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Abstract

This paperdescribesan efficient and reliable methodfor real time camera
tracking. Our algorithmmakesuseof a multi-planarmodel of the sceneto
achivefastandaccurateegistration.In this paperwe alsoproposeanauto-
matic methodfor recoveringthe multi-planarstructureof the scenedirectly
from thehomographieghducedby the planesin theimages.Resultsarepre-
senteddemonstratingrackingandreconstructiorfor indoor scenesVideos
of theseresultsareavailableat http://www.loria.fr/"gsimon/Bmvc.

1 Intr oduction

Theobjective of AugmentedReality (AR) is to addvirtual objectsto realvideosequences,
allowing computergenerateabjectsto be overlaid on the video in sucha mannerasto
appeapartof theviewed 3D scene Applicationsof this concepiconcerninterior design,
architecturaldesign,computeraidedrepairandlearningsystemsmedicine,andspecial
effectsfor broadcasindustry[1].

While thereareseveralproblemsn building AR systemspneof the mostbasicchal-
lengeto overcomeis theregistrationproblem:the objectsin therealandthevirtual world
must be properly alignedwith respectto eachotheror the illusion that the two worlds
coexistwill becompromisedlt is thereforeessentiato determineaccuratelythelocation
of thecameras.

In this paper we addresgshe registrationproblemfor interactve AR applications.
Suchapplicationgequirereal-timeregistrationprocessThoughtheregistrationproblem
hasreceveda lot of attentionin the computervision community only little works have
beendevotedto sequentiabndreal-timealgorithms. In the presentpaperwe proposea
fast,reliableandsequentiategistrationmethoddesignedor multi-planarenvironments.
This methodmakesuseof a modelof planarstructuresvhich arevisible in the scene.In
this paper we alsoshov how to recover the planarstructureof the scenefrom a setof
shapshots.

2 Background

Thecurrentstratgiesfor markerlessAR canbe dividedinto two maincateyories:model-
basedmethodand move-matching. Model-basedechniquegely on the identification
in the imagesof featuresfrom the object model. Poseestimationtechniquescanthen
be usedto estimatethe cameraposition[3, 8] on eachsingleimage. This capability of
treatingeachimageindependentlymakes suchmethodsmore appropriatefor real time



implementations Anotherconsequencef model-basedrackingis the absencef drift.
However, suchmethodsrequiresignificantmanualinterventionto constructhe model.

Move-matchingnethodsalsoknown asmulti-framestructure-and-motioalgorithms,
appeatto offer significantpossibilitiesfor generalaccurateegistration[5, 6]. Suchsys-
temssimultaneouslyestimatecameramotion and 3D structureof the imagedscene by
trackingkey-pointsalongthe sequenceThesesystemsermitaccurateregistrationand
negligible jitter. Besidesthe heavry calculation,thesemethodsrequirea batchbundle
adjustmentn orderto achieve a highly accurateegistration[5]. Furthermoretheworld-
coordinatesystemis arbitrarily chosen,generallyalignedwith the first camera. As a
result, the insertion of virtual objectsrequiresfurther registration of object-to world-
coordinatesystemsThesedravbacksprecludethe sequentiaimplementatiorrequiredin
autonomouspplications.

Ourapproacttombinedothmove-matchingandmodelbasednethodsin this paper
we considerpiecevise planarenvironments like indoor sceneshaving texturedwalls,
or outdoorscenesncluding planar structuressuch as buildings and/orflat ground. If
the model of the planarstructureof the sceneis available,we shav how to recover the
viewpointsfrom the homographiesnducedby the planesin theimages.This work is an
extensionof [9] wherethe caseof a singleplanevisible in the scenewasaddressedIt
appearso beagoodalternatve for real-timeAR becausel. nomarkeris required, 2. the
matchingof the key-pointsis constrainedy the planarstructurenypothesisandtherefore
is robust; 3. nojitter swaysouttheaugmentingirtual object; 4. it performsin real-time,
owing to the existenceof a closed-formsolution to the n-planesregistrationproblem.
Anothercontribution of this paperis to proposean automaticmethodfor recoveringthe
planarstructureof the scenadirectly from theimages.

The paperis organizedasfollows: section3 dealswith the 1-planeregistrationprob-
lem, section4 extendsit to n planes. Section5 shawvs how the planarstructuresof the
scenecan be recoreredwhen no modelis available. Finally, experimentalresultsare
shovnin section6.

3 Single-planeregistration

A single-planetemporalregistration systemwas describedn [9]. In this section,we
remindhow to computea 3 x 4 projectionmatrix P¢ in imagei, from Pi—! anda planar
homography+ betweertheseimages.
We considerthe pinhole cameramodel, which associates point x¢ in imagei to a
pointX in thescene:
x' =P X =K[ Rt ]X 1)

Thematrix K representshe internalcalibrationparametersf the cameravhich aresup-
posedo beknown. [ Ri|t? ] is theviewpoint matrix to be estimated.

Let us now restrictX to lie on a planeIl and supposehatwe know the associated
planarhomographyH betweerimagei andimagei — 1. Thefollowing relationis valid
for all pointson planell:

xt oc Hixt 1, (2)

where o denotesan equality up to a multiplicative factor Let M be a transformation
matrix betweenR,, a coordinatesystemwherethe equationof II is z = 0, andthe



world-coordinatesystem.For all pointsX on planell, we have:

X

x! = PIX = P'M =(PM | v 3)
1

—= o < X

where(A) denoteshe matrix A deprived of its third column. (P{M) is invertible unless
planell goesthroughtheorigin of thecamera.
As aresult,combiningequationg2) and(3) yields:

(P'M o« H (P""'M (4)
Depriving P{Mof its third columndoesnot preventfrom recoveringthefull viewpoint
parametersindeed knowing (Pil\/b from equation(4), aswell astheinternalparameters
K leadsto: .
K-t <P’I\/D x [ rirat ] (5)
wherer; andry areorthonormalectors.Thethird columnfor therotationmatrix of the
viewpointis merelygivenby rs3 = r; x ry. In practice,the orthonormalityconditions

arenever perfectlymet,andrenormalizatiormustbe applied(rz = ra/||r2||,rs = r1 X
I‘Q/||I‘1 X I'2||,I'1 =TI9 X I‘3).

4 Multi-plane registration

In thissectionwe supposehatn > 1 homographieb[; areknown for n planedI,. From
equation(4), we getfor eachplane:

(P'My) o< H, (P'M,). (6)

Threemethodscanbeusedto computeP? from the setof equationg6). We first shav
how to estimateiteratively the viewpoint parametersThenwe presenta linear solution
for the computatiorof P:. Finally, we proposea linear estimatorof the viewpoint, using
anapproximatiorof the rotationmatrix.

Iterati ve computation of the viewpoint (ITER)
For eachcorrespondence; + x'; betweerimagei — 1 andimagei, we have

XI]' 6.8 H;.)Xj, (7)

wherep is the subscriptof the planecontainingthe related3D point X ;. A residualr;
canhencebe computedor eachpair of points: r; = dist (H,x;,x';), wheredist is the
Euclideandistancebetweertwo 2D pointsexpressedn homogeneousoordinatesFrom
(6), we get

i i i— -1
H, oc (P'M) (PIM) (8)
Consequentltheresidualsexpressiely dependonthe 6 parametersf the viewpoint
in images (translation[t,t,t,]" and Euler anglesa, 3,7). Theseparametersan be
recoveredthrougha leastsquaresninimization:
min er (9)

ta ,ty,tzvaaﬁa')’ ;



with Pi~1 providing theinitial parameters.

This methodhasprovento be stableandaccuraten our experiments.However, the
iterative processs relatively slow (typically 0.5 secper framein the conditionsof the
testspresentedn section6.1),anddoesnot permitrealtime on commoncomputers.

Linear computation of the projection (LIN1)

This sectiontakesits inspirationfrom thereasoningusedin [6] for thelinearcomputation
of ahomographyFromequationg7) and(8), andconsideringhat(P”l\/},} = P{{M,), we
obtainfor eachcorrespondence; < z;:

' i i—1 -1 ' p;IQPXj
x; o PMY(PT'IM) %o xjoc | PPTQx; |, (10)
p3Tprj
wherep*T is the k" row of matrix P, andQ, = (M) (Pi—ll\/},fl. Writing equations
(10) in termsof crossproductsgives
Y P’ Qx; —w'ip? T Qx;
w'ip! TQx; — 2P’ Qx; | =0,
JL'I]‘I)ZTQPX]‘ _ yljplTprj
wherex'; = [ '; y'; w'; 1. Finally, aswe have p* T Q,x; = xj Q) p*, wegetthe
linearsystemof equations:

o’ _wlj)-ffTQ; Y% Q p'
w';x] Q) 0 7w'j:_(roQ; p> =0. (11)

3

_y’jijQ;r z’jx;r Q;r 0 P

Althoughtherearethreeequationspnly two of themarelinearly independenfwe omit
the third equation). Therefore eachcorrespondencihat belongsto one planell, gives
two equationsn the entriesof P?. Finally, we obtaina linearsystemof equationshaving
theform Ap = 0, whereAis a2m x 12 matrix, m beingthe numberof point correspon-
dences.This systemmay be solvedvery quickly usinga SingularValue Decomposition
(SVD).

Linear approximation of the viewpoint (LIN2)

The abore 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 practicelessaccuratéhantheiteratve method(seesection6.1).

To overcomehis problem,we supposéhatthecameraotationbetweertwo imageds
small. Thuswe canperformafirst orderapproximatiorof thisrotationAR (Aa, AB, A7),
where AR = R{(Ri—1). We obtaina linear expressiorof the entriesof P in the coefi-
cientst,, ty, t., Aa, AS, Avy:

. 1 —Aa Af . ts
P~ K Aa 1 Ay | R7! ty | . (12)
—AB Ay 1 t.

Combiningequationg11) and(12) providesalinearsystemin the viewpoint parameters.



Overview of the system
Finaly, the mainstepsof this algorithmaresummarizedelow:

Initialization stage:
1. Give or acquirethe equationof the obsened planesusedfor registration,
2. Computethe projective matrix for thefirst frameP°,
Computatiorof the projective matrix P* for i > 0:
1. Computethe setof matchedkey-pointsbetweenimages: — 1 and: for eachobseredplane.

2. Computethehomographiesnducedby the planesbetweeni — 1 ands.

3. ComputeP; from P;_, andthe computechomographies

5 Recovery of the planar structures

The methodsdescribedabove supposedhata multiplanarmodelof the sceneis known.
Whenthis knowledgeonthescends notavailable,we show in this sectionhow to recover
the 3D parameterizatiomf the obsened planesin an off-line processby using planar
structure-and-motion.

Ideally, an AR systemshouldwork in all ernvironmentsand the usershouldwalk
arywherehe pleasesOn the contrary, duringthe modelingstage we canimposemore
restrictve hypothesisin orderto make easierandto robustify the modelingstage: we
canimposethattheintrinsiccamergparameterareconstanandarecomputedoeforethe
acquisitionprocessWe canalsoconsidergoodquality sequences. Our aimis to obtain
anautomaticmethodfor scenestructurerecovery which canbe donein reasonabld¢ime
justbeforetheapplication.

Our algorithm for recovering the Euclideanstructureof the sceneusing a planar
structure-and-motioalgorithmis inspiredfrom recentworksin thefield [7, 10, 2]. These
works have in commonto usethe homographiesnducedby several planesin two or
more imagesto recover the structureof the sceneaswell asthe cameramotion: most
of thetime, afirst estimateis obtainedfrom the computedepipoles[10, 2]; thenbundle
adjustmentechniquesreusedto refinethe structureof thescene.

In whatfollows, we proposea simpleandfastsolutionwhich takesadvantageof the
known cameraparametersFirst, aninitial guessor the structureandmotion algorithm
canbe obtainedfrom any homographyinducedby one of the planein the sceneusing
the single-planealgorithm. Theseestimatesare then refinedby minimizing an homo-
graphiccostfunction over the sequencer the consideredsnapshots.Note that we do
noteminimizetheclassicaresidual}_ d(Hz;, z}) for atleasttwo reasons(i) asnonlin-
earminimizationmustbe performedsucha distancerequiresheary computationatime
dueto the numberof matchedpoints. (ii) it is oftenusefulto be ableto performstructure
andmotionfrom the homographieshemselesinsteadthanfrom a setof matchedpoint.
For distantimagespnly asmallsetof pointscanbematchedetweersuchviews. Onthe
contrary thehomographyinducedby a planecanbe easilycomputedrom far views by
compositingframeto framehomographies.

We first shawv how to recover structureand motion usingtwo perspectie imagesof
n planes. Thenwe extend the methodto the caseof ¢ views. Let P! and P? be the
projectionmatricescomputedor the two frames. The planarhomographyfor planell,
betweerthesetwo views is denotedoy H,. Oneof the obsenedplaneis usedto recover



the viewpoint usingthe single-planemethod. This planeis calledthe referenceplanein
the following andis denotedby II;. As the internal parametersre constantover time
P! = K[R'|t!'] andP? = K[R?|t?]. By constructionthe projectionmatrix is expressed
in a frameattachedo thereferenceplane. Expressinghesematricesin thefirst camera
frame, we obtain the canonicalrepresentationP! = K[l |0] andP? = KJ[A, a] where
A=RRT anda =t? — R?R!Tt!.

The plane parameterizatiortan be retrieved throughthe explicit expressionof the
inducedhomographygivenin [6]. Giventhe projectionmatricesP' = K]l |0] andP? =
K[A, a], andgivena planedefinedby 7 "X, = 0 with 7 = (vT,1) T, thehomographyH
inducedby this planeis:

Hox K(A—av')K™, (13)

orequivalentlyK"'HK c A— av ".

As the homographyH, is known for eachplanell,, andif we supposehatthe es-
timatesof A anda givenby the single-planemethodis correct,the parameterizatior,,
of theseplanescan be easily computedusing (13) which is linearin v,. Let h bethe
9-vectormadeup of the entriesof the matrix K~'H,K andb bethe 9-vectormadeup of
the entriesof the matrix A — av;. SinceK~'H,K andA — av; areproportional,each
hy by
h; b
of equationsn the 3 v,, coordinatesanbebuilt. It is solvedusingits SVD.

As the viewpoint estimategiven by the single planemethodis not always accurate
(seesection6), a global adjustmentechniqueis thenusedto refine both the viewpoint
[A, a] andtheplaneparameterizations, (1 < p < n). We considetthe setof equations

cross-producC(A, a, v,) i =

isnull (1 <k&,1<9). Hencealinearsystem

Hi o KA-av])K!

H, o KA-av,))K!

Here, v, is the parameterizationf the referenceplane.As the equationof this plane
is z = 0 in theinitial frame, the parameterizatiorin the first cameraframeis v; =
—-R'k/k"R' Tt wherekT =[ 0 0 1 ].

Thesetof unknavnsvs, . .., v,, A a isfinally tunedby iteratively minimizing, using
Pawell’s algorithm,thefollowing costfunction:

n k=9

9
- 2
Mzna,ﬂ,'y,a,vg,...,vp E E C(A; a, Vp)kl

p=1k,l=1

whereq, §, v arethe Euleranglesof A. To copewith the classicalambiguitybetweeru
andv (Aa and%v is alsosolution),oneof the componenof a is fixedto its initial value
during minimization. If morethantwo views (let us say (@) are consideredye have to
determine) canonicatransformationg?? = [A?|a?]. We thenhave to minimize

n k=9

Q
. q o9 2
Mznal,...,aQ,,81,...,6‘?,71,...,’yQ,al,...,a‘l,vg,...,vp E E E C(A ya avp)kl

qg=1p=1k,l=1

6 Experimental results

Resultsarefirst presentedn a calibrationtarget sequenceo asseghe accurag of our
algorithm. Then,resultsobtainedon a poorly texturedindoor sequencareprovided.



6.1 A targetsequence

This sequenceontains98 images. The camerais moving aroundthe calibrationtarget,
roughly pointingtheintersectiorof thethreeplanes(seeFig. 1). Theinitial matrix P° is
obtainedusingclassicakalibrationmethodin [4] from 3D/2D correspondences.

Comparison of the threemethodsITER, LIN1, LIN2

Fig. 1(b) shows the temporalevolution of one viewpoint parametez translation),for
eachof the proposednethods.The otherviewpoint parametershav similar curvesand
errors. Actual values(representetdy crossesn Fig. 1), arecomputedevery tenimages,
usingclassicalcalibrationfrom pointson thetarget. ITER givesriseto the bestresults,
LIN1 to the worst. The graphobtainedfor LIN2 is relatively closeto the actualgraph,
but it slowly divergesfrom it: this expressesnaccumulatiorerror dueto the successie
approximation®f therotationmatrix. However, the poseestimationerror obtainedat the
endof the sequencés only 6.3 cm for a distancetarget- cameraequalto 127 cm. This
erroris almostnot perceptiblavith regardto theprojectionof thetarget. Thecomputation
ratesare detailedin tableFig. 1.bfor eachstepof the algorithmLIN2 on a Pentiumill
900Mhz. Thewhole algorithmperformsin 62.70ms perframeon average which leads
to anapproximaterocessingateof 16 framespersecondsTheiterative method(ITER)
is moretime consuming.

LIN2 with recovered structure ----- |

a.
MIC 30,33ms .
Matching | 18,62ms ;
b.| RANSAC | 12,13ms ol
LIN2 1,62ms o
Total 62,70ms P R T B B
Figure 1: (a) One snapshobf the target sequencéb) Computationtime (c) Temporal

evolution of ¢, with theeplanes,for ITER, LIN1, LIN2 andLIN2 with the recosered
structure.The crossesepresenthe actualvaluesof ¢,

Influence of the number of planes

Theaboveresultswereobtainedby registeringthreeplanesof thetarget. Figures2 shavs
resultsobtainedby usingITER (the mostaccuratenethod)with oneor two planes.The
titles of the curvesindicatewhich planeswereused: x representshe verticalleft plane
of thetarget(seeFig. 1), whoseequationis x — 0.577y = 0, Y theverticalright plane
(Y = 0) andz thehorizontalplane(z = 0). Fig. 2 shavsthattheresultsobtainedfrom a
singleplanearemuchmoreirregularthanthe resultsobtainedfrom two or threeplanes,
whichillustratesour contribution with regardto [9].

Recovery of the multi-planar structure

In this sectionwe exhibit resultsof therecoveringprocessFirstwe wantto provethatthe
estimationgivenby the singleplanemethodis goodenoughsothatthe globaladjustment
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Figure2: Temporalevolution of ¢, whentwo (a) or oneplane(b) areused.

processonvergestowardsthe actualsolution. Fig. 3.aexhibits the recoveredtranslation
for eachframe of the sequenceTheinitial estimatesf ¢, givenby eachof the visible

planes(x-planey-planeandz-plane)areshawn in dottedlines. The resultsof the batch
processs shavn with bold lines (- Tx (respy-T'z, respz_Tx) is the estimatef ¢,

whenthe initial estimatesare computedwith the x-plane (respy-plane,respz-plane)).
Evenif theinitial estimatesarevery different,the resultsof the batchprocesswith these
3initializationsaresimilar andtheresultingcurvesarealmostconfounded.

Thenwe want to assesghe accurag of the recoveredplanes. Fig. 3.b shows the
differencebetweerthe computedandthe actualnormalto the y-planeswhenthe frames
1..4, (i < 40) areconsideredThreecurvesareshovn accordingto the planechoserfor
theinitial estimate.Onceagain,the normalto the planesare very similar whateser the
considerednitialization. The differencebetweerthe actualandthe computechormalis
around4 degrees Resultson thethird planeof the targetareof the sameorder Notethat
the cameramovesvery slowly at the beginning of the sequenceThis explainswhy the
resultson the normalarenot accuratevhena small numberof views areconsidered.It
mustalsobe noticedthat the resultsusingclassicalbundle adjustmentechniques$ased
on point correspondencdsadsto an error of the sameorder: if the 40 framesequence
is consideredthe erroron thenormalis 4.29 degreesfor the classicalbundleadjustment
usingpointsandthe erroris 4.31 for our method. And our methodis muchmorefaster
thantheclassicabundleadjustment.

Finally, we testedour algorithmon a setof sparseviews. Usingfive equallyspaced
imagesin the consideredequencéeadsto anerroronthe normalvectorof 4.91degrees
and6.02degreeson thetwo considereglanes(the recoveredequationgor the 2 planes
are:.049x — y + .07z — 3.96 = 0;x — 0.686642y — 0.104819z — 6.234647 = 0. The
accurag obviously depend®n the choiceof the setof imagesbut the accurag is quite
satishctoryfor sceneaugmentation.

To prove this, the recoveredmodelof the tagetwasusedto performrealtime regis-
tration. Theviewpoint computedwith this modelis comparedo the onescomputedwith
theactualmodelin Fig. 1. A spherewasaddedto the scendn orderto visually estimate
the coherencef the augmentedcene.Somesnapshot®f the augmentedequenceare
shawvn in fig. 4. Thoughwe cannoticethatthe sphereseemso slide slightly alongthe
groundat sometime instant,the visualimpressions goodandconfirmthatthe accurayg
of themodelis sufficientfor incrustation.
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Figure 3: (a) The ¢, componentecoseredby the structureand motion algorithm. (b)
differencebetweerthe computedandtheactualnormalto they-plane.

Figure4: Somesnapshotef theaugmentedceneusingtherecoveredstructure.

6.2 An indoor sequence

Resultswerealsoobtainedon a 200-framesndoorsequenceshotin the basemenof our
laboratory Theseexperimentswere conductedwithin a projectof AR for e-commerce.
Oneof the goalis to allow the userto visualizethe productsin its future ervironment.
This sequencés particularly difficult to treatbecausehe sceneis very poorly textured
(hardly a few stainson the groundandwalls). Moreover, the cameramotionis relatively
fastin the secondhalf of the sequencéup to 20 pixelsof disparitybetweertwo images),
andsomeimagesareblurred.

The projectionmatrix in firstimagewasobtainedusinganordinaryposteraid onthe
ground.The aspectatio wasfixedto 1, andthe principal point wasassumedo lie atthe
centerof theimage.As acornerof thepostercorrespondetb the cornerof theroom,and
becausehe anglebetweerthetwo visible walls wasa right angle,no measurénadto be
takento know the equationf thethreeplanes.Despitethe difficultiesmentionedabove
andthe approximatve knowledgeof the internal parameter®f the camerathe system
succeededh registeringthe two or threeplanesthatwerevisible in the sequenceFig. 5
shaws the matchingresultandthe projectionof a cubeafterregistrationusingLIN2, in
four imagesof thesequenceSomesnapshotsf thesceneaugmentedvith a sofaarealso
shavnin Fig. 5.

7 Discussion

A realtime markerlessregistrationsystemfor augmentedeality was presentedlt pro-
videsaccurateandreliableresultsfor scenesvhichincludeplanarstructuresOurimple-
mentationyieldsresultscomparablén accurag with full structure-and-motiomethods
but with betterreliability andfastermprocessing.
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Figure5: Firt Line: key-pointsmatchingandprojectionof a cubeafterregistrationin four
imagesof the indoor sequencéblack segmentsareinliers, white segmentsareoutliers).
Secondine: somesnapshotsf theaugmentedcene.

Threemethodswereproposedor solving the n-planesegistrationproblem. One of
them(LIN2) hasprovento be a goodcompromisebetweencomputatiorratesandaccu-
ragy of the composition. However, for long sequenceghis methodmay progressiely
divergebecausef successie approximationsThis problemmay be shapedy perform-
ing a bundleadjustmenbn a small numberof images(the last five imagesfor example,
in the spirit of [5]). Of course a hybrid systemcould alsoincreaseaobustnessandavoid
drift by takingadvantageof a partial 3D knowledgeonthe scene.

Finally, the possibility of recoveringthe multi-planarstructureof the scenein area-
sonabletime andgettinga goodvisualimpressiornof the addedscenefrom thereis very
promising.This mustbeinvestigatedurtherfor morecomplec realscenes.
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