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Abstract

This paper presentsa set of technologies which en-
ablerobust,accurate, high resolutionaugmentationof live
video, delivered via a tablet PC to which a video cam-
era hasbeenattached. By combiningseveral technologies
this is achievedwithout theuseof contrivedmarkers in the
environment: An outside-intracker observesthe tablet to
generate robust, low-accuracy poseestimates.An inside-
out tracker running on the tablet observesthe video feed
from the tablet-mountedcamera and provideshigh accu-
racyposeestimatesby tracking natural featuresin theen-
vironment.Informationfrombothof thesetrackers is com-
binedin an ExtendedKalmanFilter. Finally, to maximise
thequalityof theaugmentedimagery, boundarieswherethe
real world occludesthe virtual imagery are identi�ed and
another tracker is usedto re�ne the boundariesbetween
real and virtual imagery so that their synthesisis as con-
vincingaspossible.

1. Intr oduction

AugmentedReality(AR) is thesynthesisof realandvir-
tual imagery. In contrastto Virtual Realitywheretheuseris
fully immersedin virtual imagery, AR applicationsfunda-
mentallyrequiretheuserto be awareof andoften interact
with their physicalsurroundings.In an idealworld, anAR
systemshouldbe able to augmenta user's direct view of
the world with high resolutiongraphicsover a wide �eld
of view with no error, latency or jitter. Currentlythis tech-
nology is not available(or if it is, a suitableacademicdis-
countis notoffered)andhenceavarietyof technologiesare
usedeachof which makesa differentcompromise.Opti-
cal see-throughhead-mounteddisplaysoffer a high resolu-
tion view of therealworld, but usuallysuffer from latency
or jitter in the virtual imageryand requirecalibrationfor
eachuser. Video feed-throughHMDs remove theneedfor
per-usercalibration,but are forced to renderthe world at

low resolutionwith latency. Bothclassesgreatlyrestrictthe
user's �eld-of-view.

Small,portabledisplayssuchasPDAs offer an alterna-
tive to this approach. Ratherthan augmentingthe user's
view of theworld directly, they act astheview�nder for a
videocameraandoperateby augmentingthevideofeedas
it is displayed(in a similar mannerto video feed-through
systems). The great advantageis that here, small laten-
ciesdo not matterand further, a hand-helddevice canbe
lessobtrusive thana head-mountedone. Unfortunatelythe
processingpowerandbandwidthavailableonPDAs is lim-
itedwhile tabletPCsoffer theperformancerequiredfor sys-
temslike ourstoday. Further, the largescreenavailableon
a tabletprovidesa bettermediumfor high resolutionaug-
mentations.

Thispaperdemonstratesthatbycombiningseveraltrack-
ing technologies,it is possibleto deliverrobustandaccurate
live videoaugmentationvia a tabletPC without theuseof
arti�cial �ducials in thescene.After reviewingrelatedwork
in the�eld, thispaper�rst introducesamathematicalframe-
work which allows a transparentand�e xible manipulation
of pose,motion anduncertaintyinformation. This frame-
work is describedin Section3.

Next, anedgebasedtrackingsystemcapableof real-time
operationon a tabletPCis presented(Section4). This sys-
tem employs a CAD modelof salientedgeswhich allows
it to producehighly accurateposemeasurementsfor subse-
quentvideo-seethroughaugmentation.While thissystemis
very accuratefor estimatingsmall posechanges,it cannot
copewith suddenlarge cameramotions. Therefore,a ro-
bustoutside-inLED trackeris employedto provideabsolute
measurements(Section5.) This tracker employs a novel
correspondencealgorithmto identify six LEDsmountedon
thebackof the tablet. To correctlymerge the two sources
of poseinformation,Section6describestheimplementation
of anExtendedKalmanFilter in termsof themathematical
framework described.To evaluatethe performanceof the
trackingstrategy described,a simpleAR entertainmentap-
plicationis describedin Section7.
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Section8 describesanalgorithmto improve thequality
of the augmentedvisualsby increasingthe accuracy with
which virtual objectsareoccludedby realworld geometry.
3D model informationavailable to the edge-basedtracker
is exploitedto re�ne individualoccludingedgesin thecap-
turedvideo image. Finally, section9 presentsresultsand
conclusions.

2. Background

Few tablet-basedsystemshavebeenpresentedin thelit-
erature. Vlahakiset al. usea tabletas part of the larger
ARCHEOGUIDEproject [16]. ARCHEOGUIDEaimsto
enhancetheexperienceof visiting archaeologicalsitese.g.
by renderingreconstructionsof historicplacesin theirorig-
inal locations. The project investigatesmultiple typesof
AR apparatus:Head-mounteddisplaysareusedfor video
see-throughaugmentations,while tablet and pocket PCs
areusedasreplacementsfor paperguides.The tabletsare
equippedwith differentialGPSanda compass,andcanre-
playmultimediastreamsappropriateto theuser's location.

Zhu, Owenet al. presentthePromoPad,an augmented
realityshoppingassistant[23] usingvideosee-throughaug-
mentations.Registrationis marker-basedandbasedon the
Owen'searlierwork on ARToolkit markers[12]. Emphasis
is placedon thePromoPad's ability to detectcontext from
theuser's location,andto updatethepresentedinformation
accordingly. For example,productsknown to be of inter-
est to a customercanbe highlighted,while lessdesirable
productscanbehiddenthrough(diminishedreality).

Recentresearchinto PDA-basedAR hasoftenbeenfo-
cusedonenablingtechnologies.Notably, a port of thepop-
ular AR Toolkit to the pocket PC platform hasbeenpre-
sentedby Wagneret al. [18]. Although pure poseesti-
mationperformanceof up to 15 frames/secis possibleon
an XScaleCPU,currentcamerascannotsupplymorethan
8 frames/secto the CPU; nevertheless,fully self-tracking
PDA applicationsusingthis framework have beendemon-
strated[17]. MacWilliams etal. demonstratethatPDAs can
in theorycoexist with conventionalworkstation-basedAR
in a distributedAR framework [11], but have encountered
somerenderingperformanceissues.

The combinationof inside-outand outside-intracking
hasrecentlybeenstudiedby Satohet al. in [14]. Inside-
out �ducial tracking is combinedwith outside-intracking
of singlepoint-likeheadmarkers. For thecaseof only one
headmarker, measurementsarecombinedby constraining
theposeoutputfrom theinside-outtrackingto lie ontheline
from theoutsidecamerathroughtheheadmarker. If more
thanoneheadmarker is usedthesumsquaredre-projection
error of all markers in all camerasis used. The transfor-
mationfrom theheadmarkersto head-mountedcamera,as
well asthe positionof the outside-incamera,areassumed

to be known. Baillot et al. demonstratea methodfor cal-
ibrating thesetransformationson-line from a few motion
correspondencesin bothreferenceframes[1].

Early approachesto determiningthe occlusionof real
andvirtual objectsinclude thoseof Wloka and Anderson
[22] andBreenet al. [4]. Both usestereocamerasto esti-
mateadepthmapof theuser'sview, andusethisdepthmap
to handletheocclusionof augmentedvisuals.Wloka moti-
vatesthisapproachby pointingoutthatin mostAR applica-
tions,theassumptionof anunchangingsceneis unrealistic
becauseof e.g. theuser's interaction.Breeninsteadstudies
the staticcasefurther by replacingthe on-line depthmap
with pre-registered3D modelsof occludingrealobjects.

Berger [3] doesnot explicitly estimatedepthanddoes
not use3D modelsof real occludinggeometry. Rather, an
estimateof occlusionregionsis built by tracking2D con-
toursfoundin theimage.By observingthemotionof these
countoursover time, they canbelabelledasbeing“in front
of” or “behind” virtual imagery. Impressiveresultsarepre-
sentedfor sceneswithout complex textures. Lepetit and
Berger[10] laterextendthis ideato ahigh-accuracy off-line
scenario;by tracking using user-seededoccludingcurves
througha video sequence,a 3D reconstructionof the oc-
cludingobjectis computed.Theresultingaccuratesegmen-
tation of the sequenceinto foregroundandbackgroundal-
lows virtual objectsto be insertedinto thevideowith high
precision.

Recentreal-timework occlusionhasfocusedon realob-
jectsdynamicallyoccludingvirtual ones. Fuhrmannet al.
usemaker-basedhumanmotioncaptureto registerocclud-
ing usersin a collaborative scene[6]. A transparent3D
humanoidmodelalignedto themotion-captureposeis ren-
deredinto thez-buffer to occludescienti�c visualisationsin
a collaborative application. This “phantom” is blurredfor
regionswhich arenot directly tracked, e.g. the �ngers of
user'shands.Fischeret al. detectobjectsoccludingobjects
by learningthe texturesof a staticsurroundingscene.By
comparingvideoinput to atexturedpredictedre-projection,
occluderscanbeidenti�ed. Furtherwork ontheapplication
of depth-from-stereoto AR occlusionhasbeenpresentedby
Kanbaraetal. [7].

3. Mathematical Framework

This sectionbrie�y introducesthemathematicalframe-
work employed. Pointsin 3D spacearerepresentedasho-
mogeneouscoordinatesof the form (x y z 1)T . Pointsare
transformedfrom coordinateframeA to frameB by left-
multiplicationwith a 4� 4 Euclideantransformationmatrix
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wherethe subscriptBA may be readas“B from A”. The
productECA = ECB EBA transformspointsfrom frameA
to Candthetransformationshave aninverseE � 1

AB = EBA .
Thematricestake theform

E =

2

4 R t

0 0 0 1

3

5 (2)

whereR is a rotationmatrix (jRj = 1, RT R = I ) andt
is a translationvector. The setof all possibleE forms a
representationof the 6-dimensionalLie Group SE(3), the
groupof rigid bodytransformationsin R3.

With time, the transformationsbetween coordinate
framesmaychangeandsuchachangeis representedwith a
motionmatrixdenotedM :

EBA j t + 1 = M B EBA j t (3)

where M B representsmotion in frame B and takes the
sameform asE in Eq. (2). M is parametrisedby a six-
dimensionalmotionvector� via theexponentialmap:for a
givenmotionvector� B in frameB thecorrespondingmo-
tion matrix is givenby

M B = exp(� B ) � e
� 6

j =1 � B j G j (4)

whereGj arethegroupgeneratormatrices1. Choosing� 1,
� 2 and� 3 to representtranslationalongthex, y andz axes
and� 4, � 5 and� 6 to describerotationaroundtheseaxes,
thegeneratormatricestake thevalues

G1 =
�

0 0 0 1
0 0 0 0
0 0 0 0
0 0 0 0

�
; G2=

�
0 0 0 0
0 0 0 1
0 0 0 0
0 0 0 0

�
; G3 =

�
0 0 0 0
0 0 0 0
0 0 0 1
0 0 0 0

�
;

(5)

G4 =
�

0 0 0 0
0 0 1 0
0� 1 0 0
0 0 0 0

�
; G5 =

�
0 0� 1 0
0 0 0 0
1 0 0 0
0 0 0 0

�
; G6 =

�
0 1 0 0

� 1 0 0 0
0 0 0 0
0 0 0 0

�

Usingthis formulation,complex coordinateframetransfor-
mationsareeasilydifferentiable:

@
@� Bj

(ECB M B EBA ) = ECB Gj EBA : (6)

Motionscanbe transformedfrom onecoordinateframeto
anothereitherasmatrices

M A = EAB M B EBA (7)
1Closedformsof boththeexponentialandthelog exist. Furtherinfor-

mationon theLie GroupSE(3)andits propertiesmaybefoundin [15].

or asmotionvectorsusingtheadjointoperator. Theadjoint
of a transformationmatrixyieldsa6� 6 matrixsuchthat

� A = Adj (EAB )� B (8)

andtakesthevalue(writing thecrossoperator̂ )

Adj (E) =
�

R t ^ R
0 R

�
: (9)

Often, the true valueof a transformationmatrix is un-
known andonly a noisyestimateÊ canbeobtained.In the
sameway asmotionsare de�ned in a speci�c coordinate
frame,errorsarealsorelative to a frame.Choosingw.l.o.g.
to representerrorsin frameB, therelationshipbetweenes-
timateandtruestateis written

ÊBA = exp(� B )EBA (10)

wheretheerror6-vector� is normallydistributed:

� B � N (0; � B ): (11)

Here� B is theestimate's 6� 6 covariancematrix in co-
ordinateframe B. It is sometimesdesirableto transform
covariancematricesfrom onecoordinateframeto another:
writing e.g. ÊCA = EC B ÊBA , errorstransformlike mo-
tionsin Eq. (8)

� C = Adj (ECB )� B (12)

for any samplefrom theerrordistribution. It canbeshown
thatcovariancematricesalsotransformwith theadjoint:

� C = Adj (ECB )� B Adj(E CB )T : (13)

This is shown by equatingprobabilitiesfor themappeddis-
tribution,

1
jAdj( EB )j

e� 1
2 � T

C � � 1
C � C

p
(2� )6 j� Cj

=
e� 1

2 � T
B � � 1

B � B

p
(2� )6 j� B j

(14)

andnotingthat8E, jAdj( E )j = 1 and(Adj (E )0 = 0) =)
(j� B j = j� Cj) soall denominatorscancel.Theresultin Eq.
(13) is obtainedby substitutingEq. (12)andrearranging.

If the errorsin 10 wererepresentedin frameA instead
of frameB,

ÊBA = EBA exp(� A ) (15)

thenthedistribution of � A is differentfrom thatof � B . For
example,an ambiguity in rotation in coordinateframe B
correspondsto a coupledtranslationandrotationambigu-
ity in coordinateframeA. For this reasonit is necessaryto
know how to transformcovariancematricesfrom onecoor-
dinateframeto another.

In the remainderof this paper, the following coordinate
framesareused:

W : World (i.e. Model)

C : Tablet-mountedcamera,(z=opticalaxis)

T : Backof tablet(x; y in planeof tablet)

S : Camera(sensor)observingtablet
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4. Inside-out edgetracking

Thissectiondescribesanedge-basedtrackingsystemby
which theposeof a tablet-mountedcamerais tracked. The
edge-basedtrackingsystememployedhaspreviously been
appliedto HMD-basedAR [9]; whatfollowshereis a brief
review of thesystem's operation.Videoat 640� 480� 8bpp
and30Hzis capturedby a �re-wire cameramountedto the
topof thetablet.

The trackingsystememployedrelieson theavailability
of a 3D modelof the sceneto be tracked. This 3D model
mustdescribesalientedgesandany occludingfaces. Us-
ing a predictedestimateof camerapose,anestimateof the
tabletcamera's view of the modelcanbe projectedat ev-
ery frame: a point in the world referenceframe x W =
(xW yW zW 1)T projectsinto theimageas

�
u
v

�
= CamProj

�
E

-
CW x W

�
(16)

whereE
-
CW is a predictedposeestimate,i.e. the transfor-

mation from the world coordinateframe W to the tablet
cameracenteredframeC. This predictionmay be thepre-
viousframe'sposterior, or couldbeobtainedfrom the�lter
describedin Section6. Theprojectionfrom cameraframe
to imagecoordinatesis modelledby

CamProj

0

B
B
@

x
y
z
1

1

C
C
A =

�
f u 0 u0

0 f v v0

�
0

@
r 0

r
x
z

r 0

r
y
z

1

1

A (17)

with r =
p

(x=z)2 + (y=z)2; r 0 = r + �r 3 + � r 5 to com-
pensatefor radial lensdistortion. The relevantparameters
for thecamerausedareknown. Figure1ashowsanexample
videoframecapturedby thecamerawith thesystem'spose
estimaterenderedoverit. In this image,therenderedmodel
is not correctlyalignedwith thevideoimage:theaim is to
computeacameramotionM C whichwill properlyalignthe
modelto give theposteriorposeestimate:

ECW = M CE
-
CW (18)

To calculatethismotion,samplepointsareinitialisedalong
thevisible modeledges.Fromthesepoints,perpendicular
searchesfor the nearestvideo imageedgeare performed.
This stepis illustratedin Figure1b, in which white lines
representthe perpendiculardistancesto the nearestimage
edge.Thisdistancemeasure(whichis assumedto benoisy)
is written d̂i for the i th of N samplepoint. Next, Eq. (16)
is differentiatedw.r.t. theparametersof the motionM C to
obtaina N� 6 JacobianmatrixJ suchthat

J i;j =
@di

@� Cj
= n̂ i �

 
@u
@� j
@v

@� j

!

(19)

a b c

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

wheren i is theedgenormalfor the i th samplepoint. The
requiredmotion M C = exp(� C) may thenbe found after
solutionof theequation

J � C = d̂ (20)

which for standardleast-squares2 takestheform

� C = J yd̂ = (J T J ) � 1J T d̂ (21)

An estimateof theaccuracy of the motion vector� C is
requiredto usetheposeestimatesprovidedby this system
in a statistical�lter . To calculatethis, imagemeasurements
areassumedto becorruptedby independentGaussiannoise
of 1 pixel standarddeviation:

d̂ = d + � ; � � N (0; I N ) (22)

Rewriting Eq. (21) in termsof noisy measurementŝd the
noisymotionestimateis givenby

�̂ C = J yd̂ (23)

Thecovariancecanbefoundusingexpectation:

� C = E
�
(�̂ C � � C)( �̂ C � � T )T �

= E
h
(J yd̂ � J yd)(J yd̂ � J yd)T

i

= E
�
(J y� )(J y � )T �

= J yE
�
� � T �

J yT

= (J T J ) � 1 (24)

Our previouswork [9] usedinertial sensorsto dealwith
the largemotionsof a head-mountedcamera.By contrast,
the tablet-mountedcamerausedhereundergoesrelatively
moderatemotion. Further, while both visual and inertial
sensorsin our previous work producedonly relative mea-
surements,the external tracking of Section5 provides a
sourceof absolutemeasurements.Occasionalfailuresof
theedge-basedtrackingarethereforetolerableandfor this
reason(andto saveweightandbulk) theinertialsensorsde-
scribedin [9] arenotusedwith thetabletPC.

2In practiceanM-Estimatoris usedinstead.
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5. Outside-in �ducial tracking

Themarker-lessinside-outtrackingdescribedin thepre-
vious sectiondependson an approximateprior posees-
timate, and cannotoperateif this prior pose is corrupt.
To complementthis, a secondsourceof poseinformation
shouldnot requireinformationfrom thepast,but calculate
a freshposeestimateat everysingleframe.

We attach�ducials to thebackof the tabletPCandob-
servethesewith acamera�x edin theworld. Infra-redLEDs
arechosenas�ducials asthey haveanumberof advantages
over larger printedmarkers: their small sizemakesocclu-
sion by userslesslikely; their size in the imagechanges
insubstantiallywith distance;�nally , usingan infra-red�l-
terwith thesensorcameras,they areveryeasyto �nd in an
imageandfalsepositive rates(duringindooroperation)are
negligible.

The disadvantageof using LEDs is that in contrastto
papermarkers which can have uniquepatternsprinted in
them,LEDs cannotbedistinguishedby appearance.While
it is possibleto strobeLEDsto determinetheir identity[21],
this requiresinformationto be mergedover many frames,
whereaswerequireafull poseestimateeachframe.Instead,
LEDs areidenti�ed basedon their relative positionsin the
image.Six co-planarLEDs aremountedto thebackof the
tabletwith known positions(Fig 2a).

In anof�ine procedure,four LEDs areselected(Fig 2a)
andwarpedto a unit square(Fig 2b) with a plane-to-plane
homography. The warpedpositionsof the remainingtwo
LEDs (

L
) form a characteristicof this permutation,which

is storedin a table. The tableis �lled for all 120permuta-
tionsfor which four LEDs form convex planarshapes.

At runtime,LEDs aredetectedin a 768x288greyscale
imageby thresholding.After removing the effectsof lens
distortion,four of six LEDs detectedin the imageareran-
domlyselected(Fig 2c). For eachpermutationin thestored
table,the two characteristicpositionsfrom theunit square
are warpedinto the imageplaneand the error to the re-
maining detectedLEDs is measured(Fig 2d). The per-
mutationwith bestconsensusyields the identity of thede-
tectedLEDs. This systemcopeswith the occlusionof a
singleLED: beyond this no uniqueidenti�cation is possi-
ble. While it is possibleto establishcorrespondenceusing
informationfrom pastframesor a prior ([2]) this is not at-
temptedhere.

After LED identi�cation, tablet frame coordinatesof
the form x T = (xT yT 0 1)T of the selectedLEDs are
known. The imagelocationsare un-projectedby the in-
verseof Eq.(16)to giveimageplanecoordinatesof theform
(u0 v0 1)T . Theplane-to-planehomographyH suchthat

ba

Training: Warp measured locations to unit square

c d

Matching: Warp into detected image and measure distance

Figure 2. LED Matching procedure

2

4
w0

1u0
1 ::: w0

N u0
N

w0
1v0

1 ::: w0
N v0

N
w0

1 ::: w0
N

3

5 = H

2

4
xT 1 ::: xT N

yT 1 ::: yT N

1 ::: 1

3

5

(25)
is foundusingstandardtechniques.Fromthishomography,
it is possibletoobtainanestimateof the4� 4 transformation
matrixÊST whichtransformsLED coordinatesx T into the
LED cameraframeS: sucha methodis presentede.g. by
Kato andBillinghurst [8], anda similar approachis used
here.

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

Ê 0
ST = ÊST n M T : (26)

There-projectionof theLEDs into theimage
�

û
v̂

�
= CamProj

�
Ê 0

ST x T
�

(27)

canthenbedifferentiatedto form a 2N� 6 Jacobianmatrix
J , where

J2i;j =
@̂ui

@� T j
; J2i +1 ;j =

@̂vi

@� T j
: (28)

Thismatrix is usedto minimisethere-projectionerrors(û�
u; v̂ � v) asin Eq. (23). Analogouslyto Eq. (24), image
locationsareassumedcorruptedby independentGaussian
noisewith � = 1 pixel. Thecovariancein thetabletframe
of the�nal poseestimateis thus

� T = (J T J ) � 1: (29)
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6. Filtering

To combinethemeasurementsfrom the tablet-mounted
cameraandany �x edcamerasobservingtheLEDsmounted
on thebackof thetablet,anExtendedKalman�lter is em-
ployed. This sectiondescribesthe stepsrequiredto �lter
thetwo sourcesof poseinformationused.To aid readabil-
ity thenotationhereis looselybasedonWelchandBishop's
excellenttutorial [20] on the�lter .

The �lter usedtracks12 degreesof freedom:the6DOF
tabletcameraposeits 6DOF velocity. However, the �lter
statex is not storedasa 12-vector. Poseis representedas
the transformationmatrix ECW while velocity is storedas
a 6-vectorvC in coordinate-frameC. Then,for time t, the
�lter' sestimatêx t of theactualsystemstatex t is

x̂ t =
n

ÊCW j t ; v̂Cj t

o
: (30)

Thestateestimaterelatesto thetruestateas

ÊCW j t = exp(� pose)ECW j t

v̂Cj t = � vel + vCj t
: (31)

Thestateerror12-vector� Cj t at time t is thus

� Cj t =
�

� pose

� vel

�
(32)

andis modelledasnormallydistributed

� Cj t � N (0; Pt ): (33)

wherePt is the�lter' s stateerrorcovarianceat time t.
Usinga constant-velocitymodel,the�lter' s time update

equation(sansunknown noiseanddriving functionbut pa-
rameterisedby elapsedtime � t) is usedto provide a prior
estimateof futurestate:

x̂-
t + � t = f (x̂ t ; � t) =

n
exp(v̂Cj t � t)ÊCW j t ; v̂Cj t

o
: (34)

Thecorrespondingprior statecovarianceis

P
-
t + � t

= APt AT + � 2
p

�
0 0
0 I 6

�
(35)

where � p is the system's processnoiseparameterand A
takesthefrom

A =
�

I 6 � t I 6

0 I 6

�
(36)

in accordancewith thesystemdynamics.
To integrateposemeasurementsfrom the sensorsused,

theseposemeasurementŝE
m

areconvertedto aninnovation
motion which describesthe motion from the �lter' s prior
stateto theposedescribedby themeasurement:

M C = Ê
m

CW Ê
-
CW j t + � t

� 1 (37)

Further, the measurement's covariance�
m

C is transformed
into the �lter' s referenceframe and usedto computethe
KalmangainK. Droppingthesubscriptt + � t,

K = P
-
H T

�
H P

-
H T + �

m

C

� � 1
(38)

wherematrix H = [I 6 0]. The posteriorposeis found by
weighting the innovation motion by the Kalmangain and
applyingtheresultto theprior pose:

ÊCW = exp(K log(M C)) Ê
-
CW (39)

andtheposteriorcovarianceis foundas

P = (I 6 � K H )P
-
: (40)

Sincetheinside-outtrackingof Section4 producespose
measurementsof the form f ECW ; � Cg (c.f. Eq. (18,24)),
thesecan be directly �ltered as describedabove. On the
otherhand,theLED trackingsystemdescribedin Section5
producesposeestimatesof theform f ET S ; � T g; for these
measurementsto be �ltered they must�rst be transformed
into the�lter' s coordinateframe.

For thispurpose,knowledgeof thetransformationsECT

(Tabletcamerafrom tabletback)andESW (LED tracking
camerafrom world) is required.Providing thetabletcamera
is rigidly attachedto thetabletandthesensorcamerarigidly
mountedin the world, thesetransformationsmay be con-
sidered�x edandneedbecalibratedonly once.While these
transformationscannot be directly measured,they canbe
calculatedby observingthechangesin thetwo sensormea-
surements.Chainingtogethertransformations,

ESW = EST ET CECW : (41)

Insertinganobservedmotionin thetabletcameraframeM C

and a simultaneouslyobserved motion in the tablet back
frameM T , this chainremainsvalid:

ESW = EST M T ET CM CECW = EST ET CECW

M T ET CM C = ET C

M T ET C = ET CM � 1
C (42)

Baillot etal [1] haverecentlyidenti�ed thisproblemasone
studiedin roboticsasAX = X B . A closedform solution
which can generatean estimatefor ET C from to a mini-
mumof two setsof motionmeasurementsexists[13] andis
alsousedhere.OnceET C (andthus,simultaneously, ESW )
hasbeenobtained,measurementsfrom LED trackingcanbe
transformedinto thetabletcameraframe

E
m

CW = E � 1
T CET S ESW

�
m

C = Adj (E � 1
T C)� T Adj( E � 1

T C)T (43)

andso measurementsfrom both inside-outandoutside-in
trackingareaccommodated.This completestheequations
requiredfor operationof the�lter .
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Figure 3. Tablet PC with attac hed camera, and
close­up of two LEDs mounted on back

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

7. Tablet-basedAR

Theedge-basedtrackingof Section4 wasimplemented
on an HP CompaqTC1100tablet PC, picturedin Figure
3. This device usesa 1GHz ULV Pentium-Mprocessor.
A 10” screenwith 1024x768pixelsis drivenby anNVidia
Geforce4420Go graphicsaccelerator. Video input is pro-
videdby a Fire-i camera�tted with a wide-anglelens.Un-
fortunately the PCMCIA �re-wire card usedprovides no
power, so the camerais wired up to draw power from the
USBport,andthis alsoprovidescurrentto thesix infra-red
LEDsattachedto thebackof thetablet.

The LEDs are tracked using one or more standard
monochromePAL video camerasoperatingat �eld rate
(50Hz.) Infra-red transmissive �lters are attachedto the
lensesto block out mostof the visible spectrum:The im-
agesproducedby thesecamerasaresolid black with only
the LEDs showing as white dots. The camerasare con-
nectedto video capturecardsin a standardworkstation(2
� 2.4GHz.) ThismachinerunstheLED trackingdescribed
in Section5 andthestatistical�lter of Section6. Measure-
mentsandposepredictionsareexchangedbetweenwork-
stationandthe tabletPCby wirelessnetwork, andthe two
machine'sclocksaresynchronisationtosub-millisecondac-
curacy by aggressiveNTP polling.

A prototypeentertainmentapplicationis in development

to evaluatetrackingperformance.This applicationis cen-
teredarounda real-world 0.8� 0.8m playing �eld resem-
bling a large “Cluedo” board. Figure4 shows the playing
�eld, the tabletPC andoneof the LED-trackingcameras.
The�eld is dividedinto roomsby thin verticalwalls: the3D
locationsof thesewalls areknown andform the3D model
which theedge-basedtrackingsystemrequires.

The player guidesa virtual characteraroundthe real
world usingthetablet'spento pointat targetpositions.The
aimof thegameis to collectitemsfrom roomswhile avoid-
ing contactwith virtual ghostscontrolledby thecomputer.
Ghostscanbe removed from the gameby throwing ghost
trapsinto their path:Theplayerachievesthisby physically
throwing coins into the playing �eld, whereuponghosts
(and unfortunateplayers)in proximity of the landedcoin
aresuckedinto a virtual vortex. Coinsaredetectedusinga
ceiling-mountedcamera:this is connectedto the worksta-
tion which employs backgroundsubtractionandanad-hoc
circle detector. The imagelocationof the detectedcoin is
mappedinto the playing �eld andtransmittedto the tablet
PCwhich runsthegamelogic.

To provide augmentedvisuals,the tabletPC operatesa
track-renderloop. For eachvideo frame received by the
camera,tracking as describedin Section4 is performed.
ThisyieldsaposeestimateECW whichis usedto renderthe
augmentedvisuals. Renderingis performedusingacceler-
atedOpenGL.However, sinceawide-anglelensandprojec-
tion modelwith radialdistortionterms(Eq. (17)) areused,
the augmentedgraphicscannotbe rendereddirectly into
theframe-buffer: instead,thetexture-mappingapproachof
WatsonandHodges[19] is employed, wherebygeometry
is �rst renderedwithout radialdistortion,andtherendered
imageis subsequentlywarpedusinga texturedgrid.

For video see-through,this requiresa GL visual with
destinationalpha support. Each frame, the z-buffer is
clearedandthe frame-buffer settransparent.Next, thege-
ometryusedfor edgetrackingis renderedwithoutdistortion
into thez-buffer only. This servesto correctlyoccludethe
augmentedvisuals,which are renderedwithout distortion
into thez andcolourbuffers.Theframebuffer, now contain-
ing only theaugmentedvisuals(player, ghostsetc.) over a
transparentbackground,is copiedinto a texturemap. The
framebuffer is thenoverwrittenwith the videocameraim-
age. Finally, the just generatedtexture mapis drawn over
thevideo imageusinga 20x20quadmesh(whosevertices
have beendistortedin accordancewith the lensdistortion)
to form the�nal compositedscene.

8. Occlusionre�nement

In augmentedreality, virtual objectsareoftenplacedin
the real world. To appearbelievable,theseobjectsshould
notonly bewell-registeredwith therealworld, they should
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alsooccluderealobjectsbehindthem,andbeoccludedby
realobjectsin front. Theaccuracy of this occlusiongreatly
affectstheuser's perceptionthat thevirtual objectbelongs
in thescene.If toomuchis occludedthevirtualobjectlooks
like a cardboardcut-out. If too little is occluded,this de-
stroys thedepthcues.

This occlusionis oftenresolvedby z-buffering: by pop-
ulating the z-buffer with an estimateof the real world's
depth,occlusionof the subsequentlyrenderedvirtual ob-
jects is automaticallyhandledby the renderinghardware.
Thez-buffer canbe�lled with informationgeneratedfrom
a stored3D model and a poseestimate(c.f. [4] and the
approachin theprevioussection)or datageneratedon-line
(usinge.g. depthfrom stereo[22]). Whichever methodis
used,thevaluesin thez-buffer will occasionallynot corre-
spondto the real depthin the scene,andocclusionerrors
will occur.

Consideringonly thosesystemswhich assumeknowl-
edge of the occluding real geometry, the most obvious
sourceof error is an inaccuratemodel of this geometry.
However, even if themodelis accurate,trackingerrors(or
jitter) or incorrectprojectionparameterscan produceno-
ticeableocclusionerrorsin the image. This is particularly
trueof systemsin whichthetrackedfeatureandtheocclud-
ing geometryaresomeimagedistanceapart: in this case,
any small rotational tracking error producesan ampli�ed
occlusionerror. By trackingthevisible edgesin thescene
to obtainpose,our systemis alsooptimisingfor thosefea-
tureswhich causeocclusionand this goesa long way to
providing agoodlevel of realism.However, thesystemstill
producessubstantialocclusionerrorson occasion.Figure
5ashows anexamplein which theoccludingwall hasbeen
renderedinto the z-buffer too far to the right, so that too
muchof thevirtual characteris occluded.Eventhoughthe
positionof theoccludingwall wasmeasuredduring track-
ing, it is drawn in thepositionwhichis best�ts all measured
edges.To solve this problem,anapproachhasbeendevel-
opedwhichoptimisesthemodelledlocationof anoccluding
edgeusingmeasurementsfrom thatedgeonly. To achieve
this,therenderingprocessdescribedin theprevioussection
mustbemodi�ed:

As before,theframe-buffer is clearedto be transparent.
However the z-buffer is no longerpopulatedby rendering
theentireoccludingmodel;instead,virtual geometryis oc-
cludedobject by object. For eachobject, the potentially
occludingworld geometryis identi�ed. This taskis simpli-
�ed by the structureof the world modelused,which con-
tainsonly verticalwalls. Onceanoccludingwall hasbeen
identi�ed, it is projectedto a clipping polygonin theimage
plane.Theobject-occludingsidesof this polygonarethen
optimisedby searchingin thevideoimage.Figure5bshows
this optimisation,aswell asthenon-occludingedgesof the
clippingpolygondrawn assolid lines.

a b

c d

Figure 5. Occlusion re�nement. a) No oc­
clusion re�nement: too much of the vir tual
object is clipped, b) clipping pol ygon is re­
�ned thr ough image search, c) character is
rendered and clipped with re�ned pol ygon,
d) composited scene .

At this point,clipping thevirtual objectcouldsimplybe
performedby renderingtheclipping polygoninto thesten-
cil buffer and using this as a maskfor renderingthe vir-
tualobject.However thiswouldproduceaverysharpedge,
whereasedgesin thevideoimageareslightly blurredby the
cameraoptics.Thisproducesanunrealisticandjarringcon-
trast.It is preferableto clip thevirtual objectwith aslightly
graduatededgeto blendit into theblurredvideoedge.

To achievethisblendingeffect it is necessaryto �rst ren-
der theobjectunclipped,andto subsequentlyoverwrite its
alphachannelwith a modi�ed clipping polygon. Theclip-
pingpolygonhastheoccludingedgestransformedinto thin
quadswhich aretransparentalongonesideandopaqueon
the other. OpenGLinterpolatesthis into a smoothalpha-
graduatedoccludingedge. The stencilbuffer canbe used
to ensurethat the clipping polygon only overwritespix-
els which weredrawn by the correspondingvirtual object.
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Figure5c shows a clippedvirtual object. The �nal scene
is compositedasdescribedin Section7, andis picturedin
Figure5d,showing substantialimprovementover thecom-
positeshown in Figure5a.

9. Results

9.1. Real­time performance

Thefull AR systemdescribedin Sections7 and8 oper-
atesat between25 and30 framespersecondon thetablet.
CPU usageon the tablet registersat 60%. We expect to
achieve consistent30 framespersecondperformancewith
someoptimisationof graphicscalls. On the workstation,
LED tracking,�ltering andcoindetectionrunat full frame-
rateandoccupy a totalof 15%of processortime.

9.2. Err ors

Trackingjitter wasevaluatedby keepingthetabletstatic
andobservingthenoisein incomingmeasurements.Typical
RMS jitter valuesfor theedge-basedandLED trackingare
tabulatedin Table1. Tracking jitter reducesthe apparent
registrationof realandvirtual objects,with virtual objects
appearingto wobbleona 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 observed jitter of the edge-basedtracking agrees
with the expectederror. The LED measurementsyield
lower observedjitter thantheexpectederror. This is likely
to be dueto the fact that the LED centroidsin the image
can be extractedto sub-pixel accuracy and the � =1 pixel
assumptionin Section5 is overly pessimistic.

A systematicerror betweenLED measurementsand
tablet camerameasurementswas observed in somesitua-
tions.Dependingonthepositionof thetabletin theplaying
volume,this errorwasaslargeas2cm. It is likely that this
errorsis causedby inaccuraciesin thecalibrationof ESW

andET C anderrorsin cameraparametervalues.

9.3. Dynamic performance

A video �le demonstratingtrackingperformanceis en-
closed.In thisvideo,thetrackededgesarerenderedinto the
sceneto allow visual inspectionof tracking performance.
Duringnormaloperation,theseedgesarenot rendered.

In standaloneoperation,the edgebasedtrackingof the
tabletcamerais proneto failureon rapidmotions.Further,
thereis a possibilityof theedgebasedtrackingfalling into
local minima. Thesefailure mechanismsareillustratedin
theenclosedvideo�le.

The LED tracking doesnot suffer any adverseeffects
from rapid motion. The LEDs arebright enoughthat the
LED camera's exposuretime canbe setto a small enough
valueto eliminatemotionblur. However, theLED tracking
by itself is notaccurateenoughto properlyregistertheaug-
mentedvisuals.This is dueto boththesystematicposeer-
rorsdescribedaboveandtherelatively largetrackingjitter.

Whenedge-basedtrackingandLED trackingarecom-
bined,theLED tracking's initialisation is for themostpart
suf�cient to allow theedge-basedtrackingto converge.Re-
coveryfrom totaledge-trackingfailureis possibleaslongas
theLEDsarein view of theobservingcamera.It shouldbe
notedthis volumeis largerthanappearsin theresultvideo,
in which thetabletis tetheredfor �lming.

The systematicerror describedabove can produceos-
cillatory behaviour in thesystemstate.However, sincethe
augmentedvisualsarerenderedusingtheedgetrackingpos-
terior, this oscillatorybehaviour of thestateis not observ-
ablein theAR display- thereis however a smallprobabil-
ity thatat any givenframe,edge-trackingwill not converge
correctly, andthis causesoccasionalone-frameglitchesin
thedisplay. Initial attemptsto adaptively weight [5] thein-
novationsof the differentsensorsin the EKF have shown
greatpotentialin reducingthis oscillation.Simultaneoulsy,
re-convergenceafter edge-trackingfailure canbe spedup.
This is anareaof futurework.

9.4. OcclusionRe�nement

Theaccompanying video �le demonstratestheeffect of
occlusionre�nement. In most scenes,the use of occlu-
sionre�nementis bene�cial to thecompositedappearance.
However for somecon�gurationsthere�nementintroduces
new errors.In particularthis is thecaseif anoccludingedge
in the imageis very low-contrastandin closeproximity to
othertextureedgesor shadows. In this casetheedgeposi-
tion re�nementconvergeson an incorrectedge,producing
large,oftendynamic,andmostlyverynoticeableocclusion
errors.Somepreliminaryefforts to reducetheseerrors(the
useof M-estimation,andtheimpositionof zero-motionpri-
ors on an edge's displacementandrotation)have reduced
thelikelihoodof sucherrors,but thereremainsscopefor im-
provement(by e.g.usingalternative line-�tting techniques,
informationfrom previousframesor adjoiningedges.)

In theabsenceof correspondencefailures,theocclusion
re�nementsystemenhancestheappearanceof thecompos-
ited scene. In particular, the visible effect of tracking jit-
ter canbe reduced.Further, the “crawling jaggies”effect
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whenoccludingedgesarenear-horizontalor near-vertical
is mostly eliminatedby the alpha-blendedclipping proce-
dure.

9.5. Conclusion

Thispaperhasdemonstratedthefeasibilityof robustand
accurateAR on a tablet PC without the use of markers
placedin thescene.Thecomplementarystrengthsof inside-
out edge-basedtracking and outside-inLED tracking are
combinedin an ExtendedKalmanFilter, usinga powerful
mathematicalframework which facilitatesthemanipulation
of noisydatafrom differentreferenceframes.

Further, thispaperhasshown thatby �ne-tuning individ-
ual occludingedgesin the image,theapparentregistration
of virtual objectsin therealworld canbegreatlyimproved.

In direct comparisonto PDAs, the tablet(1.4kg) is un-
comfortablyheavy to hold one-handedfor extendedperi-
odsof time. Further, the device becomesratherhot. It is
expectedthatastabletPCsbecomelighter andPDAs more
powerful, full frame-ratehandheldAR will becomea very
practicalpossibility.
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