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Abstract

We describea markerlesscamera tracking systemfor
augmentedreality thatoperatesin environmentswhich con-
tain oneor more planes. This is a commonspecialcase,
which we showsignificantlysimplifiestracking. The re-
sult is a practical, reliable, vision-basedtracker. Further-
more, thetrackedplaneimposesa natural referenceframe,
sothat thealignmentof thereal andvirtual coordinatesys-
temsis rather simplerthan would be the casewith a gen-
eral structure-and-motionsystem.Multiple planescan be
tracked, and additional data such as 2D point tracks are
easilyincorporated.

1 Intr oduction

To effectively implementaugmentedreality in unstruc-
turedenvironments—eitherin wearablehead-mounteddis-
plays,or whenaugmentingarchivefootage(e.g.for special
effects)—theprimaryrequirementis accurate,reliable,fast
positiontracking. Only optical technologiesappearto of-
fer therequiredaccuracy, but unstructuredenvironmentsdo
not permit theplacementof targets[31] or thepreparation
of 3D modelsof theenvironmenta-priori. Archive footage
alsopresentsspecialdifficultiesin augmentedreality. Gen-
erally, cameracalibrationis unavailable,or at bestinaccu-
rate. Markersarenot available,and3D measurementsare
not easily obtainedfor points visible in the provided im-
ages.On theotherhand,post-hocaugmentationof archive
footageis oftenrequired,for examplein architecturalvisu-
alisation,in post-production,or evenwhenpre-shootplan-
ning is foundto bein error.

Although movematchingtechniquesfrom photogram-
metry and computervision may be usedto computethe
cameramotion, suchtechniquesare currently difficult to

useandextremelytime-consuming,while automaticmeth-
ods[1, 3, 12, 21] arenot yet widely available,andarefar
frombeingreal-time.Evenif anautomatic,general-purpose
movematcherwereavailable,thereremainsthe non-trivial
taskof aligning the system’s arbitrarily chosencoordinate
framewith thatof theaugmentingobjects.

In thispaper, wedescribeavision-basedpositiontracker
whichsimplifiesthegeneralcamera-trackingproblemin the
casewherethereis a planarsurfacevisible somewherein
thescene.Someexamplesareshown in figure1. Because
this is a specialcaseof the generalproblem,it is easierto
solve, and thereforeallows more reliableand fastersolu-
tions. However, it is alsoa very commonspecialcase;the
groundplane,or awall is oftenvisiblethroughoutthescene;
andindoors,theceiling is oftenreadilytracked.

We show that the systemperformsas well as general-
motion trackers,but is morereliableandfaster. An exam-
ple implementationis presented,but the basictechnology
of automatichomographytrackingis well establishedin the
broadcastindustrysorealtimesolutionsto theplanetrack-
ing problemalreadyexist.

2 Background

Beforedescribingour plane-specifictracker, we review
thecurrentstrategiesfor markerlessAR. Thesemaybedi-
vided into two maincategories:model-basedtrackingand
move-matching. All strategies dependon making corre-
spondencebetween3D world featuresand2D imagefea-
tures, and ideally, on making suchcorrespondenceauto-
matic.

2.1 Model-basedtracking

The most commonapproachfor dealingwith unstruc-
turedenvironmentsis to imposesomestructurepost-hoc.



Figure 1. Example scenes with planar elements. Our algorithm automaticall y tracks the plane and
recovers camera position. Accurac y is at or near the level of a full-scene structure and motion
solution. In addition, the plane provides a natural coor dinate system for augmentation.

By identifying featuresin the imagesfor which real-world
coordinatescanbemeasured,acorrespondencebetween3D
and2D is setup. Examplesincludestreetlampsand3D
curves in [5, 27] and the horizon in [4]. Pose-estimation
techniques[8, 10] can then be usedto estimatethe cam-
era position. Furthermodel-basedsystemsare described
in [18, 19, 26, 29, 30]. We now describepoint-basedpose
estimationin order to situateour work and introduceour
notation.

For eachnew video frame, we are given a set of 3D
points ��� whosecoordinatesareknown, anda correspond-
ing setof 2D points � � . We representall quantitiesin ho-
mogeneouscoordinates,so � � is a 3-vector ��� �
	��
�
	���� , and� ��� � X ��	 Y ��	 Z ��	���� . Thecamerapositionis representedas
a ����� projectionmatrix

P � K �R ���! 
whereR is a �"�#� rotationmatrix,and � is thetranslationof
thecamera.ThematrixK representstheinternalcalibration
parametersof thecamera:

K � $%
& ' (*)+ , & -.)+ + �
/0 123 24 & is focal length;� (5) 	 -.) � is principalpoint;,

is aspectratio;
'

is skew

In most cases,the internal parametersmay be assumed
known, but sometimes(e.g. when dealing with archive
footage)they mustbe estimatedfrom the data. The pose
estimationtask is to computeP, given the 2D-3D corre-
spondences � �6�879� P� �
thehomogeneousscalefactors7 � areunknown a-priori, so
mustbeestimatedsimultaneouslywith R and � . Thestrat-
egy is to first estimateP usinga linear method,and then

nonlinearlyminimizethereprojectionerror: � R	 � �;�=< �?>A@ ��� ��	 P� �B�
where
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For a moderatenumberof points,this processcanbemade
to run quickly, requiringof the orderof 50msper frame.
Theprimaryadvantageof model-basedtrackingis highpre-
cision,andabsenceof drift: aslongas(a subsetof) thekey
pointsarevisible, thesystemis alwaysregisteringdirectly
to thescene.Furthermore,thecoordinatesystemis well de-
fined beforehand.However, it is commonlytrue that few
pointsareavailablefor registration,so the trackingsuffers
from high-frequency jitter, asnoisein the imagemeasure-
mentscorrupt the estimatedpose. More importantly, the
techniquerequiressignificantmanualinterventionto con-
structthemodel. In many real-world cases,a 3D modelis
difficult to obtain,or measurablefeaturesmaynotbeeasily
detectable.

2.2 Move-matching

A technologywhichappearsto offer significantpossibil-
itiesfor general,accurateregistrationis known asstructure-
and-motionestimation,or move-matching[1, 2, 3, 12, 24].
Suchsystemssimultaneouslyestimatecameramotion,and
the3D structureof theimagedscene.Thesesystemspermit
extremelyaccurateregistration,with accuraciesof around
0.2pixels,andnegligible jitter. However, they havea num-
ber of disadvantagesthat meanthat they arenot likely to
besuitablefor real-timeimplementationin thenearfuture.

2



First, they areslow, andhigh accuracy is only achievedby
a batchbundleadjustment[12]. This precludesa sequen-
tial implementation,asis requiredfor autonomous,or long-
runningapplications.Second,the coordinatesystemcho-
senwill be arbitrary, generallyaligning the world coordi-
natesystemwith thefirst camera.Therefore,thecomputed
motion is relative ratherthan absolute,which meansthat
in orderto insertvirtual objectsthesystemsmustbeman-
ually aligned. This is difficult unlesssomefeaturecorre-
spondencesaremadebetweenthe recovered3D structure
andtheaugmentingmodels.

Another algorithm for structure-and-motionbased
augmented reality tracking was reported by Neu-
mann et al. [24]. In their system,optical flow is used
to compute differential motion estimates, which are
integratedto give camerapose.Our systemmight becon-
sidereda specialcaseof theirs—wecomputedifferential
motionestimatesfor theplane,andthenusetheseestimates
to computethecameramotion. However, our systemdoes
not assumethat the inter-frame motion is small, and can
thereforebeusedin situationswherea fast-moving camera
wouldmakeopticflow difficult to compute.

2.3 Special-casetechniques

Someinterestingrecentwork looksat improving AR us-
ing specialgeometricconstructionsthat are found in the
scene[20, 28]. In theseworks, constraintsare obtained
from structurestypically foundin man-madeenvironments.
For example,setsof parallelor orthogonallinescanbeused
to determinethe3D referenceframe,andcomputeor refine
tracking.

3 Planar-surfacetracking

In this paper, we consideran approachwhich borrows
somethingfrom eachof the above. We describewhat is
essentiallyan automaticmove-matcherfor sceneswhich
containplanarstructures.We are thus, like [20], usinga
limited typeof scene.In our case,however, the limitation
is slight—we requirethat a planeor planesbe visible in
thescene.This is commonlytrueof indoorenvironments,
wherea texturedceiling or groundplaneis visible. Out-
doors,evenroughground(viz. thegrassin Figure1), pro-
videsagoodreferencefor thesystem.Thesameplaneneed
notbevisiblethroughoutthesequence,asthealgorithmcan
“handoff ” trackingfrom oneplaneto thenext.

Likemove-matching,thecomputationof relativemotion
from frameto frameis completelyautomatic,but the pro-
posedapproachis significantlymore reliable, for reasons
discussedin N 4.4. Trackingof a planeconfersanotherad-
vantage. A canonicalcoordinatesystemis automatically

Initialization:

1. Manuallyindicatetheplanarregion in image
+
.

2. Detectinterestpointsin image
+
.

3. Initialize cameracalibrationK.

Steadystate,computingH from frame O to O M � .
1. Detect P interestpointsin frame O M � , giving the

set Q�� �SRTFUWV�XU
Y F .
2. Match interestpointsfrom frame O to O M � . This

generatesa setof correspondences� �U[Z � �\R6F] .

3. Fromthesetof correspondences,robustlycompute
H
�SRTF� ( N 4.1).

4. Computeposefrom H
�SRTF� ( N 3.3).

Figure 2. Algorithm summar y.

createdwithin thescene,whichgreatlysimplifiesthealign-
mentof thesystem’s automaticallychosenreferenceframe
and any frame attachedto an augmentingmodel. A few
mouseclicks areenoughto set the coordinateframe,and
it maybechangedat any time without restartingthealgo-
rithm.

An overview of thealgorithmis shown in Figure2. The
basicprimitivesusedareinterestpoints[14, 23], whichare
automaticallycomputedfor eachinput image. Thesein-
terestpoint operatorshave the desirablepropertythat the
2D points they generateoften correspondto 3D points in
the world. By obtainingmultiple imagesof a 3D point,
we gleaninformationaboutthestructureof theworld, and
aboutthemotionof thecamera.Thetransformationwhich
modelsthe2D movementof coplanarpointsunderperspec-
tiveprojectionis givenby a �^�_� planarhomography. From
theplanarhomography, we caneasilycomputethecamera
positionandrotation,whichprovidesthemotionestimates.

In the following, we first develop the mathematical
model usedby the system,and then describeour imple-
mentation. Finally we commenton reliability in compar-
isonwith generalmotionestimation,andwith respectto the
well-known singularitiesof poseestimationfrom coplanar
points.

3.1 Multiple viewsof a plane

For mostof this paper, we may choosecoordinatesso
thatwearetrackingtheZ � +

plane.Therefore,a 3D point
on theplanehasthe form � � � X 	 Y 	 + 	���� , andis defined
by just two coordinatesX andY. It is projectedinto image
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O via the �`�a� projectionmatrix P� , yielding themeasured
2D point � � � � � P

� �
� K bdc � F c �@ c

�e � �gf
DhhE X

Y+ �
I�iiJ

� K bdc � F c �@ �
� f DE X

Y�
IJ

� H
�j DE

X

Y�
IJ

wherethe �k�l� matrix H is a planarhomography1 which
transformspoints on the world plane to the O th image
plane. The subscript H refers to the world coordinate
system. There is a one-to-onecorrespondencebetween
the two planes,so a point �m� 	��n	���� on the imagecan be
back-projectedonto the world planeby multiplying it by� H�j �po F � H

j� . Now, in ourcase,theworld coordinatesys-
temis notknown,sowecannotmeasureH�j directly. How-
ever, we canmeasureH

�SR6F� , thehomographythatmapsthe
imagesof pointson theplanefrom frame O to frame O M � .
Thismatrix is givenby

H
�\R6F� � H

�SRTFj � H�j � o F
Now, H

�\R6F� relatesimagecoordinatesof featuresthatwecan
measure.Indeed,givenfour or morecorrespondingpoints,
wecancomputeH

�SR6F� from imagedataalone.

3.2 Computing H
�\R6F�

Specifically, if � � � ��� 	
�5	���� and � �\R6F � �m�5q 	
� q 	���� are
imagesof thesame3D pointon theplane,their coordinates
arerelatedby DE �5q� q�

IJ �87 H
�\R6F�

DE � � �
IJ

where 7 is the unknown homogeneousscalefactor. Now,
cross-multiplyingthe third componentsof eachside and
writing the componentsof thehomographyas r F
F etc,we
obtainthe linearsystemof two equationsfor theelements
of H

�\R6F� � q �sr e F � M r e @ � M r
e
e �t� r FuF � M r F @ � M r F

e
� q �sr e F � M r e @ � M r

e
e �t� r @ F � M r @u@ � M r @
e

Givenfour suchcorrespondences,weobtainamatrixequa-
tion of the form Av �xw , where v is just the components

1Also known ascollineation,or planeperspective transformation.

DhhhhhhhhhhE
�nF � F � + + + K �*qF �nF K �5qF � F K �5qF+ + + �GF � F � K � qF �nF K � qF � F K � qF� @ � @ � + + + K �*q@ � @ K �5q@ � @ K �5q@+ + + � @ � @ � K � q@ � @ K � q@ � @ K � q@� e � e � + + + K � qe � e K � qe � e K � qe+ + + � e � e � K � qe � e K � qe � e K � qe�9y � y � + + + K �*qy �9y K �5qy � y K �5qy+ + + �*y � y � K � qy �9y K � qy � y K � qy

I�iiiiiiiiiiJ

Figure 3. Components of the matrix A.

r9� U stackedinto a 9-elementvector. Thematrix A is shown
in figure3. Thesolution v is thenull spaceof A, whichmay
be computedusingthe singularvaluedecomposition[13].
More details,in particularon datanormalization,aregiven
in [16].

3.3 Computing P�
Supposefor a momentthatwe knew themappingfrom

world coordinatesto oneof theframesof thesequence,say
frame

+
. This mappingis the homographyH

) j
. We can

measureH
] R6F] for any pairof frames�sz 	 z M ��� from tracked

points,andthereforewecancompute

H
�) � H

�� o F H� o F� o @|{�{�{ H
F)

Finally, usingtheknown valueof H

) j
, weobtain

H
�j � H

�)
H

) j
Now recallthatH�j � K b c � F c �@ �

� f If thecalibration(i.e.K) is
known (seeN 3.5),thenwecaneasilyextract c � F and c �@ from
thefirst two columnsof K o F H�j . Then,becauseRmustbea
rotationmatrix,weknow its columnsmustbeorthonormal,
so c e is givenby thecrossproduct c F �}c @ . Thereforewe
canwrite

P
� � K b~c � F c �@ �mc

� F ��c �@ � �
� f

Thus,if weknow H

) j
, wecancomputecamerapositionsfor

everyframeof thesequence,usingonly theframe-to-frame
homographiesH

�\R6F�
3.4 Computing H

) j : Aligning the real and virtual
coordinatesystems

In orderto correctlyalign therealandvirtual coordinate
systems,weneedto know themappingbetweenoneimage
planeandtheworld plane.Thismappingis specifiedby the
planarhomographyH

) j
, andmaybe divided into “metric”

and“projective” components.Themetriccomponentrefers
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to thearbitrarychoiceof Euclideancoordinatesin theplane,
andtheoverall scale,which cannever bedeterminedfrom
the imagesalone. The projective componentconcernsthe
orthogonalityof thecoordinateaxes.We will describetwo
waysof aligningthereferenceframes.

Thesimplestwayof settingtheframeis to usethemouse
to select4 pointson a rectanglein thescene[17]. Thefour
pointsarethenassignedtheworld coordinatesof the rect-
angle � + 	 + � , � �C	 + � , � �C	 ' � , � + 	 ' � , where

'
is the(unknown)

aspectratioof theworld rectangle.For themoment,assume' ��� . Writing thesepointsas �m� j ] 	�� j] � , andwith thecor-
respondingmouse-selectedcoordinatesdenoted �m�5q] 	�� q] � ,
we may use the methoddescribedabove to computethe
homographyH which relatesthesetwo setsof points, i.e.��q] ��7 ] H� j ] . Now, becausewe know K, andobserving
that theeffect of non-unit

'
is to premultiplytheworld co-

ordinates� X 	 Y 	���� by thediagonalmatrixD � diag� �C	 ' 	���� ,
wehave

H � H

) j
D � K � c F c @ �! 

DE � +�++ ' ++�+ �
IJ

Ko F H � � c
F ' c @ �! 
Therefore

'
is givenby the ratio of the lengthsof the first

two columnsv�F�� @ of K o F H. Thus,thealgorithmis:

1. ComputeHwhichmapstheunit square to �m�5q] 	
� q] � .
2. Compute

' �����C��������!� .
3. ComputeH

) j � HDo F � Hdiag� �
	 F � 	���� .
However, it is inconvenientto specifyfour pointsin or-

der to fix the coordinateframe. The minimum possibleis
two – oneto settheorigin,andthesecondto indicatethedi-
rectionof, say, theX axisandtheoverall scenescale.This
can be donein a single mousegesture,wherethe button
down indicatestheorigin,andthebuttonreleaseis atapoint
definedto be � �
	 + � on theworld plane.

3.5 Computing K

If the intrinsic parametersof the cameraareunknown,
they canbeapproximatedby usingtwo setsof parallellines
[6, 22] (e.g. the rectanglein Np� { � ) and fixing skew to 0,
aspectratio to 1 and principal point to the centerof the
image. We now show how to computethe focal length.
Let � � ���*� 	�� � 	���� and � � �m� j 	
� j 	���� be the vanish-
ing pointsof thesetsof lines. As thedirectionsK o F � and
Ko F � areorthogonal,wehave � TK o TK o F � � +

, thatis

� �5� � � ��� DE ��� & @ + ++ �.� & @ ++ + �
IJ DE � j� j�

IJ � +

whichprovides

� � � j M �
��� j M & @ � +
andhence

& @ .
3.6 “Hand-off ”

Thepreviousdiscussionassumesthat thesameplaneis
beingtrackedthroughoutthesequence.While this maybe
feasiblein somesituations,in many environmentsit is ase-
riouslimitation. However, it is easyto switchtrackingfrom
one planeto anotherat any point, providing both planes
areseensimultaneouslyin a minimumof two frames.This
“hand-off ” procedureis relativelysimple.Imagine,for con-
creteness,thatwearetrackingthegroundplanein theplaza
sequence.After sometime, the front wall of the building
provesa morereliablechoice(see N 4.3). To automatically
commencetrackingusingthe new plane,we only needto
transferthecoordinate-systemalignment.

This is easilydoneby randomlychoosingthreepointson
the new plane,which aretrackedover two views, O and � ,
say. Call thepointsandtheircorrespondents� � ] and � U ] , forz ��� {�{�{ � . Becausetherunning(ground-plane)tracker is
providing P matrices,we have P� andP

U
. Thenwe canuse

standardstereotriangulation[16] to computethe3D world
coordinates� ] . Becausewehaveworld coordinatesof � ] ,
we canreadily computeH

)
new, andcontinuetrackingusing

thenew plane.Notethat O and � arenotnecessaryadjacent.
In fact, O and � shouldbe far apart,say the first and last
framesin whichbothplaneswereseen.

3.7 Incorporating off-plane tracks

Anotherimprovementto thesystemis to allow individ-
ual pointsoff the planeto be tracked, andincludedin the
motion estimate. Currently we implementthis by using
the plane-computedP matricesto initialize a bundle ad-
justment[7, 11]. In Figure6 the cameraswere improved
by incorporatingsometwo-view correspondencesfrom the
objectsilhouette.

4 Implementation

Theprevioussectionhasdiscussedthe theoryof plane-
basedtracking. We now provide somedetailsof our im-
plementation.Unsurprisingly, a reliableimage-basedplane
tracker is the most important componentof the system.
Luckily, planetrackingis a relatively easyproblem,andin-
deedcommercialsystemsareavailablewhichprovide real-
timehomographiesfor livebroadcast[25].
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Figure 4. Steps in the algorithm. (1) The plane to be tracked is roughl y indicated with the mouse ,
with the camera stationar y. (2) Automatic feature detection and tracking. (3) Setting the coor dinate
system by indicating 4 points on a rectangle . At no point after (1) need the camera be stationar y, nor
tracking interrupted.

4.1 Robust computation of H
�\R6F�

Our systemis basedon thatdescribedin [16], usingthe
successfulRANSAC paradigm.Considertwo images,with
pointsin thefirst labelled� , andthosein thesecond��q . The
procedureis:

1. Detectinterestpointsin both images.Our implemen-
tation usespublic-domaincodefor the Harris corner
detector[15], from www.targetjr.org . The two
setsare Q�� U V XU
Y F and Q�� q ] V X^�] Y F . Typically, parameters
aresetso that about500 cornersarecomputedin the
full image,with proportionallyfewer in the tracking
region.

2. Matchinterestpoints:
For eachpoint � U , choosethe point ��q] in the next
framewhichmaximizesthecross-correlationin a �|�_�
window. This generatesa set of correspondences� U Z ��q] . Typically, eachpixel is comparedwith 10
othersfor amaximumimagemovementof 50pixels.

3. Robustestimationof H:
From the set of correspondences,randomly sample
subsetsof four � Z � q pairs. For eachsample,com-
puteH asin Np� {

�
. EachcandidateH is testedagainst

all thecorrespondencesby computingthedistancebe-
tween��q andH� . We choosetheH for which themost
pairsarewithin a thresholdof say

�
{
�

pixels.

This processgivesa valuefor H anda setof inlier corre-
spondences.A nonlinearminimizationof reprojectionerror
over theinliers is foundto significantlyreducejitter.

4.2 Initialization

The systemas currently implementedrequiresthat the
plane be approximatelyspecified before tracking com-
mences.Cornerdetectionandmatchingarethenrestricted
to this region, and when the frame-to-framehomography
is computed,the region is transformedto the new image.
Thesestepscan be improved in a few ways: (1) because
of the robustcomputationof H

�\R6F� , the planeneedonly be
very approximatelyindicated;(2) ratherthantransforming
thepolylineboundaryof theregion,wecangatherall inliers
to thehomography, andsettheboundaryto theconvex hull
of the2D points. This will allow theregion to expandand
contractasnecessarythroughthesequence.

4.3 Automatic planedetection

The RANSAC proceduredescribedin Nu� { � can be ap-
plied on the full image,giving thehomographythatcorre-
spondsto thelargestsetof coplanarpoints. Therefore,the
initial indicationof theplanecanbeomittedif thereis only
oneplanein thescene,or if the largestplaneis theonewe
wish to track.Moreover, thisautomaticplanedetectioncan
beusedto choosethemostreliableplanefor the“hand-off ”
procedure.

4.4 Reliability issues

Planetrackingof interestpoints hasan importantreli-
ability advantageover trackingpointsundergoing general
motion. In generalmotion tracking, the relationshipbe-
tweenpointsin successive framesis describedby the fun-
damentalmatrix [9]. For a givenpoint � in the first view,
the correspondingpoint in the secondview must lie on
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Figure 5. Augmentation results, stanislas square . Jitter and drift are sub-pix el over this 40-frame
sequence .

the epipolarline, generatedby � � F � . Assumethe im-
ageheight is 500 pixels. If we consider, as an example,
a casewherethe epipolarline is horizontalandan accep-
tancethresholdof � � {

�
pixels, then 1% of randomlyde-

tectedpointswill be viable matchesfor � . For homogra-
phymatches,on theotherhand,thetransferis exact,sothe
correspondingpoint mustlie in a circle of radius

�
{
�

cen-
teredon H� , a region which is only

+
{
+ �.� of the image

area.Therefore,roguematchesaresignificantlylesslikely
for homographytrackers.

Themajor sourceof error in thesystemasdescribedis
drift. Thereis effectivelyzerojitter, evenfor pointsfarfrom
the plane,dueto the accuracy of homographiescomputed
from hundredsof cornerfeatures.On the otherhand,the
posefor eachnew frame is computedby multiplying the
homographiesfor eachof thepreviousframes,soerrorswill
accumulateover time. Theseerrorscanbeamelioratedin a
few ways,but themostimportantis thematchingof points
from thefirst frameto frame O M � wheneverpossible.

This is simplifiedbecausethecomputedhomographyH�)
is available,reducingthesearchregion. However, because
therewill besignificantperspective distortionbetweenthe
two frames,it is necessaryto wraptheimagesusingtheho-
mographyin orderto computethecross-correlationscores.

5 Results

Theresultsof applyingtheproposedsystemto theplaza
sequenceareshown in figure 5. In this case,the ground
planewas tracked, and a 3D model superimposedon the
sequenceto evaluatethe registrationaccuracy. The movie
sequenceis availableat
http://www.robots.ox.ac.uk/˜vgg/isar/ a.mpg .
The readercan notice that thereis no perceptibledrift or
jitter.

The secondexample, in figure 6, is an outdoorscene,

with a hand-heldcameracircumnavigatinga HenryMoore
sculpture.Thegrassprovidedsufficient textureto trackthe
plane,thanksin part to the inherentrobustnessof homog-
raphytracking. Registrationon this sequenceis alsogood,
with low jitter, but drift of a few pixels.

6 Discussion

We have presenteda markerlessoptical tracker for aug-
mentedreality, whichprovidesaccurateandreliableresults
for sceneswhich includeplanarstructures.Thenew math-
ematicalcontributionsare the framework for uncalibrated
planetracking,andcamerarecoverytherefrom. A prelimi-
nary implementationyieldsresultscomparablein accuracy
with full structure-and-motionmethodsbut with betterre-
liability. In addition,aligning the real andvirtual coordi-
natesystemsis greatly simplified by the identificationof
theplane.

Like any vision-basedtracker, our systemwill fail if the
lighting conditionsareunfavourable,or the tracked plane
goesout of view. However, theentireplanedoesnot have
to bevisibleatany time,andthesystemcanmovefrom one
planeto anotherto maintaintracking. This makesit appli-
cablein a wide rangeof environments.Of course,a hybrid
systemwould increaserobustnessparticularly in hand-off
betweenplaneswhichcannotbeseensimultaneously.
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