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ABSTRACT

Most work in visual augmentedreality (AR) employs prede�ned
markersor modelsthat simplify the algorithmsneededfor sensor
positioningandaugmentationbut at the costof imposingrestric-
tions on the areasof operationand on interactivity. This paper
presentsasimplegamein whichanAR agenthasto navigateusing
realplanarsurfacesonobjectsthataredynamicallyaddedto anun-
preparedenvironment. An extendedKalman�lter (EKF) simulta-
neouslocalisationandmapping(SLAM) frameworkwith automatic
planediscovery is usedto enabletheplayerto interactively build a
structuredmapof thegameenvironmentusinga single,agilecam-
era.By usingSLAM, we areableto achieve real-timeinteractivity
andmaintainrigorousestimatesof thesystem's uncertainty, which
enablesthe effects of high quality estimatesto be propagatedto
otherfeatures(pointsandplanes)evenif they areoutsidethecam-
era's current�eld of view.

Index Terms: H.5.1 [Information Systems]:Multimedia Infor-
mationSystems—AugmentedReality;I.4.8 [ImageProcessingand
ComputerVision]: SceneAnalysis—Tracking,SurfaceFitting

1 INTRODUCTION

For a varietyof augmentedreality (AR) applications,theaim is to
be ableto usepreviously unseenphysical objectsasthe basisfor
the augmentations.This of coursedemandsaccurate,robust and
interactive systemsthatcanjointly positionsensorandscenewith
little prior knowledge.

In the �eld of mobile robotics,the sameproblemhasbeenat-
tracting signi�cant attentionin the shapeof simultaneouslocali-
sationandmapping(SLAM) [2, 3]. The needfor SLAM appears
whenwewantto concurrentlyestimatethesurroundingswhile they
aresimultaneouslybeingusedto bootstrapthepositionof themap-
pingsensor. Thekey hereis thatalgorithmsfor SLAM offer impor-
tant advantagesover otherapproachessuchasconventionalbatch
structurefrom motion. Speci�cally for AR, besidesenablingreal-
time interactivity in previously unknown environments,SLAM al-
gorithmsoffer a rigorouswayto maintainestimatesof thesystem's
uncertainty.

Thechoiceof sensoris alsoimportantfor a truly ubiquitousAR
system. While thereareexamplesof relianceon external infras-
tructure,e.g. by usingRF or ultrasoundsignals,anidealsystemis
capableof workingeverywhere.For thisreason,in thisresearchwe
employ a handheldcameraasthesole6-D sensorwhich is usedto
bothmaptheenvironmentandcontrolan interactive game. Using
a singlecamerais in line with future portability to the now com-
monmobileplatformsequippedwith them,with theunderstanding
that if needed,enhancingthesystemwith otherkindsof sensorsis
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 thepaperstartsby describingsomerelatedprior art,
followedin section3 by anoverview of theplanediscoverymethod
using SLAM. Section4 describesthe interactive applicationwe
havedevelopedtoshow thepotentialof theproposedsystem,before
we �nish with somediscussionandconclusions.

2 TO MARK OR NOT TO MARK

Thereareseveralrecentexamplesof goodAR systemsthatareac-
curateandrobust enoughto be part of an interactive system. An
example is the collaborative interactionpresentedin [13] where
ARToolkit markers are usedto track objectsof relevancefrom a
mobile camera. In [5], the position of objectsusedto indirectly
interactwith adynamicagentareknown in advancesothatthevir-
tual agentscanusethemconvincingly. Thesetwo exampleshave
the commonthreadof bene�ting from signi�cant prior informa-
tion. A differentapproachis taken in [16] wherethemotivation is
to move away from known markersandto recover texturedwalls.
In that work, homographiesestimatea wall's orientationandpo-
sition in a causalmanner. This producesaccurateandimmediate
planesfor AR. However, as also noted there, SLAM is a more
properparadigmfor ubiquitousAR, given that the mapelements
arefully correlatedandthusre�nementin thepositionof onefea-
tureleadsto re�nementin thepositionof otherfeatures.

A �rst attemptto exploit the bene�ts of vision-only SLAM for
AR waspresentedin [9], wherethe emphasiswason remotecol-
laborationandsharingannotations.That systemusedsparse3-D
pointsasthe pointsto anchorsimplestaticaugmentations.In [6]
known planarobjectsarerecognisedandaddedto theSLAM map
to enablemeaningfulannotationof theenvironment.In this paper,
weextendtheuseof visualSLAM to theautomaticrecoveryof pre-
viously unknown higherlevel structures(planes)and,speci�cally,
we emphasisetheuseof visualSLAM for interactive AR applica-
tionsasdemonstratedby anagent-basedAR game.

3 VISUAL SLAM FRAMEWORK

The visual SLAM framework integratesa planediscovery algo-
rithm with a monocularEKF SLAM systemin order to dynami-
cally discover planarsurfacesasthey areaddedto a staticscene,
whilst maintainingfull correlationof the SLAM mapandcamera
pose. The techniqueis detailedin [12], wherewe provide thor-
ough analysisof the consistency of the method,so we give here
only asynopsisof thekey elementsof thesystem.In thispaperwe
concentrateon the bene�ts of discovering planeswithin a SLAM
framework for usein interactiveAR.

3.1 EKF SLAM

The systemis basedon a Kalman�lter , similar to that in [10, 7].
The systemstate,denoted~x = [~v;~m]T , hastwo partitions: onefor
the camerapose,~v; andone for the structuralcomponentsin the
scene,~m, suchaspointsor surfaces.A processmodelandan ob-
servationmodelencodetheassumeddynamicsandtherelationship
betweenthestateand�lter measurements,respectively [4]. We as-
sumea constantpositionmodelfor the cameramotion, this gives
thefollowing processmodel:

f (~x;~w) = (D~q(~ww) 
 ~q;~t + ~wt ;~m) (1)

where~w = (~wt ;~ww) is a 6-D noisevector, assumedto be from
~N(0;Q), D~q(~ww) is theincrementalquaternioncorrespondingto the
Euleranglesde�ned by ~ww , and
 denotesquaternionmultiplica-
tion. The�lter observationsdependuponthestructuralcomponents
in thestate.In thecaseof points,theobservationsareassumedto
becorrupted2-D positionsof projectedpoints.

The systembegins by usingonly four known pointson a cali-
brationpattern,whichprovideanabsolutescalefor theconstructed
map.As thecameramovesaway from thepattern,new previously

unseenfeaturepointsareinitialisedandaddedto themap,allowing
trackingto continueasthecameraexploresnew partsof thescene.
Pointsare addedusing the inversedepthrepresentation[14] and
augmentedto the statein a mannerwhich maintainsfull correla-
tion with therestof themap[3]. Pointsareconvertedto a standard
3-D point representationoncetheir uncertaintyin depthbecomes
Gaussian[8].

For measurements,we usetheFAST salientpoint detector[15]
to detectpotentialfeaturesandSIFT-likedescriptorswith scalepre-
diction [7] for repeatablematchingof initialised featuresacross
frames.

3.2 Automatic Plane Disco very

TheEKF SLAM systemgeneratesa sparsecloudof point features
which is suitablefor estimatingthe poseof the camerabut does
not provide high level groupingof featuresinto structures.In or-
der to build planesinto our SLAM map,we infer planarstructure
within thepoint cloudusinga RANSAC-basedtechniqueandthen
augmentthe SLAM mapwith parametersrepresentingthe planar
surfaceandthepointson thatsurface. This introducesknowledge
of higher-level structureinto the map and maintainscorrelations
betweenthecamerapose,point featuresandplanes,which ensures
consistency of thetrackingandmapestimate.

3.2.1 Discovering New Planes

Duringeachframeof operationof theSLAM system,theRANSAC
algorithm[11] is usedto searchfor planesin thepoint cloudof the
SLAM map. Planehypothesesare generatedfrom minimal sets
of pointsrandomlysampledfrom thesubsetof point featureswith
variances 2

max < s 2
T , wheres 2

max is themaximumof thevariances
alongeachdimensionandsT is a suitablychosenthresholdvalue,
e.g. sT = 3:0cm. Eachhypothesisis testedfor consensuswith
the restof the set. A point is deemedto be in consensuswith the
hypothesisif its perpendiculardistancefrom the plane,d, is less
thana suitablychosenthresholddT , e.g. dT = 0:5cm, andits Eu-
clideandistancefrom theplaneorigin is lessthandmax. Thetestfor
dmaxensuresthatweonly initialiseplaneswith stronglocalsupport.
This is importantbecauseit is known that therelative positionsof
nearbypointsin a SLAM systemaretypically very accurate,even
if theuncertaintyin theglobalpositionof thepoint featuresis large,
sointroducingaplanethroughasetof localpointsis relatively safe.
However, we canmake no suchassumptionsabouttherelative po-
sitions of widely dispersedpoints in the SLAM map. The dmax
thresholdalsohelpsto avoid initialisation of planeswhich do not
correspondto physicalplanesin thescene.

Thebest-�t planeis determinedfrom theinlying pointsfrom the
planehypothesiswith mostconsensus.Theorigin is setto themean
and the orientationparametersare determinedfrom the principal
components.Speci�cally, if ~M is the l � 3 matrix containingthe l
inlying points for the hypothesisedplane,thenthe eigenvectorof
~MT ~M correspondingto the smallesteigenvalue gives the normal
to the planeandthe othertwo eigenvectorsgive the basisvectors
within theplane.Thesmallesteigenvalue,l min, is thevarianceof
the inliers in thenormaldirectionandprovidesa convenientmea-
sureof thequalityof the�t. In orderto avoid addingpoorestimates
of planesto the SLAM map, the best-�t planegeneratedby the
RANSAC processis only initialisedin theSLAM systemif l > lT
andl min < l T , wheretypically lT = 5 pointsandl T = d2

T .

3.2.2 Augmenting the SLAM Map with a New Plane

Whena planarsurfaceis discovered,a new `planarcomponent'is
augmentedto theSLAM mapstate(seeFig. 2). This new compo-
nenthastheform ~mn+ 1 = (~p0;q1; f 1;q2; f 2), where~p0 is theplane
origin andtheorientationis de�ned by two basisvectors,~c(q1; f 1)
and~c(q2; f 2), which lie in theplane,i.e.

~c(qi ; f i) = [cosf i sinqi ; � sinf i ;cosf i cosqi ]T (2)



The 3-D points in the map which lie on the planeand whose
featurevectors~mi de�ne their3-Dposition,canthenbetransformed
into 2-D planarpointsusing

~mnew
i =

�
(~mi � ~po) � ~c(q1; f 1)
(~mi � ~po) � ~c(q2; f 2)

�
(3)

where� denotesthedot product. This augmentationof theSLAM
mapincludesproperadjustmentof thestatecovariance[12], which
maintainsfull correlationamongstthe existing andnew statepa-
rameters.This processalsoresultsin a netdecreasein statesizeif
morethansevenpointsareaddedto theplane.
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Figure 2: Coordinate systems.

It is notpossibleto updatetheSLAM systemby makingadirect
observation of the plane in the image. However, eachobserved
featureon theplaneimposesaconstraintbetweenthecamerapose,
the position and orientationof the planeand the position of the
observed2-D point on theplane. Themeasurementmodelfor the
2-D pointontheplaneis verysimilar to thatof astandard3-D point
andsimply requiresanadditionalpreliminarystepto convert the2-
D point in theplaneto a standard3-D point in theworld frameof
reference.

The representationof the planedoesnot includeany notion of
theplaneboundaries,andwedon't attemptto estimatethephysical
planeboundariesfrom theimage.Instead,wesimply �t abounding
box aroundthepointsin theplaneto de�ne thephysicalextentof
theplanein theaugmentedrealityenvironment.

3.2.3 Adding Points to an Existing Plane

As well aslooking for new planeseachframe,thesystemalsocon-
sidersnew 3-D pointsaddedto the SLAM mapascandidatesfor
addition to existing planes. A 3-D point is addedto an existing
planeif d < dT ands 2

max < s 2
T , whered is the distanceof the 3-

D point from the planeands 2
max is the maximumvarianceof the

point.
A 3-Dpointwhichis identi�ed to lie onaplanehasitsstatetrans-

formedto a 2-D representationin theplaneandtheSLAM system
covarianceis updatedaccordingly. Sincethenew representationof
thepoint in theplaneis dependenton theparametersof theplane,
thisprocessintroducescorrelationswith theother2-D pointsonthe
planeandtheplaneitself.

Whena new point is addedto a plane,theboundingbox of the
planepointsis recalculated,sothephysicaldimensionsof theplane
canincreaseanddecreaseaspointsareaddedandremoved.

4 THE “ NINJA ON A PLANE” GAME

The planediscovery algorithmdescribedin the previous sections
will be of particularinterestfor AR applications. In suchappli-
cations,virtual objectsare expectedto interactwith the physical
objectsin a scenein a realisticmanner. Knowledgeof thelocation
of planarsurfacesis essentialfor 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
sequenceof descendingplatformswhich allow the ninja agentto
navigate from a startingplatform, locatednearto the calibration
pattern,down to a goal platform at a locationplacedsomewhere
below thestartingposition(seeFig. 1).

The player is responsiblefor constructingthe platformswhich
the ninja will use to reachsafety. The ninja is only capableof
jumping betweenplatformswhich are closetogether, as it hasa
maximumhorizontaldistancewhich it canjump anda maximum
vertical distancewhich it cansafelyfall. The ninja will automat-
ically jump down to lower platformswhenit is safeto do so and
triesto reachthe`goal' platform.

In orderto increasetheexcitementof thegame,atimelimit is set
for theninjaagentto movebetweenplatforms.If theninja remains
on a platform too long, then the ninja dies if thereare no other
platformswhich it cansafelymove ontowithin jumpingdistance.
The ninja is alsonot allowed to returnto a platform which it has
previouslyvisited.

4.1 Implementation

Thecurrentsystemis implementedona2.8GHzPentiumIV 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 this library.

Thegameis playedin thecornerof anof�ce which hasa good
selectionof planarsurfacesto actasplatforms.A selectionof tex-
turedboxesarealsoavailableto beaddedto thesceneby theplayer
to constructnew platforms. Of course,sincethe systemdoesnot
rely on any pre-de�nedmodels,apartfrom the initial calibration
pattern,thegamecouldequallywell beplayedin any environment
with a suf�cient numberof texturedsurfacesto maintaintracking.
Fig. 3 (left) shows a userplayingthegamewith thedescribedsys-
tem. Theplayerusesa graphicaluserinterface(GUI) on thedesk-
topPCto view theaugmentedsceneandto performa limited num-
berof actions,suchasstartingthegame.

The major modeof interactionwith the gameis the construc-
tion of new platformswhentheplayeraddsreal,planarobjectsinto
the scene.Oncea new object is addedto the scene,the player is
expectedto move the cameraaroundthe sceneand map a set of
featureson the objectsurface. This setof featuresallows the sur-
faceto bediscoveredasa new planeby theSLAM systemandit is
thenrecognisedasanewly constructedplatformby thegame.

4.2 Results and Discussion

Althoughthegameplayis relatively simple,thedynamicconstruc-
tion of surfacesin thegameworld by physically addingunprepared
objectsto an unpreparedaugmentedreality sceneprovidesan in-
terestingnew form of interaction,which is dif�cult to achieve with
othertrackingsystems.In particular, planesdynamicallygrow as



morefeaturesarediscoveredon theplanarsurface,so theplayer's
control of thecameramotionalsoprovidessomemeasureof con-
trol over theconstructionof thesceneoncenew objectshave been
added.Thegamedemonstratesthatit is possibleto addnew objects
to thesceneat runtimeanddiscover them,however, thecurrentim-
plementationassumesthat thealreadymappedobjectsremainsta-
tionary. This is somethingthatcanbeimprovedin future.

4.2.1 Performance

Thegame,includingSLAM systemupdates,planediscovery, game
logic and rendering,runs at a stableframerateof 15-20 fps for
SLAM mapswith up to 50 features. This is fast enoughfor the
userto have real-timeinteractionwith the game. The framerate
begins to fall as the numberof featuresgrows beyond 50, dueto
thecomputationalcostof updatingtheSLAM systemeachframe,
which grows asO(n2), wheren is thestatesizeof theSLAM map.
However, 50 featuresis enoughto add several real planesto the
sceneandallows a reasonablegameplayexperience.Performance
improvesonsystemswith bettergraphicshardwareandthereis also
scopefor runningtheSLAM systemin aseparateprocessingthread
onamulti-coreprocessorto obtainperformanceimprovements.

4.2.2 Accuracy

The absoluteaccuracy of the cameraposehasnot beenmeasured
against ground truth. In general,the registration of the virtual
graphicswith therealsceneappearsgood(seeFig. 3 (middle)and
also companionvideo material1). Registrationis poor when the
camerais movedtoofast,asthesystemmaytemporarilylosetrack-
ing. Lossof trackingmay alsooccurif the camerais moved to a
posewhereonly a few featuresarevisible. This may occurif the
camerais pointedtowardsa region of thescenewhich hasnot yet
beenmapped,or if the cameraobserves mappedfeaturesfrom a
viewpoint which is very dissimilarto onefrom which the features
wereinitially observed, asthis makesmatchingof the featuresin
theimagedif�cult (seeFig. 3 (right)).

Thenormaldirectionsandrelativeheightsof theplanarsurfaces
canbeobtainedfrom theSLAM mapandcomparedwith truemea-
surementsof the scenetaken by handusinga tapemeasure.In a
singletestcase,thepositionof planescloseto thecalibrationtarget
werefoundto beaccuratewithin � 3:0cmof their truepositionand
their orientationwasaccurateto � 2:0� . Planesthat are far away
from thecalibrationtargetwill have greateruncertaintyunlessfea-
turesin thoseplanesaresimultaneouslyvisiblewith featuresonless
uncertainplanes.

Since we are working within a well-known gameplayframe-
work, the inferenceof planescanbe improved usingsomeexpert
knowledge.For example,in thecurrentgame,weknow thatweare
only interestedin discoveringhorizontalplanes.Therefore,wecan
ignoreany otherplaneswhich arefoundandreducethechancesof
addingpotentially incorrectplanarsurfacesinto the SLAM map.
This is helpfulbecausetheRANSAC procedureusedfor planedis-
covery is not ideal. Typically, only a small subsetof pointsin the
mapwill belongto any oneplane,so the datasetcontainsa high
proportionof noiseandit is possibleto �t planeswhichdonotcor-
respondto real,physicalplanesin thescene.

4.2.3 Recovery

Thesystemis capableof recovery from lossof tracking.TheSIFT-
likedescriptors[7] usedfor featurematchingaredistinctiveenough
to bematchedafterlossof trackingdueto shake or occlusion,pro-
vided that the camerahasnot moved too far from its last known
position.However, mismatchesarestill possibleandin somecases
thesecancausetrackingto belostpermanentlyif thecameraposeis
estimatedincorrectly. Onesimplesolutionis to have a mechanism
to resetthegamefollowing completelossof tracking.

1Seethispublication'sentryatwww.cs.bris.ac.uk/Publications

5 CONCLUSIONS

Thispaperpresentedamethodfor thediscoveryof planarstructures
on previously unseenobjectsand describedits applicationin an
augmentedreality gamewhereobjectsare dynamicallyaddedto
the gameenvironment. A simultaneouslocalisationandmapping
framework enablesthesystemto achievereal-timeinteractivity and
keepestimatesof cameraandsceneuncertainty, which allows the
effects of measurementsto be propagatedto all mappedfeatures
(pointsandplanes)evenif they areoutsidethecamera�eld of view.

The automaticdiscovery of higher level structures,such as
planes,in unpreparedenvironmentsis animportantsteptowardsen-
ablingmorecomplex interactionsbetweenrealandvirtual objects
in ad-hocinteractive augmentedreality applications.Futurework
includesthe possibility of beingmore�e xible in termsof objects
andstructuresthat canbe mappedandhow they canbe manipu-
lated.
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