve the covariancematrix on
theestimatedparameters

�

V
�

qk
	 	 andtheFisherinformation

matrix
�

I
�

qk
	

� V
�

qk
	

� 1 	 . Indeed,often,criteriasuchAIC
areonly asymptoticapproximationsof a criterionwhich in-
cludesthecovarianceor theinformationmatrix.So,wehope
thatsuchcriteriawill improve themodelselection.
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Figure 3: Turnablesequence:(a) and(b): actualmotionof thecamera, (c) comparisonof the threerobustmatching methods
on theturntablesequence.

a. b. c. d.

Figure4: Comparisonof the�nal positionwhenthethreematchingmethodsareused:(1): initial position(b,c,d):�nal position
whentheclassicalmethod,method1 andmethod2 are used.

Criterion Complexity term

Akaike's AIC 1 2k
Bozdogan's CAIC 2 k

�

logn � 1	

Bozdogan's CAICF 2 k
�

logn � 2	

� log � I
�

qk
	

�

Schwarz's BIC 9 2klogn
MDL 1/2klog(n)
Kanatani's gMDL 4

� kloge2

BMSC-RISS3 k� 2log2
�

�

qt
kI

�

qk
	 qk

	

� log2 �

Vk
	

Table1: Thecriteria consideredin our study(k is thesizeof
themodelandn is thenumberof data.

3.4. Experimental results

Experimentswereconductedbothon realandsyntheticim-
ages.In our experiments,we assignan integer to eachtype
of movement: 0 for stationary;1 for panoramic;2 for trans-
lation androtation(general);and3 for predictedtranslation
andvariablerotation.

3.4.1. Predictedmodel

The possibility of using linearly predictedmodelswasde-
scribedin 4. The main problemof sequentialcalibrationis
thatsomevariationsarevery small,andsomesubsequences
mayseempiecewiselinear. Theconsequenceis thatfor some
noise level, the predictedmodel is often preferredto the
generalonebecauseits complexity is simpler thanthe real
model.Thismayleadto divergenceaftersomeimagesasex-
hibitedin �gure 5. In this case,we usetheCAICF criterion,
but the behaviour is similar for the other ones.In our ap-
proach,it is importantbothto selectalwaystheright model
andto computetheparametersaccurately. This is thereason
why we decideto usejust threemodelsfor the �x ed focal
lengthcalibration.

3.4.2. Comparing selectioncriteria

In orderto comparetheselectioncriteria,weuseasynthetic
sequencecorruptedwith variousnoiselevels.For eachim-
agei weconsiderthemodelselectedbetweenframei � 1and
i. As an iterative procedureis used,we useasinitialisation
the actualviewpoint for framei � 1 in order to avoid drift
problem.As the actualmodel is known, we show in Table
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s � 0 � 3
Motion Criterion Under�t correct Over�t

AIC - 83.1% 16.9%
CAIC - 98.7% 1.3%

Static CAICF - 100.0% 0.0%
BIC - 100.0% 0.0%
gMDL - 77.5% 22.5%
MDL - 83.2% 16.8%
BMSC-RISS - 86.3% 13.7%

AIC 0.0% 85.3% 14.7%
CAIC 0.0% 99.3% 0.7%

Pan CAICF 0.0% 98.7% 1.3%
BIC 0.0% 100.0% 0.0%
gMDL 0.0% 84.7% 15.3%
MDL 0.0% 85.4% 14.6%
BMSC-RISS 0.0% 100.0% 0.0%

AIC 0.0% 100.0% -
CAIC 1.5% 98.5% -

General CAICF 1.3% 98.7% -
BIC 5.4% 94.6% -
gMDL 0.0% 100.0% -
MDL 0.0% 100.0% -
BMSC-RISS 5.8% 94.2% -

Table2: Percentage of goodmodelselectionfor variouscri-
teria, noiselevel = 0.3.

2 and3 thepercentageof correctmodelchoiceobtainedfor
eachcriterionandfor echmodel.

Thesetablesproved that for a moderatenoiselevel (s �

0 � 3), most of the criteria perform well. We seethat some
criteria preferthe moregeneralmodel(AIC, gMDL) while
someothersalwayschosethesimplerone(BIC). It canalso

s � 1 � 0
Motion Criterion Under�t correct Over�t

AIC - 83.7% 16.3%
CAIC - 100.0% 0.0%

Static CAICF - 100.0% 0.0%
BIC - 100.0% 0.0%
gMDL - 0.0% 100.0%
MDL - 83.8% 16.2%
BMSC-RISS - 100.0% 0.0%

AIC 0.0% 86.7% 13.3%
CAIC 0.0% 100.0% 0.0%

Pan CAICF 0.0% 97.3% 2.7%
BIC 0.0% 100.0% 0.0%
gMDL 0.0% 0.0% 100.0%
MDL 0.0% 88.0% 12.0%
BMSC-RISS 0.0% 100.0% 0.0%

AIC 11.5% 88.5% -
CAIC 24.1% 75.9% -

General CAICF 20.3% 79.7% -
BIC 33.6% 66.4% -
gMDL 0.0% 100.0% -
MDL 11.5% 88.5% -
BMSC-RISS 36.6% 63.4% -

Table3: Percentage of goodmodelselectionfor variouscri-
teria, noiselevel= 1.

benoticedthatsomecriteriaaremoresensitive to noiseand
selectawrongmodeloftenthanothers.In general,thecrite-
riabasedonAkaike'sInformationCriterion(AIC, CAIC and
CAICF) performswell. However, AIC tend to admit more
over�tting thantheCAIC or CAIF andthestabilisationper-
formanceis thenreduced.Theexperimentsweperformedon
Bayesiancriteria suchasBMSC-RISSarenot convincing.
First, this criteriontendto admitunder�tting for thegeneral
motion whenthe noiselevel is relatively high. Second,the
resultsseemto dependtightly on thea priori probabilityon
thevariousmotionmodels.

That is the reasonwhy the experimentsin the following
aredoneusingtheCAICF asselectioncriterion,becauseit
performswell and it considersalso that the natureof the
parametersis differentby includingtheFisher's information
matrix in thecomplexity term.

Figure6 shows theperformanceof thecriteria in these-
quencecomparedwith the real motion model.The X axis
indicatesthenumberof theimage,andtheY axisthemodel
of movement.

If the noise level increases,somecriteria tend to select
a simplermodel,speciallythepanoramicmodelevenwhen
therealonevariesin translationandin rotation.Often,small
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Figure 6: Comparisonof modelselectioncriteria on a syn-
theticsequence, s � 1 � .

translationsaremistakenby panoramicmotionsbecausethe
directionof motionof thepointsis thesameandtheresidual
error is alsosimilar, but thecomplexity of themodelto de-
tecta translationis bigger(becauseit is just includedin the
generalmodel) than to detecta panoramicmovement,the
�rst modelhas6 degreesof freedom,ratherthan3 for the
secondone.

3.4.3. The Turntable Sequence

We demonstratethe effectivenessof the approachon the
turntablesequence,which wasdescribedin section2. Fig.
7 shows thedistancefrom thecurrentcamerapositionto the
initial camerapositioncomputedwith andwithoutmodelse-
lection. We can notice that when model selectionis used,
the trajectoryis morestable.As the total translationof the
turntableis perfectly known (10cm),we can alsoestimate
the accuracy of the processby comparingthe estimated
translationwith andwithout modelselection.Whenmodel
selectionis usedthe estimatedtotal translationis 9.82cm,
whereasit is around6.56cmwithout model selection.In
addition, as the sequenceis closed,the drift can be used
to assessthe two methods.The total drift of the camera
position whenmodel selectionis usedis 0.14cm.Without
modelselection,thedrift is 3.26cm.During thestationnary
and the rotating motion, the distancebetweenthe current
andtheinitial positionis constant.Whenmodelselectionis
used,this distanceis really constant,whereasit is not with-
out modelselection.Two videosusingthesameroomwith
moreabruptmotionsareattachedto thispaper. Thesequence
roomWithoutMS.mpgexhibits theaugmentedsceneandthe
selectedmodelwhenno motionselectionis usedThevideo
roomWithMS.mpgexhibits resultswhenmotionselectionis
used.In thesevideos,thesymbolin theupper-left cornerof
theimagesindicatestheselectedmodel.Theredcrossindi-
catesthe stationarymodel, the greencircle correspondsto
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Figure 7: Thedistancebetweenthe current viewpoint and
theinitial onefor theturntablesequence

the panoramicrotation,and the blue squareto the general
model.

Theseresultsclearly demonstratethat model selection
producessmoothertrajectoryandbettervisual impression.
They alsoprove thattheuseof modelselectionimprove the
accuracy of theviewpointsandreducesnoticeablythedrift
problemsthatarecommonwhenlongsequencesareconsid-
ered.

In orderto quantify the time neededfor viewpoint com-
putation, table 4 gives the times neededfor the different
stepsof viewpointcomputationfor oneimageof thecalibra-
tion target: extractionandmatchingsteps(we usethe MIC
algorithm14 to extractthekey points), robustmatchingusing
theRANSAC algorithmwith method1 and2,andviewpoint
computationusingmodelselection. About 500 key-points
wereextractedfrom eachimage. After retainingonly the
points which belongsto threeplanes,only 100 points are
consideredin the viewpoint computationprocess.Thefull
processis about64 mswhenmethod1 is usedand124ms
for method2. This meansthatwe canhandle16 imagesper
secondwith method1 and8 imageswith method2.

MIC 15ms
Matching 9 ms
RANSAC Method1 25ms
RANSAC Method2 85ms
Viewpointestimationwith modelSelection 15ms

TotalMethod1 64ms
TotalMethod2 124ms

Table4: Computationratesobtainedona PentiumIV 2.Ghz
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3.4.4. The snooker sequence

This largesequencewastakenusinga handheldcamerain
the hall of our laboratory. The userwasfree to move any-
wherehe wanted.Due to the brightnessof the �oor , some
sheetsof paperwere put down on it to make easierthe
trackingprocess.During the sequence,two panoramicmo-
tions were realized(seehallCamera.mpg),one with a tri-
pod and the other without a tripod. Both are correctly la-
beledby themodelselectionprocessascanbeseenon the
video (hallTrack.mpg).The setof inliers is alsovisible on
this video.Finally, somesnapshotsof thesceneaugmented
with a snooker are shown in Fig. 8 and in video hallAug-
mented.mpgandprove theeffectivenessof ourmethod.

4. Conclusion

We proposedin this paperseveral improvementsto view-
pointcomputationfor multi-planarenvironments.Theuseof
modelselectionwith variouscriterion proved that criterion
involving informationonthecovarianceof theestimatedpa-
rametersarewell suitedto stabilization.Videosattachedto
thispaperprovedthatthismethodsigni�cantly improvedthe
visual impressionof theaugmentedscene.We now investi-
gateif thesecriteriaarewell suitedwhenvaryingfocal lens
areconsidered.Our �rst experimentsproved that theuseof
nonnestedmodelsis moredif�cult to handle.We alsoplan
to investigatethein�uence of theaccuracy on the�rst view-
pointon thewholeprocess.Indeed,it appearsthatgoodreg-
istrationresultscanonly beobtainedif goodintrinsiccamera
parametersareavailable.
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Figure8: Snapshotsof theaugmentedscenefor thesnooker sequence:theseton inliers andtheaugmentedscene.
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