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Abstract

This paperdescribesan efficient andreliablemethodfor real time camera
tracking. Our algorithmmakesuseof a multi-planarmodelof the sceneto
achievefastandaccurateregistration.In thispaper, wealsoproposeanauto-
maticmethodfor recoveringthemulti-planarstructureof thescenedirectly
from thehomographiesinducedby theplanesin theimages.Resultsarepre-
sented,demonstratingtrackingandreconstructionfor indoorscenes.Videos
of theseresultsareavailableat http://www.loria.fr/˜gsimon/Bmvc.

1 Intr oduction
Theobjectiveof AugmentedReality(AR) is to addvirtual objectsto realvideosequences,
allowing computer-generatedobjectsto be overlaidon thevideo in sucha mannerasto
appearpartof theviewed3D scene.Applicationsof thisconceptconcerninteriordesign,
architecturaldesign,computer-aidedrepairandlearningsystems,medicine,andspecial
effectsfor broadcastindustry[1].

While thereareseveralproblemsin building AR systems,oneof themostbasicchal-
lengeto overcomeis theregistrationproblem:theobjectsin therealandthevirtual world
mustbe properlyalignedwith respectto eachotheror the illusion that the two worlds
coexist will becompromised.It is thereforeessentialto determineaccuratelythelocation
of thecameras.

In this paper, we addressthe registrationproblemfor interactive AR applications.
Suchapplicationsrequirereal-timeregistrationprocess.Thoughtheregistrationproblem
hasreceiveda lot of attentionin thecomputervision community, only little workshave
beendevotedto sequentialandreal-timealgorithms. In the presentpaperwe proposea
fast,reliableandsequentialregistrationmethoddesignedfor multi-planarenvironments.
This methodmakesuseof a modelof planarstructureswhich arevisible in thescene.In
this paper, we alsoshow how to recover the planarstructureof the scenefrom a setof
snapshots.

2 Background
Thecurrentstrategiesfor markerlessAR canbedividedinto two maincategories:model-
basedmethodand move-matching. Model-basedtechniquesrely on the identification
in the imagesof featuresfrom the objectmodel. Poseestimationtechniquescan then
be usedto estimatethe cameraposition[3, 8] on eachsingleimage. This capabilityof
treatingeachimageindependentlymakessuchmethodsmoreappropriatefor real time
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implementations.Anotherconsequenceof model-basedtrackingis the absenceof drift.
However, suchmethodsrequiresignificantmanualinterventionto constructthemodel.

Move-matchingmethods,alsoknownasmulti-framestructure-and-motionalgorithms,
appearto offer significantpossibilitiesfor general,accurateregistration[5, 6]. Suchsys-
temssimultaneouslyestimatecameramotion and3D structureof the imagedscene,by
trackingkey-pointsalongthe sequence.Thesesystemspermitaccurateregistrationand
negligible jitter. Besidesthe heavy calculation,thesemethodsrequirea batchbundle
adjustmentin orderto achievea highly accurateregistration[5]. Furthermore,theworld-
coordinatesystemis arbitrarily chosen,generallyalignedwith the first camera. As a
result, the insertionof virtual objectsrequiresfurther registrationof object- to world-
coordinatesystems.Thesedrawbacksprecludethesequentialimplementationrequiredin
autonomousapplications.

Ourapproachcombinesbothmove-matchingandmodelbasedmethods.In thispaper,
we considerpiecewise planarenvironments,like indoor scenesshowing texturedwalls,
or outdoorscenesincluding planarstructuressuchas buildings and/orflat ground. If
the modelof the planarstructureof the sceneis available,we show how to recover the
viewpointsfrom thehomographiesinducedby theplanesin theimages.This work is an
extensionof [9] wherethe caseof a singleplanevisible in the scenewasaddressed.It
appearsto beagoodalternativefor real-timeAR because:1. nomarkeris required; 2. the
matchingof thekey-pointsis constrainedby theplanarstructurehypothesisandtherefore
is robust; 3. nojitter swaysout theaugmentingvirtual object; 4. it performsin real-time,
owing to the existenceof a closed-formsolution to the � -planesregistrationproblem.
Anothercontribution of this paperis to proposeanautomaticmethodfor recoveringthe
planarstructureof thescenedirectly from theimages.

Thepaperis organizedasfollows: section3 dealswith the1-planeregistrationprob-
lem, section4 extendsit to n planes.Section5 shows how the planarstructuresof the
scenecan be recoveredwhen no model is available. Finally, experimentalresultsare
shown in section6.

3 Single-planeregistration
A single-planetemporalregistrationsystemwas describedin [9]. In this section,we
remindhow to computea ����� projectionmatrixP � in image 	 , from P ��

� anda planar
homographyH � betweentheseimages.

We considerthe pinholecameramodel,which associatesa point ��� in image 	 to a
point � in thescene: � ��� P � � � K � R ��� ����� � (1)

ThematrixK representstheinternalcalibrationparametersof thecamerawhich aresup-
posedto beknown. � R ��� ��� � is theviewpointmatrix to beestimated.

Let us now restrict � to lie on a plane � andsupposethat we know the associated
planarhomographyH � betweenimage 	 andimage 	���� . Thefollowing relationis valid
for all pointson plane� : � �� H � � ��

�"! (2)

where  denotesan equality up to a multiplicative factor. Let M be a transformation
matrix between#%$ , a coordinatesystemwherethe equationof � is & �(' , and the
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world-coordinatesystem.For all points � on plane� , we have:� � � P � � � P � M )**+ X

Y' �
,.--/ �10 P � M 2 )+ X

Y� ,/ (3)

where 3 A 4 denotesthe matrix A deprivedof its third column. 0 P � M 2 is invertibleunless
plane � goesthroughtheorigin of thecamera.

As a result,combiningequations(2) and(3) yields:0 P � M 2  H �50 P �6
�� M 2 (4)

DeprivingP � M of its third columndoesnotpreventfrom recoveringthefull viewpoint
parameters.Indeed,knowing 0 P � M 2 from equation(4), aswell astheinternalparameters
K leadsto:

K 

� 0 P � M 2  �87 � 7:9 �;� (5)

where7 � and 7<9 areorthonormalvectors.Thethird columnfor therotationmatrix of the
viewpoint is merelygiven by 7:= � 7 � � 7:9 . In practice,the orthonormalityconditions
areneverperfectlymet,andrenormalizationmustbeapplied( 7:9 � 7:9<> �?� 7:9 �@� ! 7:= � 7 � �7 9 > �?� 7 � � 7 9 �?� ! 7 � � 7 9 � 7 = ).
4 Multi-plane registration
In thissection,wesupposethat �;AB� homographiesH �C areknown for � planes� C . From
equation(4), we getfor eachplane:0 P � MC 2  H �CD0 P �6
�� M C 2�E (6)

Threemethodscanbeusedto computeP � from thesetof equations(6). Wefirst show
how to estimateiteratively the viewpoint parameters.Thenwe presenta linearsolution
for thecomputationof P � . Finally, we proposea linearestimatorof theviewpoint,using
anapproximationof therotationmatrix.

Iterati vecomputation of the viewpoint (ITER)
For eachcorrespondence�GFIHJ��KLF betweenimage	M��� andimage	 , we have� K F  H �C � F ! (7)

whereN is the subscriptof the planecontainingthe related3D point � F . A residualO F
canhencebecomputedfor eachpair of points: O F �QP 	SR�TVU H �C � F ! � K F�W , where P 	SR�T is the
Euclideandistancebetweentwo 2D pointsexpressedin homogeneouscoordinates.From
(6), we get

H �C  0 P � M C 2 0 P ��

� M C 2 

� E (8)

Consequently, theresidualsexpressively dependon the6 parametersof theviewpoint
in image 	 (translation X TZY"TZ[<TZ\.]_^ and Euler angles ` !bac!bd ). Theseparameterscan be
recoveredthrougha leastsquaresminimization:egf?hi�j"k i6l�k i�m.k nok p5k qsr F O 9F (9)
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with P �6
�� providing theinitial parameters.
This methodhasprovento be stableandaccuratein our experiments.However, the

iterative processis relatively slow (typically ' Eut secper framein the conditionsof the
testspresentedin section6.1),anddoesnot permitrealtimeon commoncomputers.

Linear computation of the projection (LIN1)
Thissectiontakesits inspirationfrom thereasoningusedin [6] for thelinearcomputation
of ahomography. Fromequations(7) and(8), andconsideringthat 0 P � M C 2 � P �53 MC 4 , we
obtainfor eachcorrespondencev F HJv KF :� K F  P � 3 M C 4 0 P ��

� MC 2 

� � FDw � K F  )+yx �z^ Q C � Fx 9 ^ Q C � Fx = ^ Q C � F

,/ ! (10)

where xs{ ^ is the | t } row of matrix P � , andQC � 3 MC 4 0 P �6
�� M C 2 

� . Writing equations
(10) in termsof crossproductsgives)+�~ K F x = ^ QC � F ��� K F x 9 ^ Q C � F� K F x �b^ Q C � F �;v K F x = ^ Q C � Fv K F x 9 ^ Q C � F � ~ K F x �b^ QC � F

,/ ��� !
where��K F � � v K F ~ K F � K F � ^ . Finally, aswehave xs{ ^ Q C � F � � ^F Q ^C xV{ , wegetthe
linearsystemof equations:� �<� 
��
���Z� �� Q �� [ � � � �� Q ���
���Z� �� Q �� �:� 
 Y �L�Z� �� Q ��
 [ � � � �� Q �� Y � � � �� Q �� �:� ���B����������� �B� E (11)

Althoughtherearethreeequations,only two of themarelinearly independent(we omit
the third equation).Therefore,eachcorrespondencethatbelongsto oneplane � C gives
two equationsin theentriesof P � . Finally, we obtaina linearsystemof equationshaving
theform A x ��� , whereA is a �:�����<� matrix, � beingthenumberof point correspon-
dences.This systemmaybesolvedvery quickly usinga SingularValueDecomposition
(SVD).

Linear approximation of the viewpoint (LIN2)
The above methodlinearly computesthe 12 entriesof P � . However, no profit is taken
from the a priori knowledgeof the matrix K andthatR is a rotationmatrix. Therefore,
this methodis in practicelessaccuratethantheiterativemethod(seesection6.1).

To overcomethisproblem,wesupposethatthecamerarotationbetweentwo imagesis
small.Thuswecanperformafirstorderapproximationof thisrotation � R �z��� ` ! � ac! � d�¡ ,
where � R � � R �¢� R ��

� ¡ i . We obtaina linearexpressionof theentriesof P � in thecoeffi-
cientsTZY ! TZ[ ! TZ\ ! � ` ! � ac! � d :

P ��£ K ¤¥c¤¥ � �8� ` � a��` � �8� d�8� a � d � ¦§ R ��

� TZYTZ[TZ\;¦§ E (12)

Combiningequations(11)and(12)providesa linearsystemin theviewpointparameters.

570



Overview of the system
Finaly, themainstepsof this algorithmaresummarizedbelow:

Initializationstage:

1. Give or acquiretheequationof theobservedplanesusedfor registration,

2. Computetheprojectivematrix for thefirst frameP ¨ ,
Computationof theprojective matrixP © for �«ª $ :

1. Computethesetof matchedkey-pointsbetweenimages�"
¬� and � for eachobservedplane.

2. Computethehomographiesinducedby theplanesbetween��
­� and � .
3. Compute® © from ® ©6¯ � andthecomputedhomographies

5 Recovery of the planar structur es
Themethodsdescribedabove supposedthata multiplanarmodelof thesceneis known.
Whenthisknowledgeonthesceneis notavailable,weshow in thissectionhow to recover
the 3D parameterizationof the observed planesin an off-line processby using planar
structure-and-motion.

Ideally, an AR systemshouldwork in all environmentsand the usershouldwalk
anywherehepleases.On thecontrary, during themodelingstage,we canimposemore
restrictive hypothesisin order to make easierand to robustify the modelingstage: we
canimposethattheintrinsiccameraparametersareconstantandarecomputedbeforethe
acquisitionprocess.We canalsoconsidergoodquality sequences.. .Our aim is to obtain
anautomaticmethodfor scenestructurerecovery which canbedonein reasonabletime
just beforetheapplication.

Our algorithm for recovering the Euclideanstructureof the sceneusing a planar
structure-and-motionalgorithmis inspiredfrom recentworksin thefield [7, 10, 2]. These
works have in commonto usethe homographiesinducedby several planesin two or
more imagesto recover the structureof the sceneaswell as the cameramotion: most
of the time, a first estimateis obtainedfrom thecomputedepipoles[10, 2]; thenbundle
adjustmenttechniquesareusedto refinethestructureof thescene.

In what follows,we proposea simpleandfastsolutionwhich takesadvantageof the
known cameraparameters.First, an initial guessfor thestructureandmotionalgorithm
canbe obtainedfrom any homographyinducedby oneof the planein the sceneusing
the single-planealgorithm. Theseestimatesare then refinedby minimizing an homo-
graphiccost function over the sequenceor the consideredsnapshots.Note that we do
noteminimizetheclassicalresidual° P ��±�v � ! v K� ¡ for at leasttwo reasons:(i) asnonlin-
earminimizationmustbeperformed,sucha distancerequiresheavy computationaltime
dueto thenumberof matchedpoints.(ii) it is oftenusefulto beableto performstructure
andmotionfrom thehomographiesthemselvesinsteadthanfrom a setof matchedpoint.
For distantimages,only asmallsetof pointscanbematchedbetweensuchviews. Onthe
contrary, thehomographyinducedby a planecanbeeasilycomputedfrom far views by
compositingframeto framehomographies.

We first show how to recover structureandmotion usingtwo perspective imagesof� planes. Then we extend the methodto the caseof ² views. Let P � andP 9 be the
projectionmatricescomputedfor the two frames.Theplanarhomographyfor plane � C
betweenthesetwo views is denotedby HC . Oneof theobservedplaneis usedto recover
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theviewpoint usingthesingle-planemethod.This planeis calledthe referenceplanein
the following andis denotedby � � . As the internalparametersareconstantover time
P � � K X R �"� �<�³] andP 9 � K X R 9 � � 9 ] . By construction,the projectionmatrix is expressed
in a frameattachedto the referenceplane.Expressingthesematricesin thefirst camera
frame, we obtain the canonicalrepresentation:P � � K X I �0 ] andP 9 � K X A !z´ ] where
A � R 9 R �z^ and ´ � � 9 � R 9 R �b^s�:� .

The planeparameterizationcan be retrieved throughthe explicit expressionof the
inducedhomographygivenin [6]. GiventheprojectionmatricesP � � K X I � 0 ] andP 9 �
K X A !z´ ] , andgivena planedefinedby µM^V�·¶ �Q' with µ � ��¸�^ ! � ¡ ^ , thehomographyH
inducedby this planeis:

H  K � A � ´ ¸ ^ ¡ K 

� ! (13)

or equivalentlyK 
�� HK  A � ´ ¸�^ .
As the homographyHC is known for eachplane � C , andif we supposethat the es-

timatesof ¹ and º givenby thesingle-planemethodis correct,theparameterizatioņ C
of theseplanescanbe easilycomputedusing (13) which is linear in ¸ C . Let » be the
9-vectormadeup of theentriesof thematrixK 

� HC K and ¼ bethe9-vectormadeup of
the entriesof the matrix A � ´ ¸�^C . SinceK 
�� H C K andA � ´ ¸�^C areproportional,each

cross-productC � A !z´�! ¸ C ¡ {�½ ��¾¾¾¾ » { ¼ {» ½ ¼ ½ ¾¾¾¾ is null ( �­¿À| !¢Á ¿�Â ). Hence,a linearsystem

of equationsin the3 ¸ C coordinatescanbebuilt. It is solvedusingits SVD.
As the viewpoint estimategiven by the singleplanemethodis not alwaysaccurate

(seesection6), a global adjustmenttechniqueis thenusedto refineboth the viewpointX A !z´ ] andtheplaneparameterizations¸ C ( �Ã¿;N�¿Ä� ). We considerthesetof equationsÅÆ Ç H �  K � A � ´ ¸�^� ¡ K 
��E.E�E
H È  K � A � ´ ¸�^È ¡ K 
��

Here, ¸ � is theparameterizationof thereferenceplane.As theequationof this plane
is Z �(' in the initial frame, the parameterizationin the first cameraframe is ¸ � �� R � | > | ^ R �z^ � � where | ^ � � 'É' ��� .

Thesetof unknowns ¸ 9 ! E.E�E ! ¸�È ! A !z´ is finally tunedby iteratively minimizing,using
Powell’salgorithm,thefollowing costfunction:Ê 	Ë� n«k p«k qÌk Í�k Î � kuÏuÏuÏuk Î � ÈrCÑÐ � { k ½ ÐMÒr{ k ½ Ð � C � A !z´
! ¸ C ¡ 9 {�½
where ` !bac!bd aretheEuleranglesof ¹ . To copewith theclassicalambiguitybetweenº
and Ó ( ÔÕº and �Ö Ó is alsosolution),oneof thecomponentof º is fixedto its initial value
during minimization. If morethantwo views (let us say × ) areconsidered,we have to
determine× canonicaltransformationsØ¬Ù � X ¹ÚÙ�� ºoÙ³] . We thenhave to minimizeÊ 	Ë� n � kuÏuÏuÏuk nÌÛ
k p � kuÏuÏuÏuk pÌÛ�k q � kuÏuÏuÏuk q:Û
k Í � kuÏuÏuÏuk Í.Ü¢k Î � kuÏuÏuÏuk Î �BÝrÙ Ð � ÈrC.Ð � { k ½ Ð�Òr{ k ½ Ð � C � A Ù:!¢´5Ù:! ¸ C ¡ 9 {�½
6 Experimental results
Resultsarefirst presentedon a calibrationtarget sequenceto assesthe accuracy of our
algorithm.Then,resultsobtainedona poorly texturedindoorsequenceareprovided.
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6.1 A target sequence

This sequencecontains98 images.Thecamerais moving aroundthecalibrationtarget,
roughlypointingtheintersectionof thethreeplanes(seeFig. 1). Theinitial matrixP $ is
obtainedusingclassicalcalibrationmethodin [4] from 3D/2D correspondences.

Comparisonof the thr eemethodsITER, LIN1, LIN2

Fig. 1(b) shows the temporalevolution of oneviewpoint parameter( v translation),for
eachof theproposedmethods.Theotherviewpoint parametersshow similar curvesand
errors.Actual values(representedby crossesin Fig. 1), arecomputedevery ten images,
usingclassicalcalibrationfrom pointson the target. ITER givesrise to thebestresults,
LIN1 to the worst. The graphobtainedfor LIN2 is relatively closeto the actualgraph,
but it slowly divergesfrom it: this expressesanaccumulationerrordueto thesuccessive
approximationsof therotationmatrix. However, theposeestimationerrorobtainedat the
endof thesequenceis only 6.3 cm for a distancetarget- cameraequalto 127cm. This
erroris almostnotperceptiblewith regardto theprojectionof thetarget.Thecomputation
ratesaredetailedin tableFig. 1.b for eachstepof thealgorithmLIN2 on a PentiumIII
900Mhz. Thewholealgorithmperformsin 62.70msperframeon average,which leads
to anapproximateprocessingrateof 16 framesperseconds.Theiterativemethod(ITER)
is moretime consuming.

a.

y
x

z

b.

MIC 30,33ms
Matching 18,62ms
RANSAC 12,13ms
LIN2 1,62ms
Total 62,70ms c.
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ITER
LIN1
LIN2

LIN2 with recovered structure

Figure 1: (a) Onesnapshotof the target sequence(b) Computationtime (c) Temporal
evolution of TZY with theeplanes,for ITER, LIN1, LIN2 andLIN2 with the recovered
structure.Thecrossesrepresenttheactualvaluesof T Y
Influenceof the number of planes

Theaboveresultswereobtainedby registeringthreeplanesof thetarget.Figures2 shows
resultsobtainedby usingITER (themostaccuratemethod)with oneor two planes.The
titles of the curvesindicatewhich planeswereused:X representsthe vertical left plane
of the target (seeFig. 1), whoseequationis X � ' E tÌÞßÞ Y �à' , Y thevertical right plane
(Y �á' ) andZ thehorizontalplane(Z �B' ). Fig. 2 shows thattheresultsobtainedfrom a
singleplanearemuchmoreirregularthantheresultsobtainedfrom two or threeplanes,
which illustratesour contributionwith regardto [9].

Recovery of the multi-planar structur e

In thissectionweexhibit resultsof therecoveringprocess.Firstwewantto provethatthe
estimationgivenby thesingleplanemethodis goodenoughsothattheglobaladjustment
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Figure2: Temporalevolutionof T Y whentwo (a)or oneplane(b) areused.

processconvergestowardstheactualsolution.Fig. 3.aexhibits therecoveredtranslation
for eachframeof the sequence.The initial estimatesof T Y givenby eachof the visible
planes(x-planey-planeandz-plane)areshown in dottedlines. The resultsof thebatch
processis shown with bold lines ( v ãäv (resp ~ ãäv , resp & ã8v ) is the estimatesof T Y
whenthe initial estimatesarecomputedwith the x-plane(respy-plane,respz-plane)).
Evenif the initial estimatesarevery different,theresultsof thebatchprocesswith these
3 initializationsaresimilar andtheresultingcurvesarealmostconfounded.

Thenwe want to assessthe accuracy of the recoveredplanes. Fig. 3.b shows the
differencebetweenthecomputedandtheactualnormalto they-planeswhentheframes� E@E 	 , ��	ä¿�� ' ¡ areconsidered.Threecurvesareshown accordingto theplanechosenfor
the initial estimate.Onceagain,the normalto the planesarevery similar whatever the
consideredinitialization. Thedifferencebetweentheactualandthecomputednormalis
around4 degrees.Resultson thethird planeof thetargetareof thesameorder. Notethat
the cameramovesvery slowly at the beginningof the sequence.This explainswhy the
resultson thenormalarenot accuratewhena small numberof views areconsidered.It
mustalsobenoticedthat the resultsusingclassicalbundleadjustmenttechniquesbased
on point correspondencesleadsto an error of the sameorder: if the 40 framesequence
is considered,theerroron thenormalis � E �ßÂ degreesfor theclassicalbundleadjustment
usingpointsandthe error is � E �«� for our method.And our methodis muchmorefaster
thantheclassicalbundleadjustment.

Finally, we testedour algorithmon a setof sparseviews. Usingfive equallyspaced
imagesin theconsideredsequenceleadsto anerroron thenormalvectorof 4.91degrees
and6.02degreeson thetwo consideredplanes(therecoveredequationsfor the2 planes
are: E ' �ÌÂ"v%� ~¬å E ' Þ &¬�æ� E Â�ç �1'5è v�� ' E çßé�çßç"��� ~ � ' E � ' �Ìé«��Âß&Ã�æç E �"�ß��çß� Þ �1' . The
accuracy obviously dependson thechoiceof thesetof imagesbut theaccuracy is quite
satisfactoryfor sceneaugmentation.

To prove this, therecoveredmodelof thetargetwasusedto performreal time regis-
tration.Theviewpoint computedwith this modelis comparedto theonescomputedwith
theactualmodelin Fig. 1. A spherewasaddedto thescenein orderto visually estimate
the coherenceof the augmentedscene.Somesnapshotsof the augmentedsequenceare
shown in fig. 4. Thoughwe cannoticethat the sphereseemsto slideslightly alongthe
groundat sometime instant,thevisual impressionis goodandconfirmthat theaccuracy
of themodelis sufficient for incrustation.
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Figure3: (a) The TZY componentrecoveredby the structureandmotion algorithm. (b)
differencebetweenthecomputedandtheactualnormalto they-plane.

Figure4: Somesnapshotsof theaugmentedsceneusingtherecoveredstructure.

6.2 An indoor sequence

Resultswerealsoobtainedon a 200-framesindoorsequence,shotin thebasementof our
laboratory. Theseexperimentswereconductedwithin a projectof AR for e-commerce.
Oneof the goal is to allow the userto visualizethe productsin its future environment.
This sequenceis particularlydifficult to treatbecausethe sceneis very poorly textured
(hardlya few stainson thegroundandwalls). Moreover, thecameramotionis relatively
fastin thesecondhalf of thesequence(up to 20 pixelsof disparitybetweentwo images),
andsomeimagesareblurred.

Theprojectionmatrix in first imagewasobtainedusinganordinaryposterlaid on the
ground.Theaspectratio wasfixedto 1, andtheprincipalpoint wasassumedto lie at the
centerof theimage.As acornerof thepostercorrespondedto thecornerof theroom,and
becausetheanglebetweenthetwo visible walls wasa right angle,no measurehadto be
takento know theequationsof thethreeplanes.Despitethedifficultiesmentionedabove
andthe approximative knowledgeof the internalparametersof the camera,the system
succeededin registeringthetwo or threeplanesthatwerevisible in thesequence.Fig. 5
shows the matchingresultandtheprojectionof a cubeafter registrationusingLIN2, in
four imagesof thesequence.Somesnapshotsof thesceneaugmentedwith asofaarealso
shown in Fig. 5.

7 Discussion
A real time markerlessregistrationsystemfor augmentedreality waspresented.It pro-
videsaccurateandreliableresultsfor sceneswhich includeplanarstructures.Our imple-
mentationyieldsresultscomparablein accuracy with full structure-and-motionmethods
but with betterreliability andfasterprocessing.
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image#1 image#90 image#145 image#200

image#1 image#90 image#145 image#200

Figure5: Firt Line: key-pointsmatchingandprojectionof acubeafterregistrationin four
imagesof the indoorsequence(blacksegmentsareinliers, white segmentsareoutliers).
Secondline: somesnapshotsof theaugmentedscene.

Threemethodswereproposedfor solving then-planesregistrationproblem. Oneof
them(LIN2) hasprovento bea goodcompromisebetweencomputationratesandaccu-
racy of the composition. However, for long sequences,this methodmay progressively
divergebecauseof successive approximations.This problemmaybeshapedby perform-
ing a bundleadjustmenton a smallnumberof images(the lastfive imagesfor example,
in thespirit of [5]). Of course,a hybrid systemcouldalsoincreaserobustnessandavoid
drift by takingadvantageof a partial3D knowledgeon thescene.

Finally, thepossibilityof recoveringthemulti-planarstructureof thescenein a rea-
sonabletime andgettinga goodvisual impressionof theaddedscenefrom thereis very
promising.This mustbeinvestigatedfurtherfor morecomplex realscenes.
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