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Abstract

This paper presentsa set of technolagies which en-
ablerohust, accurate high resolutionaugmentatiorof live
video, deliveled via a tablet PC to which a video cam-
era hasbeenattached. By combiningsereral technolagies
thisis achievedwithoutthe useof contrivedmarlersin the
ervironment: An outside-intracker observeghe tablet to
genemte robust, low-acculcy poseestimates.An inside-
out tradker running on the tablet observeghe videofeed
from the tablet-mounteccamer and provides high accu-
racy poseestimatesy tracking natural featuesin the en-
vironment.Informationfrom both of thesetrackers is com-
binedin an ExtendedKalmanFilter. Finally, to maximise
thequality of theaugmentedmagery, boundariesvheethe
real world occludesthe virtual imagery are identi ed and
anothertradker is usedto re ne the boundariesbetween
real and virtual imagery so that their synthesiss as con-
vincingaspossible

1. Intr oduction

AugmentedReality (AR) is thesynthesi®of realandvir-
tualimagery In contrasto Virtual Realitywheretheuseris
fully immersedin virtual imagery AR applicationsfunda-
mentallyrequirethe userto be aware of andofteninteract
with their physicalsurroundingsln anidealworld, anAR
systemshouldbe ableto augmenta users direct view of
the world with high resolutiongraphicsover a wide eld
of view with no error, lateng or jitter. Currentlythis tech-
nologyis not available (or if it is, a suitableacademidlis-
countis notoffered)andhenceavarietyof technologiesare
usedeachof which makes a differentcompromise. Opti-
cal see-througthead-mountedisplaysoffer a high resolu-
tion view of the realworld, but usuallysuffer from lateng
or jitter in the virtual imageryand require calibration for
eachuser Video feed-througtHMDs remove the needfor
perusercalibration, but are forcedto renderthe world at

low resolutionwith lateng/. Both classegreatlyrestrictthe
users eld-of-view.

Small, portabledisplayssuchas PDAs offer an alterna-
tive to this approach. Ratherthan augmentingthe users
view of the world directly, they actasthe view nder for a
videocameraandoperateby augmentinghevideofeedas
it is displayed(in a similar mannerto video feed-through
systems). The greatadwantageis that here, small laten-
ciesdo not matterand further, a hand-helddevice canbe
lessobtrusive thana head-mountedne. Unfortunatelythe
processingower andbandwidthavailableon PDAs is lim-
ited while tabletPCsoffer the performanceequiredfor sys-
temslike ourstoday Further the large screeravailableon
a tablet providesa bettermediumfor high resolutionaug-
mentations.

Thispaperdemonstratethatby combiningseveraltrack-
ing technologiesit is possibleo deliverrobustandaccurate
live video augmentatiorvia a tabletPC without the useof
arti cial ducials in thescene After reviewing relatedwork
inthe eld, thispaperrst introducesamathematicairame-
work which allows a transparenénd e xible manipulation
of pose,motion anduncertaintyinformation. This frame-
work is describedn Section3.

Next, anedgebasedrackingsystemcapableof real-time
operationon atabletPCis presentedSectiond). This sys-
tem employs a CAD modelof salientedgeswhich allows
it to producehighly accuratgposemeasurement®r subse-
guentvideo-seghroughaugmentationWhile this systemnis
very accuratefor estimatingsmall posechangesit cannot
copewith suddenlarge cameramotions. Therefore,a ro-
bustoutside-inLED trackeris employedto provideabsolute
measurementéSection5.) This tracker employs a novel
correspondencalgorithmto identify six LEDs mountedon
the backof the tablet. To correctlymerge the two sources
of poseinformation,Section6 describesheimplementation
of anExtendedKalmanFilter in termsof the mathematical
frameawork described.To evaluatethe performanceof the
trackingstrateyy describeda simple AR entertainmenap-
plicationis describedn Section7.



Section8 describesan algorithmto improve the quality
of the augmentediisualsby increasingthe accurag with
which virtual objectsareoccludedby realworld geometry
3D modelinformation availableto the edge-basedracker
is exploitedto re ne individual occludingedgesn the cap-
turedvideo image. Finally, section9 presentgesultsand
conclusions.

2. Background

Few tablet-basedystemsave beenpresentedhn thelit-
erature. Vlahakiset al. usea tabletas part of the larger
ARCHEOGUIDE project[16]. ARCHEOGUIDEaimsto
enhancehe experienceof visiting archaeologicasitese.qg.
by renderingreconstructionsf historicplacesn their orig-
inal locations. The projectinvestigateanultiple types of
AR apparatus:Head-mountedlisplaysare usedfor video
see-throughaugmentationswhile tablet and pocket PCs
areusedasreplacementsor paperguides. The tabletsare
equippedwith differential GPSanda compassandcanre-
play multimediastreamsappropriatego theuserslocation.

Zhu, Owenetal. presenthe PromoRd,anaugmented
reality shoppingassistanf23] usingvideosee-througlaug-
mentations.Registrationis marker-basedandbasedon the
Owenss earlierwork on ARToolkit markers[12]. Emphasis
is placedon the PromoRd's ability to detectcontext from
theuserslocation,andto updatethe presentednformation
accordingly For example,productsknown to be of inter
estto a customercan be highlighted, while lessdesirable
productscanbe hiddenthrough(diminishedreality).

Recentresearchinto PDA-basedAR hasoften beenfo-
cusedon enablingtechnologiesNotably, a port of the pop-
ular AR Toolkit to the pocket PC platform hasbeenpre-
sentedby Wagneret al. [18]. Although pure poseesti-
mation performanceof up to 15 frames/seds possibleon
an XScaleCPU, currentcameragannotsupply morethan
8 frames/sedo the CPU; neverthelessfully self-tracking
PDA applicationsusingthis frameawork have beendemon-
strated17]. MacWilliams etal. demonstratéhatPDAs can
in theory coexist with cornventionalworkstation-base@R
in a distributed AR framework [11], but have encountered
somerenderingperformancéssues.

The combinationof inside-outand outside-intracking
hasrecentlybeenstudiedby Satohet al. in [14]. Inside-
out ducial trackingis combinedwith outside-intracking
of singlepoint-like headmarkers. For the caseof only one
headmarker, measurementare combinedby constraining
theposeoutputfrom theinside-outrrackingto lie ontheline
from the outsidecamerathroughthe headmarler. If more
thanoneheadmarkeris usedthe sumsquarede-projection
error of all markersin all camerads used. The transfor
mationfrom the headmarkersto head-mountedameraas
well asthe positionof the outside-incameraareassumed

to be known. Baillot etal. demonstrate methodfor cal-
ibrating thesetransformationson-line from a few motion
correspondencén bothreferencdrameg[1].

Early approacheso determiningthe occlusionof real
andvirtual objectsinclude thoseof Wloka and Anderson
[22] andBreenetal. [4]. Both usestereoccamerago esti-
matea depthmapof theusersview, andusethis depthmap
to handlethe occlusionof augmentedisuals.Wloka moti-
vatesthis approactby pointingoutthatin mostAR applica-
tions, the assumptiorof anunchangingscenes unrealistic
becaus®f e.g.theusersinteraction.Breeninsteadstudies
the static casefurther by replacingthe on-line depthmap
with pre-registered3D modelsof occludingreal objects.

Bemer [3] doesnot explicitly estimatedepthand does
not use3D modelsof real occludinggeometry Rather an
estimateof occlusionregionsis built by tracking2D con-
toursfoundin theimage.By observingthe motion of these
countoursovertime, they canbelabelledasbeing®in front
of” or “behind” virtual imagery Impressve resultsarepre-
sentedfor sceneswithout comple textures. Lepetit and
Bemger[10] laterextendthisideato a high-accurag off-line
scenario;by tracking using userseededoccluding curves
througha video sequencea 3D reconstructiorof the oc-
cludingobjectis computed Theresultingaccuratesegmen-
tation of the sequencénto foregroundandbackgroundal-
lows virtual objectsto be insertedinto the video with high
precision.

Recentreal-timework occlusionhasfocusedon realob-
jectsdynamicallyoccludingvirtual ones. Fuhrmanret al.
usemaker-basechumanmotion captureto registerocclud-
ing usersin a collaboratve scene[6]. A transparen8D
humanoidmodelalignedto the motion-capturgoseis ren-
deredinto the z-buffer to occludescienti ¢ visualisationsn
a collaboratve application. This “phantom”is blurredfor
regionswhich are not directly tracked, e.g. the ngers of
users hands Fischeretal. detectobjectsoccludingobjects
by learningthe texturesof a static surroundingscene.By
comparingvideoinputto atexturedpredictede-projection,
occluderscanbeidenti ed. Furtherwork ontheapplication
of depth-from-stereto AR occlusiorhasbeenpresentetby
Kanbaraetal. [7].

3. Mathematical Framework

This sectionbrie y introduceshe mathematicaframe-
work employed. Pointsin 3D spacearerepresente@sho-
mogeneousoordinateof theform (x y z 1)T. Pointsare
transformedrom coordinateframe A to frameB by left-
multiplicationwith a4 4 Euclideantransformatiormatrix
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wherethe subscripBA maybereadas“B from A”. The
productEca = EcgEpga transformgpointsfrom frameA
to C andthetransformationfiave an inverseEABl = Ega.

Thematricestake theform
2 3

000 1

E:4

whereR is a rotationmatrix (jRj = 1, RTR = |) andt
is a translationvector The setof all possibleE forms a
representatiomnf the 6-dimensionalie Group SE(3),the
groupof rigid bodytransformationén R3.

With time, the transformationsbetween coordinate
framesmay changeandsuchachangds representedith a
motionmatrix denotedM :

Egajt+1 = MpEgajt 3)

where Mg representanotion in frame B and takes the
sameform asE in Eq. (2). M is parametrisedy a six-
dimensionamotionvector viatheexponentiaimap:for a
givenmotionvector g in frameB the correspondingno-
tion matrixis givenby

Mo = exp( s) e in ®© (4)

whereG; arethe groupgeneratomatrices. Choosing 1,
2 and 3 torepresentranslatiomalongthex, y andz axes

and 4, s and g to describerotationaroundtheseaxes,

thegeneratomatricestake the values
80800 8001 80808

Gi= 9000 G2 0000 G3= go01
0000 0000 0000

(5)
3898 3848 9488
- . — 0000 -

Gs= 0100 Gs= 1000166_ 0000

00O00O 00O00O0 00O00O0

Usingthis formulation,complex coordinatdrametransfor
mationsareeasilydifferentiable:

@—% (EceMgEga) = EcgGjEga: (6)
i

Motions canbe transformedrom one coordinateframeto
anotheritherasmatrices

Ma = Eag MgEga (7)

1Closedforms of boththe exponentialandthe log exist. Furtherinfor-
mationontheLie GroupSE(3)andits propertiesmaybefoundin [15].

or asmotionvectorsusingtheadjointoperator. Theadjoint
of atransformatiomatrixyieldsa6 6 matrix suchthat

A =Adj(Eas) B (8)
andtakesthevalue(writing the crossoperator)
. _ R t"R |
AdiB)= | g 9)

Often, the true value of a transformationmatrix is un-
known andonly anoisyestimate canbe obtained.In the
sameway as motionsare de ned in a speci ¢ coordinate
frame,errorsarealsorelative to aframe. Choosingw.l.0.g.
to represenerrorsin frameB, therelationshipbetweeres-
timateandtrue stateis written

Esa = exp( 8)Esa (10)
wherethe error6-vector is normallydistributed:
B N(O; B): (11)

Here g istheestimates6 6 covariancematrixin co-
ordinateframe B. It is sometimesdesirableto transform
covariancematricesfrom onecoordinateframeto another:
writing e.g. Eca = EcgEga, errorstransformlike mo-
tionsin Eq. (8)

c = Adj(Ecs) 8 (12)
for any samplefrom the errordistribution. It canbe shavn
thatcovariancematricesalsotransformwith theadjoint:

c= Adj(Ecs) sAdJ(E cs)™: (13)

Thisis shavn by equatingorobabilitiesfor the mappediis-
tribution,

1
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andnotingthat8E, jAdj(E)j= 1and(Adj (E)0=0) =)

(i Bl =] cj)soall denominatorsancel.Theresultin Eq.
(13) is obtainedby substitutingeg. (12) andrearranging.

If the errorsin 10 wererepresentedh frameA instead
of frameB,

[N

T 1
B B

(14)

éBA = EBA EXp( /_\) (15)
thenthedistribution of 4 is differentfrom thatof g. For
example, an ambiguity in rotationin coordinateframe B
correspondso a coupledtranslationand rotationambigu-
ity in coordinateframeA . For thisreasonit is necessaryo
know how to transformcovariancematricesfrom onecoor
dinateframeto another

In the remainderof this paper the following coordinate
framesareused:

W : World (i.e. Model)

C Tablet-mounted¢amera(z=opticalaxis)
T : Backof tablet(x; y in planeof tablet)

S Camergsensorpbservingablet



4. Inside-out edgetracking

This sectiondescribeanedge-basettackingsystemby
which the poseof a tablet-mountedamerds tracked. The
edge-basettackingsystememployed haspreviously been
appliedto HMD-basedAR [9]; whatfollows hereis a brief
review of thesystems operation.Videoat640 480 8bpp
and30Hzis capturecby a re-wire cameramountedto the
top of thetablet.

The trackingsystememployed relieson the availability
of a 3D modelof the sceneto be tracked. This 3D model
mustdescribesalientedgesandary occludingfaces. Us-
ing a predictedestimateof camergpose,an estimateof the
tabletcameras view of the modelcan be projectedat ev-
ery frame: a point in the world referenceframe xw =
(xw Yw zw 1)T projectsinto theimageas

= CamProj Eqy Xw (16)
whereE,, is apredictedposeestimatej.e. the transfor
mation from the world coordinateframe W to the tablet
cameracenteredrameC. This predictionmay be the pre-
viousframe's posterior or couldbe obtainedirom the Iter
describedn Section6. The projectionfrom cameraframe
to imagecoordinatess modelledby

0 1
« 0
CamProj%iﬁz f(;’ fO Yo @
v
1

with r = P (x=2)2+ (y=2)2; r%=r+ r 3+ r®tocom-
pensatdor radial lensdistortion. The relevant parameters
for thecamerausedareknown. Figurelashavsanexample
videoframecapturedoy the camerawith the systems pose
estimataenderedverit. In thisimage therenderednodel
is not correctlyalignedwith the videoimage:theaimis to
computeacameramotionM ¢ whichwill properlyalignthe
modelto give the posteriomposeestimate:

Ecw = McEqy (18)

To calculatehismotion,samplepointsareinitialisedalong
the visible modeledges.From thesepoints, perpendicular
searchedor the nearestvideo imageedgeare performed.
This stepis illustratedin Figure 1b, in which white lines
representhe perpendiculadistancedo the nearesimage
edge.Thisdistancaneasurgwhichis assumedo benoisy)
is written & for theith of N samplepoint. Next, Eq. (16)
is differentiatedw.r.t. the parametersf the motionM ¢ to
obtainaN 6 JacobiammatrixJ suchthat

[
@
Jij = ——
) @Cj

e

= (19)

@

Figure 1. Edge Tracking: a) Prior, b) Measure-
ment c¢) Posterior

wheren; is the edgenormalfor theith samplepoint. The
requiredmotionM¢ = exp( ¢) maythenbefound after
solutionof theequation

Jc=d (20)
which for standardeast-squarégakesthe form
c=Jvd=@Q7y) WTd (21)

An estimateof the accurayg of the motionvector ¢ is
requiredto usethe poseestimategprovided by this system
in a statistical Iter . To calculatethis,imagemeasurements
areassumedo be corruptedby independenGaussiamoise
of 1 pixel standarddeviation:

d=d+ ; N (0;1n) (22)

Rewriting Eqg. (21) in termsof noisy measurementd' the
noisy motionestimatds givenby

ne= JVd (23)
Thecovariancecanbefoundusingexpectation:
Eh(AC (e 1)
E V4 Jvd)avd J3va)T
E (V)37 )'
JE T I
ORI (24)

C

Our previouswork [9] usedinertial sensorgo dealwith
the large motionsof a head-mountedamera.By contrast,
the tablet-mounteccamerausedhere undegoesrelatively
moderatemotion. Further while both visual and inertial
sensorsn our previous work producedonly relative mea-
surementsthe external tracking of Section5 provides a
sourceof absolutemeasurementsOccasionalfailures of
the edge-basetrackingarethereforetolerableandfor this
reasor(andto save weightandbulk) theinertial sensorsle-
scribedin [9] arenot usedwith thetabletPC.

2|n practicean M-Estimatoris usedinstead.



5. Outside-in ducial tracking

Themarker-lessinside-outrackingdescribedn thepre-
vious sectiondependson an approximateprior posees-
timate, and cannotoperateif this prior poseis corrupt.
To complementthis, a secondsourceof poseinformation
shouldnot requireinformationfrom the past,but calculate
afreshposeestimateat every singleframe.

We attach ducials to the backof thetabletPCandob-
senethesewith acamerax edin theworld. Infra-redLEDs
arechosenras ducials asthey have anumberof advantages
over larger printed marlers: their small size makesocclu-
sion by userslesslikely; their sizein the image changes
insubstantiallywith distance;nally , usinganinfra-red I-
terwith the sensorcamerasthey arevery easyto nd in an
imageandfalsepositive rates(duringindooroperation)are
negligible.

The disadantageof using LEDs is thatin contrastto
papermarkers which can have unique patternsprintedin
them,LEDs cannotbe distinguishedy appearancéihile
it is possibleto strobel EDsto determingheiridentity[21],
this requiresinformationto be meigedover mary frames,
whereasverequireafull poseestimateeachframe.Instead,
LEDs areidenti ed basedon their relative positionsin the
image. Six co-planarLEDs are mountedto the backof the
tabletwith known positions(Fig 2a).

In anof ine procedurefour LEDs areselectedFig 2a)
andwarpedto a unit square(Fig 2b) with a plane-to-plane
homog[aphy The warpedpositionsof the remainingtwo
LEDs( ) form acharacteristiof this permutationwhich
is storedin atable. Thetableis lled for all 120 permuta-
tionsfor which four LEDs form corvex planarshapes.

At runtime, LEDs are detectedn a 768x288greyscale
imageby thresholding. After removing the effectsof lens
distortion,four of six LEDs detectedn theimageareran-
domly selectedFig 2c). For eachpermutatiorin thestored
table,the two characteristigositionsfrom the unit square
are warpedinto the image plane and the error to the re-
maining detectedLEDs is measuredFig 2d). The per
mutationwith bestconsensuyields the identity of the de-
tectedLEDs. This systemcopeswith the occlusionof a
single LED: beyond this no uniqueidenti cation is possi-
ble. While it is possibleto establishcorrespondencasing
informationfrom pastframesor a prior ([2]) thisis not at-
temptecdhere.

After LED identi cation, tablet frame coordinatesof
theform xt = (xt yr 01)T of the selected_.EDs are
known. The image locationsare un-projectedby the in-
verseof Eq.(16)to giveimageplanecoordinate®f theform
(u°v01)T. Theplane-to-plandiomographyH suchthat

ONEE ®
D @ g O
ORENIS | |
©®
Training: Warp measured locations to unit square
c d
OR ®-
por RO Poe e
T® ®

Matching: Warp into detected image and measure distance

Figure 2. LED Matching procedure
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(25)
is foundusingstandardechniquesFromthis homography
it is possiblgo obtainanestimateof the4 4transformation
matrixEst whichtransformd.ED coordinates 1 into the
LED cameraframeS: sucha methodis presentec.g. by
Kato and Billinghurst [8], and a similar approachis used
here.

This poseestimateis thenre ned for thefull projection
modelandall identi ed LEDs. Writing there nementasa
smallmotionM

égT = EST nMT: (26)
There-projectionof the LEDs into theimage

4]

0 EQr X1 (27)

= CamProj
canthenbedifferentiatedo form a2N 6 Jacobiammatrix
J, where

@ | @
@—Tj, J2|+1 g —@Tj . (28)

Thismatrixis usedto minimisethere-projectiorerrors(
u;¢ v)asin Eq. (23). Analogouslyto Eq. (24), image
locationsare assumedtorruptedby independentsaussian
noisewith = 1 pixel. The covariancein thetabletframe
of the nal poseestimatds thus

T=(Q7T) N (29)

Jzi;j =



6. Filtering

To combinethe measurementsom the tablet-mounted
cameraandary x edcamera®bservinghe LEDs mounted
onthebackof thetablet,an ExtendedKalman lter is em-
ployed. This sectiondescribeghe stepsrequiredto lter
the two sourcef poseinformationused. To aid readabil-
ity thenotationhereis looselybasednWelchandBishop's
excellenttutorial [20] onthe lter.

The Iter usedtracks12 degreesof freedom:the 6DOF
tabletcameraposeits 6DOF velocity. However, the Iter
statex is not storedasa 12-vector Poseis represente@ds
the transformatiommatrix Ecw while velocity is storedas
a 6-vectorvc in coordinate-frameC. Then,for timet, the
Iter' sestimateR; of theactualsystemstatex; is

n o
Rt = I‘échH STI (30)

Thestateestimaterelateso thetrue stateas

éCth = exp( pose) Ecwit : (31)

Yt = vel T Vit

Thestateerror12-vector ¢, attimet isthus

pose (32)

cjt =
vel

andis modelledasnormallydistributed
gt  N(O;Py): (33)

whereP; is the lter' s stateerrorcovarianceattimet.
Usinga constant-elocity model,the Iter' stime update

equation(sansunknavn noiseanddriving function but pa-

rameterisedy elapsedime t) is usedto provide a prior

estimateof future state:
n o]

R, = TR )= exp(¥ge Ecwit; Yor : (34)

Thecorrespondingrior statecovariances

Pt-+t:APtAT+ 2 00

b0 g (35)

where |, is the systems processnoise parameterand A
takesthefrom
_ le tle
A= 0 I (36)
in accordancevith the systemdynamics.

To integrateposemeasurementsom the sensorsised,
theseposemeasurement8” areconvertedto aninnovation
motion which describeghe motion from the Iter' s prior
stateto the posedescribedy themeasurement:

Mc = égw I‘:A(-:th+ tl (37)

Further the measuremers'covariance . is transformed
into the lter' s referenceframe and usedto computethe
KalmangainK. Droppingthesubscript + t,

- - m 1
K=PHT HPHT+ (38)

wherematrixH = [l¢ 0]. The posteriorposeis found by
weighting the innovation motion by the Kalman gain and
applyingtheresultto theprior pose:

Ecw = exp(K log(Mc)) Ecy (39)
andthe posteriorcovariances foundas

P=(lg KH)P: (40)

Sincetheinside-outtrackingof Section4 producegose
measurementsf theformfEcw; cg (c.f. Eq. (18,24)),
thesecan be directly Itered asdescribedabove. On the
otherhand,the LED trackingsystemdescribedn Section5
producegposeestimate®f theformfErs; 1 g; for these
measurement® be Itered they must rst betransformed
into the Iter' scoordinateéframe.

For this purposeknowledgeof thetransformation& ¢t
(Tabletcamerafrom tabletback)andEsw (LED tracking
camerdrom world) is required.Providing thetabletcamera
isrigidly attachedo thetabletandthesensocameraigidly
mountedin the world, thesetransformationsnay be con-
sideredx edandneedbecalibratedonly once.While these
transformationgan not be directly measuredthey canbe
calculatedby observingthe changesn thetwo sensomea-
surementsChainingtogetheitransformations,

Esw = EstEtcEcw: (41)

Insertinganobsenedmotionin thetabletcamerdrameM ¢
and a simultaneouslyobsened motion in the tablet back
frameM 1, this chainremainsvalid:

EstEtcEcw

Esw = EstMTETcMcEcw
Mt ETcMc =
MrtErc =

Etc
ErcMc* (42)

Baillot etal [1] haverecentlyidenti ed this problemasone
studiedin roboticsasAX = X B. A closedform solution
which can generatean estimatefor E1 ¢ from to a mini-
mum of two setsof motionmeasurementxists[13] andis
alsousedhere.OnceE 1 ¢ (andthus,simultaneouslyE sy )
hasbeenobtainedmeasurementsom LED trackingcanbe
transformednto thetabletcamerdrame

Egv% = E;¢ETsEsw (43)
c = Adi(E;d) TAdI(E; QT

and so measurementBom both inside-outand outside-in
trackingare accommodatedThis completeshe equations
requiredfor operationof the Iter .



Figure 3. Tablet PC with attac hed camera, and
close-up of two LEDs mounted on back

Figure 4. Left, overview of game. Right, play-
ers can trap ghosts by throwing coins into the
game

7. Tablet-basedAR

The edge-basettackingof Section4 wasimplemented
on an HP CompaqTC1100tablet PC, picturedin Figure
3. This device usesa 1GHz ULV Pentium-M processar
A 10" screenwith 1024x768pixelsis drivenby an NVidia
Geforced4420 Go graphicsacceleratarVideoinput is pro-
vided by a Fire-i cameratted with awide-angldens. Un-
fortunatelythe PCMCIA re-wire card usedprovidesno
power, sothe camerais wired up to draw power from the
USB port, andthis alsoprovidescurrentto the six infra-red
LEDs attachedo the backof thetablet.

The LEDs are tracked using one or more standard
monochromePAL video camerasoperatingat eld rate
(50Hz.) Infra-red transmissie lters are attachedto the
lensesto block out mostof the visible spectrum:The im-
agesproducedby thesecamerasare solid black with only
the LEDs shaving as white dots. The camerasare con-
nectedto video capturecardsin a standardvorkstation(2

2.4GHz.) ThismachinerunstheLED trackingdescribed
in Section5 andthe statistical Iter of Section6. Measure-
mentsand posepredictionsare exchangedbetweenwork-
stationandthe tabletPC by wirelessnetwork, andthe two
machinesclocksaresynchronisatiomo sub-millisecondic-
curag/ by aggressie NTP polling.

A prototypeentertainmenapplicationis in development

to evaluatetracking performance.This applicationis cen-
teredarounda real-world 0.8 0.8m playing eld resem-
bling a large “Cluedo” board. Figure4 shaws the playing
eld, thetabletPC andone of the LED-trackingcameras.
The eld is dividedinto roomsby thin verticalwalls: the3D
locationsof thesewalls areknown andform the 3D model
whichtheedge-basettackingsystenrequires.

The player guidesa virtual characteraroundthe real
world usingthetablet's pento pointattargetpositions.The
aim of thegameis to collectitemsfrom roomswhile avoid-
ing contactwith virtual ghostscontrolledby the computer
Ghostscan be removed from the gameby throwing ghost
trapsinto their path: The playerachievesthis by physically
throwing coins into the playing eld, whereuponghosts
(and unfortunateplayers)in proximity of the landedcoin
aresucledinto avirtual vortex. Coinsaredetectedisinga
ceiling-mountedcamera:this is connectedo the worksta-
tion which employs backgroundsubtractiorandanad-hoc
circle detector Theimagelocationof the detectedcoin is
mappednto the playing eld andtransmittedto the tablet
PCwhichrunsthegamelogic.

To provide augmentediisuals,the tabletPC operatesa
track-renderoop. For eachvideo frame receved by the
camera,tracking as describedin Section4 is performed.
ThisyieldsaposeestimateE oy Whichis usedo renderthe
augmentediisuals. Renderings performedusingacceler
atedOpenGL However, sinceawide-angldensandprojec-
tion modelwith radialdistortionterms(Eq. (17)) areused,
the augmentedgraphicscannotbe rendereddirectly into
theframe-huffer: instead the texture-mappingapproactof
Watsonand Hodges[19] is employed, wherebygeometry
is rst renderedvithout radial distortion,andthe rendered
imageis subsequentlyarpedusingatexturedgrid.

For video see-throughthis requiresa GL visual with
destinationalpha support. Each frame, the z-buffer is
clearedandthe frame-tuffer settransparentNext, the ge-
ometryusedfor edgetrackingis renderedvithoutdistortion
into the z-buffer only. This senesto correctlyoccludethe
augmentedvisuals, which are renderedwithout distortion
into thez andcolourbuffers. Theframeluffer, now contain-
ing only the augmentedisuals(player, ghostsetc.) overa
transparenbackgroundjs copiedinto a texture map. The
framehuffer is thenoverwrittenwith the video cameram-
age. Finally, the just generatedexture mapis drawn over
the videoimageusinga 20x20quadmesh(whosevertices
have beendistortedin accordancevith the lensdistortion)
to form the nal compositedscene.

8. Occlusionre nement

In augmentedeality, virtual objectsare often placedin
therealworld. To appearelievable,theseobjectsshould
notonly bewell-registeredwith therealworld, they should



alsooccludereal objectsbehindthem,andbe occludedby

realobjectsin front. Theaccurag of this occlusiongreatly
affectsthe users perceptiorthat the virtual objectbelongs
in thescenelf toomuchis occludedhevirtual objectlooks

like a cardboardcut-out. If too little is occluded,this de-

stroysthedepthcues.

This occlusionis oftenresohed by z-buffering: by pop-
ulating the z-buffer with an estimateof the real world's
depth, occlusionof the subsequentlyenderedvirtual ob-
jectsis automaticallyhandledby the renderinghardware.
The z-buffer canbe lled with informationgeneratedrom
a stored3D model and a poseestimate(c.f. [4] andthe
approachin the previous section)or datageneratean-line
(usinge.g. depthfrom stereo[22]). Whichever methodis
used thevaluesin the z-buffer will occasionallynot corre-
spondto the real depthin the scene,and occlusionerrors
will occut

Consideringonly those systemswhich assumeknowl-
edge of the occluding real geometry the most obvious
sourceof error is an inaccuratemodel of this geometry
However, evenif the modelis accuratefrackingerrors(or
jitter) or incorrectprojection parametersan produceno-
ticeableocclusionerrorsin theimage. This is particularly
true of systemsn whichthetrackedfeatureandtheocclud-
ing geometryare someimagedistanceapart: in this case,
ary small rotationaltracking error producesan ampli ed
occlusionerror. By trackingthe visible edgesn the scene
to obtainpose,our systemis alsooptimisingfor thosefea-
tureswhich causeocclusionand this goesa long way to
providing agoodlevel of realism.However, the systenstill
producessubstantiabcclusionerrorson occasion. Figure
5ashavs anexamplein which the occludingwall hasbeen
renderednto the z-buffer too far to the right, so that too
muchof the virtual characteis occluded.Eventhoughthe
positionof the occludingwall was measuredluring track-
ing, it is drawnin thepositionwhichis best ts all measured
edges.To solwe this problem,an approacthasbeendevel-
opedwhichoptimisegshemodelledocationof anoccluding
edgeusingmeasurementsom that edgeonly. To achieve
this,therenderingprocessiescribedn the previoussection
mustbemodi ed:

As before,the frame-huffer is clearedto be transparent.
However the z-buffer is no longer populatedby rendering
theentireoccludingmodel;insteadyirtual geometryis oc-
cludedobject by object. For eachobiject, the potentially
occludingworld geometryis identi ed. Thistaskis simpli-
ed by the structureof the world modelused,which con-
tainsonly verticalwalls. Onceanoccludingwall hasbeen
identi ed, it is projectedto a clipping polygonin theimage
plane. The object-occludingsidesof this polygonarethen
optimisedby searchingn thevideoimage.Figure5bshavs
this optimisation,aswell asthe non-occludingedgesof the

clipping polygondrawn assolid lines.

Figure 5. Occlusion renement. a) No oc-
clusion re nement: too much of the virtual
object is clipped, b) clipping polygon is re-
ned through image search, c¢) character is
rendered and clipped with re ned polygon,
d) composited scene.

At this point, clipping thevirtual objectcouldsimply be
performedby renderingthe clipping polygoninto the sten-
cil buffer and using this as a maskfor renderingthe vir-
tual object.Howeverthis would producea very sharpedge,
whereagdgesn thevideoimageareslightly blurredby the
cameraoptics. This producesanunrealisticandjarring con-
trast. It is preferableo clip thevirtual objectwith aslightly
graduatedkdgeto blendit into theblurredvideoedge.

To achieve this blendingeffectit is necessaryo rst ren-
derthe objectunclipped,andto subsequentlypverwrite its
alphachannelwith a modi ed clipping polygon. Theclip-
ping polygonhastheoccludingedgedransformednto thin
guadswhich aretransparenalongonesideandopaqueon
the other OpenGLinterpolateshis into a smoothalpha-
graduatedccludingedge. The stencil buffer canbe used
to ensurethat the clipping polygon only overwrites pix-
els which weredrawn by the correspondingirtual object.



Figure 5¢ shaws a clipped virtual object. The nal scene
is compositedasdescribedn Section7, andis picturedin

Figure5d, shaving substantialmprovementover the com-
positeshovn in Figureba.

9. Results
9.1 Real-time performance

Thefull AR systemdescribedn Sections7 and8 oper
atesat between25 and 30 framesper secondon the tablet.
CPU usageon the tablet registersat 60%. We expectto
achieve consistenBB0 framesper secondoerformancewith
someoptimisationof graphicscalls. On the workstation,
LED tracking, ltering andcoindetectiorrunatfull frame-
rateandoccupy atotal of 15% of processotime.

9.2 Errors

Trackingjitter wasevaluatedby keepingthetabletstatic
andobservinghenoisein incomingmeasurementdypical
RMSjitter valuesfor the edge-basedndLED trackingare
takulatedin Table 1. Trackingjitter reducesthe apparent
registrationof real andvirtual objects,with virtual objects
appearingo wobbleon a staticbackground.

Edges LEDS
‘ Trans/ Rot ‘ Trans/ Rot
Jitter(mm/deg) | 1.1  0.17 5 0.5
(mm/deg) ‘ 1.0 0.15‘ 8 2.85

Table 1. Tracking jitter compared to estimated
standar d deviation

The obsened jitter of the edge-basedracking agrees
with the expectederror The LED measurementyield
lower obseredjitter thanthe expectederror. Thisis likely
to be dueto the factthatthe LED centroidsin the image
can be extractedto sub-pixel accurag andthe =1 pixel
assumptionn Section5 is overly pessimistic.

A systematicerror betweenLED measurementsnd
tablet camerameasuremente/as obsered in somesitua-
tions. Dependingonthe positionof thetabletin the playing
volume,this errorwasaslargeas2cm. It is likely thatthis
errorsis causeddy inaccuraciesn the calibrationof E gy
andEr ¢ anderrorsin camergparametevalues.

9.3 Dynamic performance

A video le demonstratingracking performancds en-
closed.In thisvideo,thetrackededgesarerenderednto the
sceneto allow visual inspectionof tracking performance.
During normaloperationtheseedgesarenot rendered.

In standaloneperation the edgebasedtracking of the
tabletcameras proneto failure on rapid motions. Further
thereis a possibility of the edgebasedrackingfalling into
local minima. Thesefailure mechanismareillustratedin
theenclosediideo le.

The LED tracking doesnot suffer arny adwerseeffects
from rapid motion. The LEDs are bright enoughthat the
LED cameras exposuretime canbe setto a smallenough
valueto eliminatemotionblur. However, the LED tracking
by itself is notaccurateenoughto properlyregistertheaug-
mentedvisuals. This is dueto boththe systematigoseer-
rorsdescribedabove andtherelatively largetrackingjitter.

When edge-basetrackingand LED tracking are com-
bined,the LED tracking'sinitialisationis for the mostpart
sufcient to allow theedge-basettackingto corverge. Re-
coveryfrom totaledge-trackindailureis possibleaslongas
the LEDs arein view of theobservingcameralt shouldbe
notedthis volumeis largerthanappearsn theresultvideo,
in which thetabletis tetheredor Iming.

The systematicerror describedabove can produceos-
cillatory behaiour in the systemstate. However, sincethe
augmentedisualsarerenderedisingtheedgetrackingpos-
terior, this oscillatory behaiour of the stateis not observ-
ablein the AR display- thereis however a small probabil-
ity thatatary givenframe,edge-trackingvill notcorverge
correctly andthis causesccasionabne-frameglitchesin
thedisplay Initial attemptgo adaptvely weight[5] thein-
novationsof the differentsensordn the EKF have shovn
greatpotentialin reducingthis oscillation. Simultaneoulsy
re-corvergenceafter edge-trackindailure canbe spedup.
Thisis anareaof futurework.

9.4. OcclusionRe nement

The accompaying video le demonstratethe effect of
occlusionre nement. In most scenesthe use of occlu-
sionre nementis bene cial to the compositedcappearance.
Howeverfor somecon gurationsthere nementintroduces
new errors.In particularthisis thecasedf anoccludingedge
in theimageis very low-contrastandin closeproximity to
othertexture edgesor shadavs. In this casethe edgeposi-
tion re nementcornvergeson anincorrectedge,producing
large, oftendynamic,andmostly very noticeableocclusion
errors.Somepreliminaryefforts to reducetheseerrors(the
useof M-estimationandtheimpositionof zero-motiorpri-
ors on an edges displacementind rotation) have reduced
thelikelihoodof sucherrors butthereremainsscopeor im-
provement(by e.g. usingalternatve line- tting techniques,
informationfrom previousframesor adjoiningedges.)

In theabsencef correspondenchailures,the occlusion
re nementsystemenhanceshe appearancef the compos-
ited scene. In particulay the visible effect of trackingjit-
ter canbe reduced. Further the “crawling jaggies” effect



when occludingedgesare nearhorizontalor nearvertical
is mostly eliminatedby the alpha-blendedtlipping proce-
dure.

9.5. Conclusion

This papethasdemonstratethefeasibility of robustand
accurateAR on a tablet PC without the use of markers
placedn thescene Thecomplementargtrength®f inside-
out edge-basedracking and outside-inLED tracking are
combinedin an ExtendedKalman Filter, usinga powerful
mathematicalramavork which facilitatesthemanipulation
of noisydatafrom differentreferencdrames.

Further this papethasshavn thatby ne-tuning individ-
ual occludingedgesin theimage,the apparentegistration
of virtual objectsin therealworld canbe greatlyimproved.

In direct comparisorto PDAs, the tablet(1.4kg)is un-
comfortablyheary to hold one-handedor extendedperi-
odsof time. Further the device becomegatherhot. It is
expectedthatastabletPCsbecomdighterandPDAs more
powerful, full frame-ratehandheldAR will becomea very
practicalpossibility.
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