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ABSTRACT

Most work in visual augmentedeality (AR) employs prede ned
markers or modelsthat simplify the algorithmsneededor sensor
positioningand augmentatiorbut at the cost of imposingrestric-
tions on the areasof operationand on interactvity. This paper
present& simplegamein whichanAR agenthasto navigateusing
realplanarsurfaceson objectsthataredynamicallyaddedo anun-
preparecervironment. An extendedKalman lter (EKF) simulta-
neoudocalisatiorandmapping(SLAM) framevork with automatic
planediscovery is usedto enablethe playerto interactively build a
structuredmapof the gameernvironmentusinga single,agile cam-
era.By usingSLAM, we areableto achieve real-timeinteractvity
andmaintainrigorousestimate®f the systems uncertaintywhich
enablesthe effects of high quality estimateso be propagtedto
otherfeaturegpointsandplanes)evenif they areoutsidethe cam-
erascurrenteld of view.

Index Terms: H.5.1[Information Systems]: Multimedia Infor-
mationSystems—Augmenteeality;1.4.8[ImageProcessingnd
ComputeVision]: SceneAnalysis—Tracking,SurfaceFitting

1 INTRODUCTION

For a variety of augmentedeality (AR) applicationstheaimis to
be ableto usepreviously unseerphysical objectsasthe basisfor
the augmentations.This of coursedemandsaccurate robust and
interactve systemghat canjointly positionsensorandscenewith
little prior knowledge.

In the eld of mobile robotics,the sameproblemhasbeenat-
tracting signi cant attentionin the shapeof simultaneoudocali-
sationandmapping(SLAM) [2, 3]. The needfor SLAM appears
whenwe wantto concurrentlyestimatehesurroundingsvhile they
aresimultaneouslypeingusedto bootstraghe positionof themap-
pingsensorThekey hereis thatalgorithmsfor SLAM offer impor-
tantadvantagesover otherapproachesuchas corventionalbatch
structurefrom motion. Speci cally for AR, besidesnablingreal-
time interactvity in previously unknovn ervironments SLAM al-
gorithmsoffer arigorousway to maintainestimate®f the systems
uncertainty

The choiceof sensoiis alsoimportantfor atruly ubiquitousAR
system. While thereare examplesof relianceon externalinfras-
tructure,e.g. by usingRF or ultrasoundsignals,anideal systemis
capableof working everywhere For thisreasonin thisresearchwe
employ ahandheldcameraasthe sole6-D sensowhich is usedto
both mapthe ervironmentandcontrol aninteractive game. Using
a singlecamerais in line with future portability to the now com-
monmobile platformsequippedwith them,with theunderstanding
thatif neededenhancinghe systemwith otherkinds of sensorss
readilyfeasible.
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Figure 1: (left) view from the camera as it is used to build a map of
previously unseen objects in real time and to discover planes on top
of them. These planes are then used by an AR agent as it completes
a game of jumping from object to object (right).



Therestof the paperstartsby describingsomerelatedprior art,
followedin section3 by anoverview of theplanediscosery method
using SLAM. Section4 describeshe interactve applicationwe
have developedo shav thepotentialof theproposeaystembefore
we nish with somediscussiorandconclusions.

2 TO MARK OR NOT TO MARK

Thereareseveralrecentexamplesof goodAR systemghatareac-
curateandrobust enoughto be part of aninteractve system. An
exampleis the collaboratve interactionpresentedn [13] where
ARToolkit markers are usedto track objectsof relevancefrom a
mobile camera. In [5], the position of objectsusedto indirectly
interactwith adynamicagentareknown in advancesothatthevir-
tual agentscanusethemcorvincingly. Thesetwo exampleshave
the commonthreadof bene ting from signi cant prior informa-
tion. A differentapproactis takenin [16] wherethe motivation is
to move away from known markersandto recover texturedwalls.
In that work, homographie®stimatea wall's orientationand po-
sition in a causalmanner This producesaccurateandimmediate
planesfor AR. However, as also notedthere, SLAM is a more
properparadigmfor ubiquitousAR, given that the map elements
arefully correlatedandthusre nementin the positionof onefea-
tureleadsto re nementin the positionof otherfeatures.

A rst attemptto exploit the bene ts of vision-only SLAM for
AR waspresentedn [9], wherethe emphasisvas on remotecol-
laborationand sharingannotations.That systemusedsparse3-D
pointsasthe pointsto anchorsimple staticaugmentationsin [6]
known planarobjectsarerecognisedandaddedto the SLAM map
to enablemeaningfulannotatiorof the environment. In this paper
we extendtheuseof visualSLAM to theautomatiaecorery of pre-
viously unknowvn higherlevel structuregplanes)and,speci cally,
we emphasis¢he useof visual SLAM for interactive AR applica-
tionsasdemonstratedy anagent-basedR game.

3 VisuAL SLAM FRAMEWORK

The visual SLAM framework integratesa plane discovery algo-
rithm with a monocularEKF SLAM systemin orderto dynami-
cally discover planarsurfacesasthey areaddedto a static scene,
whilst maintainingfull correlationof the SLAM mapandcamera
pose. The techniqueis detailedin [12], wherewe provide thor
ough analysisof the consisteng of the method,so we give here
only a synopsif thekey elementf the system.In this paperwe
concentraten the bene ts of discovering planeswithin a SLAM
framework for usein interactive AR.

3.1 EKF SLAM

The systemis basedon a Kalman lter, similar to thatin [10, 7].
The systemstate,denotedx = fv; ", hastwo partitions: onefor
the camerapose,v; andonefor the structuralcomponentsn the
scenef, suchaspointsor surfaces.A processmodelandan ob-
servationmodelencodgheassumedlynamicsandtherelationship
betweerthe stateand Iter measurementsespectiely [4]. We as-
sumea constantposition modelfor the cameramotion, this gives
thefollowing processnodel:

feow) = (Da(ww) ot + we ;) oy

wherew = (w;;w,) is a 6-D noisevector assumedo be from
N(0; Q), Dg(wy) istheincrementatjuaterniorcorrespondingo the
Euleranglesde ned by w,,, and denotegquaterniormultiplica-
tion. The lter obsenationsdependiponthestructuracomponents
in the state. In the caseof points,the obsenationsareassumedo
be corrupted2-D positionsof projectedpoints.

The systembegins by usingonly four known pointson a cali-
brationpatternwhich provide anabsolutescalefor the constructed
map. As the cameramovesaway from the pattern,new previously

unseerfeaturepointsareinitialisedandaddedo themap,allowing
trackingto continueasthe cameraexploresnew partsof the scene.
Pointsare addedusing the inversedepthrepresentationfl4] and
augmentedo the statein a mannerwhich maintainsfull correla-
tion with therestof themap[3]. Pointsarecorvertedto a standard
3-D point representatiomncetheir uncertaintyin depthbecomes
Gaussiainj8].

For measurementsye usethe FAST salientpoint detecto15]
to detectpotentialfeaturesandSIFT-lik e descriptorsvith scalepre-
diction [7] for repeatablematchingof initialised featuresacross
frames.

3.2 Automatic Plane Disco very

The EKF SLAM systemgenerates sparsecloud of point features
which is suitablefor estimatingthe poseof the camerabut does
not provide high level groupingof featuresinto structures.In or-
derto build planesinto our SLAM map,we infer planarstructure
within the point cloudusinga RANSAC-basedechniqueandthen
augmenthe SLAM mapwith parametersepresentinghe planar
surfaceandthe pointson that surface. This introducesknowledge
of higherlevel structureinto the map and maintainscorrelations
betweerthe camergose point featuresandplaneswhich ensures
consisteny of thetrackingandmapestimate.

3.2.1 Discovering New Planes

During eachframeof operatiorof the SLAM systemthe RANSAC
algorithm[11] is usedto searchfor planesin the point cloudof the
SLAM map. Planehypothesesare generatedrom minimal sets
of pointsrandomlysampledrom the subsebf point featureswith
variances 2., < s%, wheres 2, is the maximumof the variances
alongeachdimensionands is a suitablychoserthresholdvalue,
e.g. st = 3:.0cm Eachhypothesisis testedfor consensusvith
therestof the set. A pointis deemedo bein consensusvith the
hypothesisif its perpendiculadistancefrom the plane,d, is less
thana suitablychosernthresholddr, e.g. dr = 0:5cm andits Eu-
clideandistancefrom theplaneorigin is lessthandmax. Thetestfor
dmaxensureshatwe only initialise planeswith stronglocal support.
This is importantbecausét is known thatthe relative positionsof
nearbypointsin a SLAM systemaretypically very accurategven
if theuncertaintyin theglobalpositionof thepointfeaturess large,
sointroducingaplanethrougha setof local pointsis relatively safe.
However, we canmake no suchassumptionsbouttherelative po-
sitions of widely dispersedpointsin the SLAM map. The dmax
thresholdalsohelpsto avoid initialisation of planeswhich do not
correspondo physical planesn thescene.

Thebest- t planeis determinedrom theinlying pointsfrom the
planehypothesisvith mostconsensusTheorigin is setto themean
andthe orientationparametersare determinedirom the principal
componentsSpeci cally, if M isthel 3 matrix containingthe |
inlying pointsfor the hypothesiseglane,thenthe eigervector of
MTM™ correspondingo the smallesteigevalue gives the normal
to the planeandthe othertwo eigervectorsgive the basisvectors
within the plane. The smallesteigevalue, ! min, is the varianceof
theinliers in the normaldirectionandprovidesa corvenientmea-
sureof thequality of the t. In orderto avoid addingpoorestimates
of planesto the SLAM map, the best- t planegeneratedy the
RANSAC processs only initialisedin the SLAM systemif | > |1
and! min < I 1, wheretypically It = 5 pointsand/ 1 = d%.

3.2.2 Augmenting the SLAM Map with a New Plane

Whena planarsurfaceis discorered,a nev “planarcomponentis

augmentedo the SLAM mapstate(seeFig. 2). This new compo-
nenthastheform mp+ 1 = (Po; q1; f1; Go; f2), wherepy is theplane
origin andthe orientationis de ned by two basisvectorsg(qy;f1)

ande(qp; f2), whichlie in theplane,i.e.

€(qi;fi) = [cod sing;; sinfi;cod; cosqi]T (2)



The 3-D pointsin the map which lie on the planeand whose
featurevectoran; de ne their3-D position,canthenbetransformed
into 2-D planarpointsusing

av— (M Po) €(qu;f1)

M m po) e(@ifa) ®
where denoteghe dot product. This augmentatiorof the SLAM
mapincludesproperadjustmenbf the statecovarianceg[12], which
maintainsfull correlationamongstthe existing and new statepa-
rameters.This processlsoresultsin a netdecreasén statesizeif
morethansevenpointsareaddedo the plane.
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Figure 2: Coordinate systems.

It is notpossibleto updatethe SLAM systemby makingadirect
obsenation of the planein the image. However, eachobsenred
featureon the planeimposesa constrainbetweerthecamergose,
the position and orientationof the plane and the position of the
obsered 2-D point on the plane. The measuremennodelfor the
2-D pointontheplaneis very similarto thatof a standard-D point
andsimply requiresanadditionalpreliminarystepto corvertthe 2-
D pointin the planeto a standard3-D pointin the world frameof
reference.

The representationf the planedoesnot include ary notion of
theplaneboundariesandwe don't attemptto estimatethe physical
planeboundariesrom theimage.Insteadwe simply t abounding
box aroundthe pointsin the planeto de ne the physical extent of
theplanein theaugmentedeality ervironment.

3.2.3 Adding Points to an Existing Plane

As well aslooking for new planeseachframe,the systemalsocon-
sidersnew 3-D pointsaddedto the SLAM map as candidatesor
addition to existing planes. A 3-D point is addedto an existing
planeif d < dr ands?Z,,< sZ, whered is the distanceof the 3-
D point from the planeand s 2, is the maximumvarianceof the
point.

A 3-D pointwhichisidenti ed to lie onaplanehasits statetrans-
formedto a 2-D representatioin the planeandthe SLAM system
covariancels updatedaccordingly Sincethe new representationf
the pointin the planeis dependenbn the parametersf the plane,
this processntroducesorrelationsvith theother2-D pointsonthe
planeandthe planeitself.

Whena new pointis addedto a plane,the boundingbox of the
planepointsis recalculatedsothephysicaldimension®of theplane
canincreaseanddecreasaspointsareaddedandremoved.

4 THE “NINJA ON A PLANE” GAME

The planediscovery algorithm describedn the previous sections
will be of particularinterestfor AR applications. In suchappli-
cations,virtual objectsare expectedto interactwith the physical
objectsin a scenen arealisticmanner Knowledgeof thelocation
of planarsurfacesis essentiafor taskssuchascollision detection
andocclusion.
A simplegame,“Ninja on a Plane”, hasbeendevelopedto il-

lustratehow the techniqueof automaticplanediscovery might be

Figure 3: (left) The game allows addition of previously unseen ob-
jects (boxes to create a stair) that the user can discover interactively
by moving the camera over them, allowing them to be added to the
map as planes. (middle) An example of good tracking and registra-
tion during gameplay. (right) An example of poor registration when
tracking is temporarily lost due to failure to match features at an acute
viewpoint.

appliedto an AR game. The goal of the gameis to constructa
sequencef descendinglatformswhich allow the ninja agentto
navigate from a starting platform, locatednearto the calibration
pattern,down to a goal platform at a location placedsomevhere
belav the startingposition(seeFig. 1).

The playeris responsiblefor constructingthe platformswhich
the ninja will useto reachsafety The ninja is only capableof
jumping betweenplatformswhich are closetogether asit hasa
maximumhorizontaldistancewhich it canjump anda maximum
vertical distancewhich it cansafelyfall. The ninjawill automat-
ically jump down to lower platformswhenit is safeto do so and
triesto reachthe "goal’ platform.

In orderto increasaheexcitemeniof thegame atimelimit is set
for theninjaagentto move betweerplatforms.If theninjaremains
on a platform too long, thenthe ninja diesiif thereare no other
platformswhich it cansafelymaove onto within jumping distance.
The ninja is alsonot allowed to returnto a platformwhich it has
previously visited.

4.1 Implementation

Thecurrentsystemis implementedna 2.8 GHz PentiumlV desk-
top PC with a GeForce 4 MX graphicscard. A Unibrain Fire-i

digital re wire camerawith a wide-anglelenswith 81 horizontal
eld of view is usedto view the scene. OGRE (Object-Oriented
GraphicsRenderingengine)[1] is usedfor 3D graphics,andthe

ninjamodelandanimationsarepartof thislibrary.

The gameis playedin the cornerof anof ce which hasa good
selectionof planarsurfacesto actasplatforms. A selectionof tex-
turedboxesarealsoavailableto beaddedo thesceneby theplayer
to constructnew platforms. Of course,sincethe systemdoesnot
rely on ary pre-de nedmodels,apartfrom the initial calibration
patternthe gamecould equallywell be playedin arny environment
with a sufcient numberof textured surfacesto maintaintracking.
Fig. 3 (left) shawvs a userplayingthe gamewith the describedys-
tem. The playerusesa graphicaluserinterface(GUI) on the desk-
top PCto view theaugmentedceneandto performalimited num-
berof actions,suchasstartingthegame.

The major modeof interactionwith the gameis the construc-
tion of new platformswhenthe playeraddsreal,planarobjectsinto
the scene.Oncea new objectis addedto the scenethe playeris
expectedto move the cameraaroundthe sceneand map a set of
featureson the objectsurface. This setof featuresallows the sur
faceto bediscoreredasanew planeby the SLAM systemandit is
thenrecognisedisa newly constructeglatformby thegame.

4.2 Results and Discussion

Althoughthe gameplayis relatively simple,the dynamicconstruc-
tion of surfacesin thegamevorld by physically addingunprepared
objectsto an unpreparecaugmentedeality sceneprovidesan in-
terestingnew form of interactionwhichis dif cult to achiere with
othertrackingsystems.In particular planesdynamicallygrow as



morefeaturesarediscoreredon the planarsurface,sothe player's
control of the cameramotion also providessomemeasuref con-
trol over the constructionof the sceneoncenew objectshave been
added.Thegamedemonstratethatit is possibleo addnew objects
to thesceneat runtimeanddiscover them,however, the currentim-

plementatiorassumeshatthe alreadymappedobjectsremainsta-
tionary Thisis somethinghatcanbeimprovedin future.

4.2.1 Performance

Thegame,includingSLAM systemupdatesplanediscovery, game
logic and rendering,runs at a stableframerateof 15-20 fps for
SLAM mapswith up to 50 features. This is fastenoughfor the
userto have real-timeinteractionwith the game. The framerate
begins to fall asthe numberof featuresgrows beyond 50, dueto
the computationatostof updatingthe SLAM systemeachframe,
which grovs asO(n?), wheren is the statesizeof the SLAM map.
However, 50 featuresis enoughto add several real planesto the
sceneandallows a reasonablgameplayexperience.Performance
improveson systemawith bettergraphicshardwareandthereis also
scopefor runningthe SLAM systemin aseparat@rocessinghread
onamulti-coreprocessoto obtainperformancémprovements.

4.2.2 Accuracy

The absoluteaccurag of the cameraposehasnot beenmeasured
against ground truth. In general,the registration of the virtual
graphicswith the realsceneappeargyood(seeFig. 3 (middle)and
also companionvideo material). Registrationis poor whenthe
camerds movedtoofast,asthesystenmaytemporarilylosetrack-
ing. Lossof trackingmay alsooccurif the camerais movedto a
posewhereonly a few featuresarevisible. This may occurif the
camerais pointedtowardsa region of the scenewhich hasnot yet
beenmapped,or if the cameraobsenes mappedfeaturesfrom a
viewpoint which is very dissimilarto onefrom which the features
wereinitially obsered, asthis makes matchingof the featuresin
theimagedif cult (seeFig. 3 (right)).

Thenormaldirectionsandrelative heightsof the planarsurfaces
canbeobtainedrom the SLAM mapandcomparedvith true mea-
surement®f the scenetaken by handusinga tapemeasure.ln a
singletestcasethepositionof planescloseto the calibrationtarget
werefoundto beaccuratewithin  3:0cmof their true positionand
their orientationwasaccurateo 2:0 . Planesthatarefar awvay
from the calibrationtargetwill have greateruncertaintyunlessfea-
turesin thoseplanesaresimultaneouslyisible with featureonless
uncertairplanes.

Since we are working within a well-knovn gameplayframe-
work, the inferenceof planescanbe improved usingsomeexpert
knowledge.For example,in thecurrentgame we know thatwe are
only interestedn discoveringhorizontalplanes.Thereforewe can
ignoreary otherplaneswhich arefound andreducethe chanceof
adding potentiallyincorrectplanarsurfacesinto the SLAM map.
Thisis helpful becaus¢he RANSAC procedureusedfor planedis-
covery is notideal. Typically, only a small subseof pointsin the
mapwill belongto ary one plane,so the datasetcontainsa high
proportionof noiseandit is possibleto t planeswhich donotcor
respondo real, physicalplanesn thescene.

4.2.3 Recovery

Thesystemis capableof recorery from lossof tracking. The SIFT-
like descriptorg7] usedfor featurematchingaredistinctive enough
to be matchedafterlossof trackingdueto shale or occlusion pro-
vided that the camerahasnot moved too far from its last known
position.However, mismatchesrestill possibleandin somecases
thesecancausdrackingto belostpermanentlyf thecamergoseis
estimatedncorrectly Onesimplesolutionis to have amechanism
to resetthe gamefollowing completeossof tracking.

1Seethis publications entry at www.cs.bris.ac.uk/Publications

5 CONCLUSIONS

Thispapempresentedmethodfor thediscovery of planarstructures
on previously unseenobjectsand describedits applicationin an
augmentedeality gamewhere objectsare dynamically addedto
the gameenvironment. A simultaneoudocalisationand mapping
framework enableghesystento achieve real-timeinteractvity and
keepestimatesof cameraand sceneuncertainty which allows the
effects of measurementto be propagtedto all mappedfeatures
(pointsandplanes)kvenif they areoutsidethecameraeld of view.

The automaticdiscovery of higher level structures,such as
planesjn unprepare@nvironmentds animportantsteptowardsen-
ablingmorecomple interactionsbetweerreal andvirtual objects
in ad-hocinteractize augmentedeality applications. Futurework
includesthe possibility of beingmore e xible in termsof objects
and structureghat can be mappedand how they canbe manipu-
lated.
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