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Abstract

We describea markerlesscamen tracing systemfor
augmentedeality thatoperatesin ernvironmentsvhich con-
tain one or more planes. Thisis a commonspecialcase
which we show significantly simplifiestracking. There-
sultis a practical, reliable vision-basedradker. Further-
more, thetracked planeimposesa natural refeenceframe
sothatthealignmentof thereal andvirtual coordinatesys-
temsis rather simplerthan would be the casewith a gen-
eral structue-and-motiorsystem.Multiple planescan be
tracked, and additional data sudh as 2D point tradks are
easilyincorporated.

1 Intr oduction

To effectively implementaugmentedeality in unstruc-
turedervironments—eithein wearablehead-mountedis-
plays,or whenaugmentingarchive footage(e.g.for special
effects)—theprimaryrequirements accuratereliable,fast
positiontracking. Only optical technologiesappearto of-
fer therequiredaccurag, but unstructurecrnvironmentsdo
not permitthe placemenof targets[31] or the preparation
of 3D modelsof theervironmenta-priori. Archive footage
alsopresentspecialdifficultiesin augmentedeality. Gen-
erally, cameracalibrationis unavailable,or at bestinaccu-
rate. Markersarenot available,and 3D measurementsre
not easily obtainedfor pointsvisible in the provided im-
ages.On the otherhand,post-hocaugmentatiorf archive
footageis oftenrequired for examplein architecturavisu-
alisation,in post-productionpr evenwhenpre-shooplan-
ningis foundto bein error.

Although movematchingtechniquesfrom photogram-
metry and computervision may be usedto computethe
cameramotion, suchtechniquesare currently difficult to
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useandextremelytime-consumingwhile automaticmeth-
ods[1, 3, 12, 21] arenot yet widely available,andarefar
frombeingreal-time.Evenif anautomaticgeneral-purpose
movematchemwere available, thereremainsthe non-trivial
taskof aligning the systems arbitrarily chosencoordinate
framewith thatof theaugmentingbjects.

In this paperwe describea vision-basegbositiontracker
whichsimplifiesthegeneratamera-trackingroblemin the
casewherethereis a planarsurfacevisible somevherein
the scene.Someexamplesareshown in figure 1. Because
this is a specialcaseof the generalproblemiit is easierto
solve, andthereforeallows more reliable and fastersolu-
tions. However, it is alsoa very commonspecialcase;the
groundplane,orawall is oftenvisiblethroughouthescene;
andindoors,theceilingis oftenreadilytracked.

We shaw that the systemperformsaswell asgeneral-
motiontrackers,but is morereliableandfaster An exam-
ple implementationis presentedput the basictechnology
of automatichomographyrackingis well establisheéh the
broadcasindustryso realtimesolutionsto the planetrack-
ing problemalreadyexist.

2 Background

Before describingour plane-specifidracker, we review
the currentstratgiesfor markerlessAR. Thesemay be di-
videdinto two main cateyories: model-basedrackingand
move-matching. All stratgies dependon making corre-
spondencédetween3D world featuresand 2D imagefea-
tures, and ideally, on making such correspondencauto-
matic.

2.1 Model-basedtracking

The mostcommonapproachfor dealingwith unstruc-
tured ervironmentsis to imposesomestructurepost-hoc



Figure 1. Example scenes with planar elements. Our algorithm automaticall y tracks the plane and

recovers camera position.
solution.

By identifying featuresn theimagesfor which real-world
coordinateganbemeasureda correspondendeetweer8D
and 2D is setup. Examplesinclude streetlampsand 3D
cunesin [5, 27] andthe horizonin [4]. Pose-estimation
techniqued8, 10 canthenbe usedto estimatethe cam-
era position. Furthermodel-basedystemsare described
in [18, 19, 26, 29, 30]. We now describepoint-basegose
estimationin orderto situateour work and introduceour
notation.

For eachnew video frame, we are given a set of 3D
pointsX; whosecoordinatesareknown, anda correspond-
ing setof 2D pointsx;. We represenall quantitiesin ho-
mogeneousoordinatessox; is a 3-vector (z;, y;,1), and
X; = (X4, Y4,Zi,1). Thecamergositionis representeds
a3 x 4 projectionmatrix

P=K[R | t]

whereRis a3 x 3 rotationmatrix,andt is thetranslatiorof
thecameraThematrixK representtheinternalcalibration
parametersf thecamera:

f s g f isfocallength;
K=10 af wvg (uo,vo) is principal point;
0 0 1 a is aspectatio; s is skew

In most cases,the internal parameteramay be assumed
known, but sometimes(e.g. when dealing with archve

footage)they mustbe estimatedrom the data. The pose
estimationtask is to computeP, given the 2D-3D corre-

spondences

thehomogeneouscalefactors)\; areunknovn a-priori, so
mustbe estimatedsimultaneouslyith R andt. The strat-
egy is to first estimateP usinga linear method,andthen

Accuracy is at or near the level of a full-scene structure and motion
In addition, the plane provides a natural coordinate system for augmentation.

nonlinearlyminimizetherepiojectionerror

e(Rt) = Zd2(x,-, PX;)

where
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For amoderatenumberof points,this processanbe made
to run quickly, requiring of the order of 50msper frame.
Theprimaryadwantageof model-basettackingis highpre-
cision,andabsenc®f drift: aslong as(a subsebf) thekey
pointsarevisible, the systemis alwaysregisteringdirectly
to thesceneFurthermorethe coordinatesystemis well de-
fined beforehand.However, it is commonlytrue that few
pointsareavailablefor registration,sothe trackingsufers
from high-frequeng jitter, asnoisein theimagemeasure-
mentscorruptthe estimatedpose. More importantly the
techniquerequiressignificantmanualinterventionto con-
structthe model. In mary real-world casesa 3D modelis
difficult to obtain,or measurabléeaturesnaynotbeeasily
detectable.

2.2 Move-matching

A technologywhich appearso offer significantpossibil-
itiesfor generalaccurateegistrationis known asstructure-
and-motionestimation,or move-matchind1, 2, 3, 12, 24).
Suchsystemssimultaneoushestimatecameramotion,and
the 3D structureof theimagedscene Thesesystemgermit
extremely accurateregistration,with accuracie®f around
0.2 pixels,andnegligible jitter. However, they have anum-
ber of disadwantageghat meanthatthey arenot likely to
be suitablefor real-timeimplementatiorin the nearfuture.



First, they areslow, andhigh accurag is only achieved by
a batchbundle adjustmen{12]. This precludesa sequen-
tial implementationasis requiredfor autonomousr long-
runningapplications. Second the coordinatesystemcho-
senwill be arbitrary generallyaligning the world coordi-
natesystemwith thefirst camera.Therefore the computed
motion is relative ratherthan absolute which meansthat
in orderto insertvirtual objectsthe systemanustbe man-
ually aligned. This is difficult unlesssomefeaturecorre-
spondenceare madebetweenthe recorered3D structure
andtheaugmentingnodels.

Another algorithm for structure-and-motionbased
augmented reality tracking was reported by Neu-
mannet al. [24]. In their system,optical flow is used
to compute differential motion estimates, which are
integratedto give camerapose. Our systemmight be con-
sidereda specialcaseof theirs—wecomputedifferential
motionestimategor the plane,andthenusetheseestimates
to computethe cameramotion. However, our systemdoes
not assumethat the inter-frame motion is small, and can
thereforebe usedin situationswherea fast-mwing camera
would make optic flow difficult to compute.

2.3 Special-casgechniques

Someinterestingrecentwork looksatimproving AR us-
ing specialgeometricconstructionghat are found in the
scene[20, 28]. In theseworks, constraintsare obtained
from structuregypically foundin man-madervironments.
For example setsof parallelor orthogonalinescanbeused
to determinghe 3D referencdrame,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 type of scene.In our case however, the limitation
is slight—we requirethat a plane or planesbe visible in
the scene.This is commonlytrue of indoor ervironments,
wherea textured ceiling or groundplaneis visible. Out-
doors,evenroughground(viz. thegrassin Figurel), pro-
videsagoodreferencdor thesystem.Thesameplaneneed
notbevisible throughouthesequencegsthealgorithmcan
“handoff” trackingfrom oneplaneto thenext.

Like move-matchingthecomputatiorof relative motion
from frameto frameis completelyautomatic,but the pro-
posedapproachis significantly more reliable, for reasons
discussedn §4.4. Trackingof a planeconfersanotherad-
vantage. A canonicalcoordinatesystemis automatically

Initialization:
1. Manuallyindicatethe planarregionin image0.
2. Detectinterestpointsin image0.
3. Initialize cameracalibrationk.
Steadystate,computingH from framei to ¢ + 1.

1. DetectN interestpointsin framei + 1, giving the
set{x/" 1N,

2. Matchinterestpointsfrom framei to i + 1. This
generatea setof correspondences; <> xitt,

3. Fromthesetof correspondencesybustly compute
Hit! (§4.1).

4. Computeposefrom H! (§3.3).

Figure 2. Algorithm summary.

createdwithin the scenewhich greatlysimplifiesthealign-
mentof the systems$ automaticallychoserreferencdrame
and ary frame attachedto an augmentingmodel. A few
mouseclicks are enoughto setthe coordinateframe, and
it may be changedat ary time without restartingthe algo-
rithm.

An overview of the algorithmis shavn in Figure2. The
basicprimitivesusedareinterestpoints[14, 23], whichare
automaticallycomputedfor eachinput image. Thesein-
terestpoint operatorshave the desirablepropertythat the
2D pointsthey generateoften correspondo 3D pointsin
the world. By obtainingmultiple imagesof a 3D point,
we gleaninformationaboutthe structureof the world, and
aboutthe motion of the camera.The transformatiorwhich
modelsthe 2D movementof coplanaipointsunderperspec-
tive projectionis givenby a3 x 3 planarhomographyFrom
the planarhomographywe caneasilycomputethe camera
positionandrotation,which providesthe motionestimates.

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

3.1 Multiple viewsof aplane

For mostof this paper we may choosecoordinatesso
thatwe aretrackingthez = 0 plane.Thereforea 3D point
on the planehastheform X = (X, Y,0,1), andis defined
by justtwo coordinate< andy. It is projectednto image



i viathe3 x 4 projectionmatrix P, yielding the measured
2D pointx?
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wherethe 3 x 3 matrix H is a planarhomography which

transformspoints on the world plane to the i" image
plane. The subscriptw refersto the world coordinate
system. Thereis a one-to-onecorrespondencbéetween
the two planes,so a point (z,y,1) on the image canbe
back-projectednto the world planeby multiplying it by

(H.,)~! = H*. Now, in our case theworld coordinatesys-
temis notknown, sowe cannotmeasuré+, directly. How-

ever, we can measureH::Jrl , thehomographythatmapsthe
imagesof pointson the planefrom frame; to framei + 1.

This matrixis givenby

i+1 _ gty \—1
H = H ()
Now, H:t! relatesmagecoordinatesf featureghatwe can

measurelndeed,givenfour or morecorrespondingpoints,
we cancomputeH; ! from imagedataalone.

3.2 Computing H*!

Specifically if x* = (z,y,1) andxi*t! = (2,4, 1) are
imagesof thesame3D pointontheplane their coordinates
arerelatedoy

x ) x
y | =2y
1 1

where X is the unknovn homogeneouscalefactor Now,

cross-multiplyingthe third componentf eachside and

writing the component®f the homographyash;; etc,we

obtainthe linear systemof two equationdor the elements
of H+!

z' (hs12 + haay + hg3) =
y' (ha1z + hgoy + hsz) =

hiix + h12y + his
ho1z + haay + has

Givenfour suchcorrespondencegje obtaina matrix equa-
tion of the form Ah = 0, whereh is just the components

1AIso known ascollineation,or planeperspectie transformation.

z1 y1 1 0 0 0 —zim -—zijy1z —=)
0 0 0 = ym 1 —yimi -yiy1 —u
2 y2 1 0 0 0 —zhey —zhys —2xbh
0 0 0 z2 yo 1 —ysm2 —ysya —Us
z3 y3 1 0 0 0 —zfzs —zlty; —xf
0 0 0 23 ys3 1 —yiws —ytys —us
x4 ya 1 0 0 0 —zhwy —-ziys -—a)
0 0 0 =4 ya 1 —yyma —yyya —Us

Figure 3. Components of the matrix A.

hi; stacledinto a 9-elementwector Thematrix A is shovn
in figure3. Thesolutionh is thenull spaceof A, whichmay
be computedusingthe singularvalue decompositiorf13].
More details,in particularon datanormalizationaregiven
in [16].

3.3 Computing P!

Supposdor a momentthatwe knew the mappingfrom
world coordinateso oneof theframesof the sequencesay
frame 0. This mappingis the homographyH,. We can
measureHﬁJrl for any pairof frames(k, k+ 1) fromtracked
points,andthereforewe cancompute

H=H_ H. . .H
Finally, usingtheknown valueof H,, we obtain
H, = HH,
Now recallthatH, = K [ririt!] If thecalibration(i.e.K) is
known (see§3.5),thenwe caneasilyextractr! andr? from
thefirst two columnsof K='H,,. Then,becaus® mustbea
rotationmatrix, we know its columnsmustbeorthonormal,

sorjz is given by the crossproductr; x r». Thereforewe
canwrite

Pi=K[ri 1 (v} xr}) t]

Thus,if weknow H , we cancomputecamergpositionsfor
every frameof the sequenceysingonly theframe-to-frame
homographiesf. '

3.4 Computing H: Aligning the real and virtual
coordinate systems

In orderto correctlyaligntherealandvirtual coordinate
systemsyve needto know the mappingbetweeroneimage
planeandtheworld plane.This mappingis specifiedby the
planarhomographyH,, andmay be divided into “metric”
and“projective” componentsThe metriccomponentefers



tothearbitrarychoiceof Euclidearcoordinatesn theplane,
andthe overall scale ,which cannever be determinedrom
theimagesalone. The projective componentoncernghe
orthogonalityof the coordinateaxes. We will describewo
waysof aligningthereferencdrames.

Thesimplestway of settingtheframeis to usethemouse
to selectd pointson arectanglen thesceng17]. Thefour
pointsarethenassignedhe world coordinateof the rect-
angle(0,0), (1,0), (1, s), (0, s), wheres is the (unknavn)
aspectatio of theworld rectangle For themomentassume
s = 1. Writing thesepointsas(z}, y;’), andwith the cor
respondingmouse-selectedoordinatesdenoted(z},, y}.),
we may use the methoddescribedabove to computethe
homographyH which relatesthesetwo setsof points,i.e.
x;, = ApHx}. Now, becauseve know K, andobserving
thatthe effect of non-units is to premultiplytheworld co-
ordinategx, v, 1) by thediagonaimatrixD = diag(1, s, 1),
we have

1 00
H= Fﬁ)D = K[I‘l | ) t] 0 s O
0 01

K'H = [r; sty t]

Therefores is given by the ratio of the lengthsof the first
two columnsh; » of K=*H. Thus,thealgorithmis:

1. ComputeH which mapstheunit squaeto (z},, y},).

[ha|
I

2. Computes =
3. ComputeH), = HD™! = Hdiag(1, 1, 1).

However, it is incorvenientto specifyfour pointsin or-
derto fix the coordinateframe. The minimum possibleis
two — oneto settheorigin, andthesecondo indicatethedi-
rectionof, say the X axisandthe overall scenescale.This
canbe donein a single mousegesture wherethe button
downindicategsheorigin, andthebuttonreleasés atapoint
definedto be (1, 0) ontheworld plane.

3.5 Computing K

If the intrinsic parameter®f the cameraare unknown,
they canbeapproximatedy usingtwo setsof parallellines
[6, 22] (e.g. therectanglein §3.4) andfixing skew to O,
aspectratio to 1 and principal point to the centerof the
image. We now shav how to computethe focal length.
Letv = (zy,yy,1) andw = (z4,¥y,1) bethe vanish-
ing pointsof the setsof lines. As the directionsk=!v and
K—lw areorthogonalwe have v ' K- TK-1w = 0, thatis

1/f? 0 0 Ty

(xu Yo 1) 0 1/f2 0 Yw
0 0 1 1

|
o

which provides
TyZTw + YoYuw + f2 =0

andhencef?2.
3.6 “Hand-off”

The previous discussiorassumeshatthe sameplaneis
beingtrackedthroughoutthe sequenceWhile this may be
feasiblein somesituationsjn mary ervironmentst is ase-
riouslimitation. However, it is easyto switchtrackingfrom
one planeto anotherat ary point, providing both planes
areseensimultaneouslyn a minimumof two frames.This
“hand-of” proceduras relatively simple.Imagine for con-
cretenesghatwe aretrackingthe groundplanein theplaza
sequence After sometime, the front wall of the building
provesa morereliablechoice(see§4.3). To automatically
commencdrackingusingthe new plane,we only needto
transferthe coordinate-systeralignment.

Thisis easilydoneby randomlychoosinghreepointson
the new plane,which aretracked over two views, i andj,
say Call thepointsandtheir correspondentsi andx;,, for
k = 1...3. Becauseherunning(ground-planejracleris
providing P matriceswe have P* andP?. Thenwe canuse
standardstereatriangulation[16] to computethe 3D world
coordinateX;,. Becauseve haveworld coordinatesf X,
we canreadily computeH’,,, and continuetrackingusing
thenew plane.Notethat: andj arenotnecessaradjacent.
In fact, ¢ andj shouldbe far apart, say the first and last
framesin which bothplaneswereseen.

3.7 Incorporating off-plane tracks

Anotherimprovementto the systemis to allow individ-
ual pointsoff the planeto betracked, andincludedin the
motion estimate. Currently we implementthis by using
the plane-computed® matricesto initialize a bundle ad-
justment[7, 11]. In Figure 6 the camerasvere improved
by incorporatingsometwo-view correspondencdsom the
objectsilhouette.

4 Implementation

The previous sectionhasdiscussedhe theoryof plane-
basedtracking. We now provide somedetailsof our im-
plementationUnsurprisingly areliableimage-baseglane
tracker is the most important componentof the system.
Luckily, planetrackingis arelatively easyproblem,andin-
deedcommerciakystemsareavailablewhich provide real-
time homographie$or live broadcasf25].



Figure 4. Steps in the algorithm.
with the camera stationar y. (2) Automatic feature detection and tracking. (3) Setting the coor dinate
system by indicating 4 points on arectangle . At no point after (1) need the camera be stationar y, nor
tracking interrupted.

4.1 Robust computation of Hi ™

Our systemis basedon thatdescribedn [16], usingthe
successfuRANSAC paradigm.Considertwo imageswith
pointsin thefirst labelledx, andthosein thesecondk’. The
procedurds:

1. Detectinterestpointsin bothimages.Our implemen-
tation usespublic-domaincodefor the Harris corner
detector{15], from www.targetjr.org . Thetwo
setsare{x; })_, and{x} }1",. Typically, parameters
aresetsothatabout500 cornersare computedn the
full image,with proportionallyfewer in the tracking
region.

2. Matchinterestpoints:
For eachpoint x;, choosethe point x;j, in the next
framewhichmaximizeghecross-correlatiom a7 x 7

window. This generatesa set of correspondences

x; ¢ x,. Typically, eachpixel is comparedwith 10
othersfor amaximumimagemovementof 50 pixels.

3. Rolustestimationof H;
From the set of correspondencesandomly sample
subsetof four x < x' pairs. For eachsample, com-
puteH asin §3.2. EachcandidateH is testedagainst
all thecorrespondencdsy computingthedistancebe-
tweenx’ andHx. We chooseheH for which the most
pairsarewithin athresholdof say2.5 pixels.

This procesggivesa valuefor H anda setof inlier corre-
spondencesA nonlineaminimizationof reprojectiorerror
overtheinliersis foundto significantlyreducsjitter.

(1) The plane to be tracked is roughly indicated with the mouse,

4.2 |Initialization

The systemas currently implementedrequiresthat the
plane be approximately specified before tracking com-
mences.Cornerdetectionand matchingarethenrestricted
to this region, and when the frame-to-framehomography
is computed the region is transformedo the new image.
Thesestepscan be improved in a few ways: (1) because
of the robustcomputationof H;:“, the planeneedonly be
very approximatelyindicated;(2) ratherthantransforming
thepolyline boundaryof theregion,we cangatherall inliers
to thehomographyandsetthe boundaryto the corvex hull
of the 2D points. This will allow the region to expandand
contractasnecessarthroughthe sequence.

4.3 Automatic plane detection

The RANSAC proceduredescribedn §4.1 canbe ap-
plied on the full image,giving the homographythatcorre-
spondgo the largestsetof coplanarpoints. Therefore the
initial indicationof the planecanbe omittedif thereis only
oneplanein thescenepr if the largestplaneis the onewe
wishto track. Moreover, this automaticplanedetectioncan
beusedto choose¢hemostreliableplanefor the“hand-of”
procedure.

4.4 Reliability issues

Planetracking of interestpoints hasan importantreli-
ability advantageover tracking points undegoing general
motion. In generalmotion tracking, the relationshipbe-
tweenpointsin successie framesis describedy the fun-
damentalmatrix [9]. For a givenpointx in the first view,
the correspondingpoint in the secondview mustlie on
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Figure 5. Augmentation
sequence .

the epipolarline, generatecdby 1 = Fx. Assumethe im-

age heightis 500 pixels. If we consider asan example,
a casewherethe epipolarline is horizontaland an accep-
tancethresholdof +2.5 pixels, then 1% of randomlyde-
tectedpointswill be viable matchesor x. For homogra-
phy matchespn the otherhand,thetransferis exact,sothe
correspondingpoint mustlie in a circle of radius2.5 cen-
teredon Hx, a region which is only 0.01% of the image
area.Thereforeroguematchesaresignificantlylesslikely

for homographyraclers.

The major sourceof errorin the systemasdescribeds
drift. Thereis effectively zeraojitter, evenfor pointsfarfrom
the plane,dueto the accurag of homographiegomputed
from hundredof cornerfeatures. On the otherhand,the
posefor eachnew frameis computedby multiplying the
homographiefor eachof thepreviousframes soerrorswill
accumulatevertime. Theseerrorscanbeamelioratedn a
few ways,but the mostimportantis the matchingof points
from thefirst frameto framei + 1 wheneerpossible.

Thisis simplifiedbecaus¢he computechomography
is available,reducingthe searchregion. However, because
therewill be significantperspectie distortionbetweernthe
two framesit is necessaryo wraptheimagesusingtheho-
mographyin orderto computethecross-correlatioscores.

5 Results

Theresultsof applyingthe proposedystemto theplaza
sequencare shavn in figure 5. In this case,the ground
planewastracked, and a 3D model superimposean the
sequencéo evaluatethe registrationaccurag. The movie
sequencés 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,

results, stanislas square.

Jitter and drift are sub-pix el over this 40-frame

with a hand-heldcameracircumnaigatinga Henry Moore
sculpture.The grassprovided sufiicient textureto trackthe
plane,thanksin partto the inherentrobustnesf homog-
raphytracking. Registrationon this sequencés alsogood,
with low jitter, but drift of afew pixels.

6 Discussion

We have presented markerlessoptical tracker for aug-
mentedreality, which providesaccurateandreliableresults
for scenesvhichincludeplanarstructures.The nev math-
ematicalcontritutions are the framework for uncalibrated
planetracking,andcameraecoverytherefrom. A prelimi-
naryimplementatioryields resultscomparablén accurayg
with full structure-and-motiomethodsbut with betterre-
liability. In addition, aligning the real and virtual coordi-
natesystemsis greatly simplified by the identification of
theplane.

Like ary vision-basedracker, our systemwill fail if the
lighting conditionsare unfavourable,or the tracked plane
goesout of view. However, the entire planedoesnot have
to bevisible atany time, andthesystemcanmovefrom one
planeto anotherto maintaintracking. This makesit appli-
cablein awide rangeof ervironments.Of course a hybrid
systemwould increaserobustnesgarticularlyin hand-of
betweerplaneswhich cannotbe seensimultaneously
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