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Abstract

In this paper, we describea new optical tracking algorithm for poseestimationof interaction devicesin virtual
andaugmentedreality. Givena 3D modelof theinteractiondeviceanda numberof camera images,theprimary
dif�culty in posereconstructionis to �nd thecorrespondencebetween2D imagepointsand3D modelpoints.Most
previousmethodssolvedthisproblemby theuseof stereocorrespondence. Oncethecorrespondenceproblemhas
beensolved,the posecan be estimatedby determiningthe transformationbetweenthe 3D point cloud and the
model.
Our approach is basedon theprojectiveinvariant topologyof graphstructures.Thetopologyof a graphstructure
doesnotchangeunderprojection:in thiswaywesolvethepointcorrespondenceproblembya subgraphmatching
algorithmbetweenthedetected2D imagegraphandthemodelgraph.
Therearefour advantagesto our method.First,thecorrespondenceproblemis solvedentirely in 2D andtherefore
nostereocorrespondenceis needed.Consequently, wecanuseanynumberof cameras,includinga singlecamera.
Secondly, asopposedto stereomethods,wedo not needto detectthesamemodelpoint in two differentcameras,
andtherefore our methodis much more robustagainstocclusion.Thirdly, thesubgraphmatching algorithmcan
still detecta match evenwhenpartsof thegraphareoccluded,for exampleby theusershands.Thisalsoprovides
more robustnessagainstocclusion.Finally, theerror madein theposeestimationis signi�cantly reducedas the
amountof camerasis increased.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.4.8 [SceneAnalysis.]:ImageProcessingandCom-
puterVision.Tracking;I.3.6 [ComputerGraphics.]:MethodologyandTechniques.InteractionTechniques;

1. Intr oduction

Trackingin virtual andaugmentedreality is the processof
identi�cation andposeestimationof aninteractiondevice in
thevirtual space.Theposeof an interactiondevice is the6
DOForientationandtranslationof thedevice.Severaltrack-
ing methodsare in existence,including: mechanical,mag-
netic,gyroscopicandoptical.Wewill focusonopticaltrack-
ing asit providesacheap,wirelessinterface,andis lesssus-
ceptibleto noisecomparedto theothermethods.

A commonapproachto trackaninputdeviceby anoptical
tracker is markerbased.Thedevice is usuallyaugmentedby
speci�c marker patternsrecognizableby the tracker. Opti-
cal trackersoftenmakeuseof infra-redlight combinedwith
retro-re�ective markersto greatlysimplify therequiredim-

ageprocessing.Themarkerscanthenbedetectedby simple,
fastthresholdandblob detectionalgorithms.The sameap-
proachis followedin thispaper.

Oncea device hasbeenaugmentedby markers,thethree
dimensionalpositionsof thesemarkers are measuredand
storedin a database.We call this databaserepresentationof
the device the model.Optical trackers arenow facedwith
threeproblems.First, thedetected2D imagepointshave to
bematchedto theircorresponding3D modelpoints.Wecall
this the point-correspondenceproblem.Second,the actual
3D positionsof theimagepointshave to bedetermined;re-
sultingin a3D pointcloud.This is referedto astheperspec-
tive n-pointproblem.Finally, a transformationfrom thede-
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Figure 1: A 7x7x7cmcubical input device augmentedby a
graph pattern of retro-re�ective markers. Note that graph
edgesare allowedto crossover betweenfacesof the cube
anddonotneedto bestraight lines.

tected3D point cloudto thecorresponding3D modelpoints
canbeestimatedusing�tting techniques.

Many currentopticaltrackingmethodsmakeuseof stereo
correspondences.All candidate3D positionsof the image
points are calculatedby the use of epipolar geometryin
stereoimages.Next, the point correspondenceproblemis
solved by the useof an interpoint distancematchingpro-
cessbetweenall possibledetectedpositionsandthemodel.
A drawbackto stereocorrespondencesis thatevery marker
mustbevisible in two cameraimagesto bedetected.Also,
sincemarkershaveno2D identi�cation, many falsematches
mayoccur.

A commonandinherentproblemin opticaltrackingmeth-
odsis that line of sight is required.Therearemany reasons
why a marker might be occluded,suchasit beingcovered
by theusershands,insuf�cient lighting, or self-occlusionby
the device itself. Whenever a marker is occludedthereis a
chancethat the tracker cannot �nd the correctcorrespon-
denceanymore.Trackersbasedon stereocorrespondences
areparticularysensitive to occlusion,as they might detect
falsematches,andrequirethesamemarker to bevisible in
two camerassimultaneously.

More recentlyoptical trackershave madeuseof projec-
tion invariants.Perspective projectionsdo not preserve an-
glesor distances;however, aprojectioninvariantis a feature
that doesremainunchangedunderperspective projection.
Examplesof projective invariantsare the cross-ratio,cer-
tain polynomials,andstructuraltopology. Using this infor-
mation,thepointcorrespondenceproblemcanbesolveden-
tirely in 2D usinga singlecameraimage.Invariantmethods
have a clear advantageover stereocorrespondences:there
is no needto calculateandmatch3D point positionsusing

epipolargeometrysothatmarkersneednotbevisible in two
cameras.Thisprovidesarobustwayto handlemarkerocclu-
sionasthecamerascanbepositionedfreely, ie. they do not
needto bepositionedcloselytogetherto cover thesamearea
of thevirtual space,nordothey needto seethesamemarker.

In thispaperwepresentanopticaltrackingmethodbased
on theprojective invarianttopologyof graphstructures.The
topologyof a graphstructuredoesnot changeunderprojec-
tion: in thiswaywesolve thepointcorrespondenceproblem
by a subgraphmatchingalgorithmbetweenthedetected2D
imagegraphandthemodelgraph.A sampleinput device is
shown in Figure1.

Wehave implementedandevaluatedour trackingmethod
usingthePersonalSpaceStation(PSS),anear-�eld desktop
VR/AR environment[MvL02]. Usersperform3D spatialin-
teractionusingtangibleinput devices.Thesetupconsistsof
two or four camerasequippedwith infra-red�lters andaring
of infra-redLEDs to illuminatethescene.

The paperis organizedas follows. In section2 we dis-
cussrelatedwork. In section3 we give a detailedtechnical
descriptionof ourmethod.Section4 showsexperimentalre-
sults,followed by a discussionof the prosandconsof the
methodin section5.

2. RelatedWork

Thereareseveralexamplesof stereocorrespondencebased
trackersasdescribedin Section1 [Dor99,RPF01,vRM05].
As our focusis on projective invarianttrackers,we will not
dicusstheseany further.

A cross-ratioprojective invariant of four collinear, or
� ve coplanarpointswasusedby van Liere et al. [vLM03].
They use the invariant property to establishpattern cor-
respondencein 2D, as opposedto direct point correspon-
dence.Oncethe patternis identi�ed, the individual points
arematchedusinga stereobaseddistance�t. Thematching
is simpli�ed signi�cantly dueto the previously established
patterncorrespondence.

Van Rhijn [vRM04] usedthe angularcross-ratioof line
pencilsasprojective invariant.Oncepatterncorrespondence
hasbeenestablished,the rotationalpart of the device pose
canbedetermineddirectly by a line-to-plane�tting routine.
Thetranslationstill needsto bedeterminedfrom thecombi-
nationof two cameraimages,howeverthesamepointsneeds
notbevisiblesimultaneously. Themethodcanhandlepartial
occlusionof theline pencilswithoutdif�culty .

A topologicalapproachis suggestedby Costanzaet al.
[CR03]. They make useof region adjacency treesto detect
individual markers.Detectionis performedby a subgraph
matchingalgorithm,whichcanoptionallybemadeerrortol-
erant.However, no device poseestimationis performedin
theinitial algorithm.An extensionwasdescribedby Bencina
et al. [BKJ05] who determineda 2D translationof markers
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Figure 2: Thesequenceof stagesin thepipelineto go from
a camera image to a devicepose.

on a �at transparentsurface.However, their poseestimation
appearssensitive to occlusion.Our methodis somewhatre-
lated,especiallyin thesubgraphmatchingphase.However,
weuseactualgraphsandareableto determinea full 6 DOF
pose,in additionto beinglesssensitive to occlusion.

A widelyusedframework for augmentedVR isARToolkit
[KB99]. This systemsolvespatterncorrespondenceby de-
tecting a square,planarbitmap pattern.Using imagepro-
cessingand correlationtechniquesthe coordinatesof the
four cornersof the squarearedetermined,from which a 6
DOF posecanbeestimated.DrawbacksarethatARToolkit
cannothandleocclusion,andonly workswith planarmark-
ersandfour coplanarpoints.Fiala [Fia05] handledthe oc-
clusionproblemby usinganerrorcorrectingcodeasbitmap
patternin ARTag.However, themarkersstill needto bepla-
narandtheposeis estimatedfrom four coplanarpoints.Our
methodcanhandleany numberof pointsin many con�gura-
tions,for exampleonacylinderor asphere.

3. Methods

In thissectionwegiveadetailedtechnicaldescriptionof our
method.Ourmethodis basedon thedetectionandmatching
of graphsto solvethecorrespondenceproblem.An overview
of theprocessingpipelineis givenin Figure2 and3. The�rst
stepin thepipelineis to performsomebasicimageprocess-
ing to acquireaskeletonof theblobsin theinputimage.This
skeletonissuf�cient to reconstructthetopologyof thegraph.
Wealsokeeptrackof theclockwiseplanarorderingof edges.
Next, somegraphsimpli�cation is performedto eliminate
spuriousedges,followed by the orderedsubgraphisomor-
phismtestingphaseto determinecorrespondence.Oncewe
havedeterminedacorrespondencebetweentheimagepoints
andthemodel,aposeestimationis performed.Theposees-
timation algorithm �rst calculatesthe 3D positionsof the
imagepoints,followedby anabsoluteorientationalgorithm
to �t thepoint cloudto themodeland�nd a transformation
matrix.Thefour majorstagesareeachdescribedin a seper-
atesubsectionbelow. We concludethis sectionwith a brief

Figure 3: A schematicvisualizationof thevariousstagesin
convertinga camera image to a graphtopology that canbe
matched(also seeFigure 2). From top-left to bottom-right
the images showa visualizationof the stateafter: image
aquisition, thresholding, blob detection,skeletization,end-
point removal, graphdetection,shortedge removal, degree-
two removal, andgraphmatching.

mathematicalanalysisof theerrormadein poseestimation
usingmultiplecameras.

3.1. ImageProcessing

Dueto theuseof retro-re�ectivemarkersandinfra-redlight-
ing, the preliminary imageprocessingstageis straightfor-
ward. It is divided into four stages:thresholding,blob de-
tection,skeletization,andend-pointremoval. All stagesuse
simple algorithms as describedby Gonzalesand Woods
[GW01].

First the input imageis processedby anadaptive thresh-
oldingalgorithm.Next, blobsaredetectedandmergedstart-
ing at thepointsfoundby thresholding.Thedetectedblobs
are processedby a morphologybasedskeletizationalgo-
rithm. The resulting skeleton suffers from small parasitic
edges,which are removed in the �nal phase.The �nal re-
sult is a strictly 4-connected,singlepixel width skeletonof
theinputblobs.This is thebasicinput to thegraphtopology
detector.

3.2. Graph Detection

Thegraphdetectormakessomebasicassumptionsaboutthe
structureof graphs:any pixel thatdoesnothaveexactly two
neighboursin the skeletonis a vertex, and an edgeexists
betweenany verticeswith a pathbetweenthemconsisting
of pixelswith exactly two neighbours.Theimplicationsare
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Figure4: (left) A detectedblobin light grey with its skeleton
shownin black.Thetop-rightjunctionof 5 edgesis split over
3 vertices.Our goal is to combinetheseverticesinto a sin-
glevertex whilemaintainingedge ordering. (right) Merging
verticesv1, v2, v3 resultsin the vertex with incident edge
ordering as given in the dashedinset. The numbers indi-
catethe order of each incidentedge ei . Theorder of merg-
ing doesnot matter, for examplemerge(merge(v1, v2), v3))
equalsmerge(merge(v2, v3), v1))

twofold. First,edgesdonothave to bestraightlines;aslong
astwo verticesareconnectedin someway thereis anedge
betweenthem.This meansthe samegraphcanbe on arbi-
traryconvex surfaceshapes.Secondly, verticesof degreetwo
cannotexistsunlessthereis aself-loopatthevertex (ie.ade-
greeonevertex with anextraself-loopbecomesadegreetwo
vertex).

Next, we discussthe algorithmusedto detectthe graph
topologyfrom a given skeletonimage.Supposewe have a
setof verticesV = f vig, anda mapM(x;y) ! vi thatmaps
imagecoordinatesto thissetwheneveravertex existsat that
coordinate.The vertex set initially only containsthe (arbi-
trary)startingpoint.As longasthesetis notempty, we take
a vertex from it an processthis vertex as describedin the
next paragraph.

Oncea startingvertex hasbeenchosen,we start at an
arbitrary neighbourof that vertex and perform a recursive
walk to adjacentpixels.Fromnow on we only considerthe
threeneighboursof a pixel differentfrom theneighbourwe
reachedthispixel from. FirstweconsultthemapM to seeif
thispixel is anexistingvertex, andif so,insertanedge.Also,
the pixel is set to zero in the imageto indicateit hasbeen
searched.Next, we examine the neighboursof this pixel.
Whenever there is exactly one neighbour, we can simply
`walk' to this neighbourandcontinuethe recursion.When
therearemultiple neighbours,thepixel is addedto thever-
tex setV andanedgeis inserted.Whentherearezeroneigh-
boursanedgeis inserted,but thevertex is not addedto the
vertex set.After insertinganedgewe choosea new starting
vertex from thesetV andrepeattheprocedure.Theprocess
terminatesoncethe setV is exhausted,at which time the
entiretopologyhasbeenconstructed.

For reasonsexplainedin Section3.3, weimposeanorder-
ing on the incidentedgesof a vertex. We keeptrack of the
pixel direction(N,E,S,W)avertex is left from,andthedirec-
tionavertex is reachedfrom in therecursivewalkoverpixels
(alsoseeFigure4). Everyedgenow hasanorderingattribute
on bothends.We usethestartingpointsof edgesfor theor-
deringinsteadof the endpoints,asendpointsmight affect
theorderingwhenoccluded.Also notethat this orderingof
incidentedgesis projectively invariantupto cyclic permuta-
tions.

Even thoughsmall edgeswereremoved from the skele-
ton in the imageprocessingphase,it is still possiblefor the
detectedgraphto containvery shortparasiticedges.These
edgeshave a harmfuleffect on our matchingalgorithm,and
thusthey areremovedin asubsequentstepby merging their
end-points.However, caremustbetakennot to affect theor-
deringof incidentedgesby merging two connectedvertices
(seeFigure4).

Finally, all verticesof degreetwo,exceptthosecontaining
self-loops,areremoved in a similar fashionasshortedges.
Theseverticescanoccurdueto thechosenstartingpoint,but
cannotexist in theory.

3.3. Graph Matching

After detectingoneor moregraphsin the image,we try to
matchthedetectedgraphsassubgraphsin themodelgraph
to solve the point correspondenceproblem.To this extent
we usean error tolerantsubgraphmatchingalgorithm. A
subgraphisomorphismis a mappingof the verticesfrom
one graphto the other that maintainsthe structureof the
graph.All subgraphisomorphismsmustbedetectedto ver-
ify a unique match.The problem of �nding all subgraph
ismorphismsis a notoriously complex one. The decision
problemis known to be NPC,and�nding all possiblesub-
graphscannotbedonesubexponentially[Epp99]. We usea
slightly modi�ed versionof the VF algorithmby Cordella
et al. [CFSV96,CFSV04] to do this matchingin worst-case
exponentialtime. However, testcasesshow that in practice
thealgorithmis fastenoughto beusedin realtime.

Wesimpli�ed thematchingfurtherwith thefollowing ex-
tensions.First, asedgescanbeoccluded,verticesof degree
onedonotprovideuswith a reliableposition.Thereforethe
matcherignoresall verticesof degreeonewhile matching.
They do,however, addto thedegreeof theiradjacentvertex.
Secondly, in orderto reducetheamountof isomorphismswe
imposeanorderingon the incidentedgesof a vertex. For a
matchto bevalid thisorderinghasto beacyclic permutation
in the model,possiblywith gapsfor missingedges.In this
way a stargraphwith onecenterpoint and� ve edgesonly
has� veautomorphisms,asopposedto 5! = 120.

Whenever more than one subgraphisomorphismis de-
tected,wescanfor `�x edpoints' thathavethesamemapping
in all theisomorphicmappings.In thiswaysomepointscan
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Figure5: Schematicview of theperspectiven-pointproblem
with two cameras. The goal is to reconstructthe pi given
thecamera positionsCi , image pointsui andcorresponding
modelpointsmi

beuniquelyidenti�ed, evenwhenmultiple isomorphicmap-
pingsexist (seeFigure7). All �x edpoints,which will have
degreegreaterthan one,and their uniquely corresponding
modelpointsareprovided as input to the posereconstruc-
tion algorithm.

3.4. PoseReconstruction

Oncethecorrespondencebetween2D imagepointsand3D
modelpointsis known, the6 DOFdeviceposecanberecon-
structed.Our approachis very closelyrelatedto themethod
suggestedby Quan[QL99]. We solve a systemof polyno-
mial equationsby partial algebraicelimination and singu-
lar valuedecomposition,followedby Horn's [Hor87] abso-
lute orientationdeterminationalgorithmusingquaternions.
Quan's methoddoesnot directly supportmultiple cameras,
but the extensionis straightforward. We brie�y review the
methodnow.

GivencamerapositionsCi , 3D imagepointsui on thefo-
calplane,corresponding3Dmodelpointsmi , andthecamera
calibrationmatrices,thetaskis to calculatethe3D positions
pi andthe transformationmatrix M thatmapspi to mi (see
Figure5). Sinceall pi residein a differentframeasthemi ,
wecanonly useinterpointrelationsin thesameframe.Each
point pi lies on the3D line throughits correspondingimage
point ui andthe cameralocationCi . For eachpair of such
lineswe canwrite the line equationin parametricform and
solve for the parameters(ti ; t j ) wherethe distancebetween
thosepointsequalsdi j = jjmi � mj jj

2:

jj (Ci + ti(ui � Ci )) � (Cj + t j (u j � Cj )) jj 2 = di j (1)

Simplifying this equationand settingDi = ui � Ci and
Ci j = Ci � Cj resultsin a polynomialin two unknowns,(ti ,
t j ), with thefollowing coef�cient matrix:

0

@
� di j + Ci j �Ci j � 2(D j �Ci j ) D j � D j

2(Di �Ci j ) � 2(Di � D j ) 0
Di � Di 0 0

1

A (2)

Every pair of points de�nes an equationof this form.
However, solvingsucha systemof non-linearequationsal-
gebraicallyprovesextremelydif�cult. A directsolutioncan
be obtainedusing Gröbnerbases,however the numberof
termsin this solution is extremely large and it is sensitive
to numericalerrors.

Wecansimplify thecoef�cient matrixgreatlyby normal-
izing thedirectionvectorsof theparametriclines(Di � Di =
D j � D j = 1) and translatingall camerasto the samepoint
at theorigin (Ci j = 0̄). Oncethesesimpli�cations havebeen
made,the polynomialsystemreducesto the sameform as
de�ned by Quan[QL99]:

Pi j = t2
i + t2

j � 2(Di � D j ) � di j = 0 (3)

Becauseof the simplifying cameratranslations,the new
distancecalculationbecomes:

di j = jj (mi � Ci) � (mj � Cj )jj
2 = jjmi � mj � Ci j jj

2 (4)

Given N input points, thereare
� N

2

�
constrainingequa-

tions. Using threeequationsPi j ;Pik;Pjk in ti ; t j ; tk we can
constructa 4th degreepolynomial in t2

i by variableelimi-
nation.If we �x the �rst parameterto ti , we canconstruct� N� 1

2

�
suchpolynomialsin t2

i . For N > 4 this systemis an
overde�nedlinearsystemin (1;t2

i ; (t2
i )2; (t2

i )3; (t2
i )4), which

canbesolved in a least-squaresfashionby usinga singular
valuedecompositionon a

� N� 1
2

�
� 5 matrix. In the caseof

N = 4 aslightmodi�cation hasto bemade,asthelinearsys-
tem is underdeterminedin this case,but a uniquesolution
canstill be found (see[QL99] for details).This meanswe
needto detectaminimumof four pointsoverall thecameras
to reconstructthe3D point cloud.

Note thataftercalculatingti we cannotsimply substitute
its value in the original polynomial equations.As the ob-
tainedsolution is a leastsquaresestimate,theremight not
exist a solutionto the polynomialequationusingthis vari-
able.Recall that the polynomialequationrepresentsa con-
strainton thedistancebetweentwo lines.By �xing a point
ononeof theselines,thereis noguaranteethatthereevenex-
istsapointontheotherline for whichthedistanceconstraint
holds.Onecouldminimize thedifferencein distance,how-
ever to be preciseall pointsneedto be taken into account.

c
 TheEurographicsAssociation2006.



F.A.Smit&A.vanRhijn&R.vanLiere / GraphTracker

Figure 6: Expectederror perpendicular to the camera
plane.

Therefore,we simply solve all of theti seperatelyusingthe
methoddescribedabove.

At this point we have effectively solvedthe leastsquares
perspective n-pointproblemfor multiple camerasin closed
form. Thenext stepis to determinea transformationmatrix
betweenthe determined3D point cloud andthe 3D model.
To accomplishthis we usethe closedform absoluteorien-
tationmethodfrom Horn [Hor87]. As this algorithmcanbe
left unmodi�ed wewill notdescribeit any furtherhere.

3.5. Err or Analysis

Next, we will describea mathematicalmodelof the errors
madein poseestimationunderthepresenceof noise,using
multiplecameras.Wecandistinguishbetweenthreesources
of errors:inaccuratevertex positionsin thecameraimages,
errorsin thedevicedescription,anderrorsin thecameracal-
ibration.For our purposeswe only considerthe �rst source
of errors,andassumeboththedevice aswell asthecamera
errorsto benegligible.

As depthinformationcannotbeobtainedby usinga sin-
gle projectedpoint, we assumea camerawith two detected
pointsasshown in Figure6. If we assumethe error in the
projectedimagepointsto follow aGaussiandistributionwith
expectationeb, theresultingexpectederrorseXY in theXY-,
andeZ in theZ-directionaregivenby:

eXY =
d
f

eb eZ =
d2eb

l f � deb
(5)

whered is the distancefrom the points to the camera's
centerof projection, f thefocal distance,andl thedistance
betweenthepoints.NotethateZ is largerthaneXY, andthus
thelargesterroris madein estimatingdepthinformation.Ex-
tendingequation5 to N pointsresultsin

eN
XY =

1
p

N
eXY eN

Z =
1

p
N

eZ (6)

Figure 7: When parts of the graph are occluded,some
�xed pointscan still be detected.An interestingexampleis
the bottom-rightimage; the detectedsubgraphmatchesthe
modelin two ways.Thepoint connectingthetwo self-loops
can be uniquely identi�ed by noting a �xed point. How-
ever, the points respresentingthe loops themselvescannot
beuniquelyidenti�ed asthetwo pointscanbeinterchanged
freely.

Equation6 shows thattheerrordecreasesin all directions
whenmorepointsarevisible to thecamera.We canextend
theseequationsto thecaseof multiple cameras.To do this,
theexpectationshave to betransformedto a commonrefer-
enceframe.Writing Nc for the numberof cameras,andei
for the transformedexpectationof errorsin the i-th camera
gives

e=
1
Nc

r
å
i

ei (7)

for eachof the threedirectionswith respectto the refer-
enceframe.Equation7 shows that theexpectederror is re-
ducedby increasingtheamountof cameras.Ourinitial claim
to usemultiplecamerasin ourmethodto reducetheamount
of errorin poseestimationis supportedby this result.

4. Results

Our implementationusesa cubicalinput device augmented
by retro-re�ective markers,as shown in Figure 1. Several
pointscanbeuniquelyidenti�ed in thepressenceof occlu-
sion(Figure7), allowing thedeviceposeto bereconstructed.
Using multiple camerasincreasedthe numberof detected
pointsasexpected.

The implementationusesrelatively unoptimizedimage
processingalgorithms,andrunsentirely on the CPU.Even
so,theentirereconstruction,from imageprocessingto pose
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Accuracy (in mm) DetectedPoints
Camera Average RMSE Mono Stereo

1 -26.4 15.4 4.94 -
2 -25.1 15.3 5.29 -
3 -12.7 10.8 5.75 -
4 -20.5 24.3 5.75 -

1/2 0.232 0.90 10.23 4.89
3/4 -0.0754 2.01 11.50 1.39

1/2/3/4 0.0324 0.57 21.73 4.01

Table 1: Measurement-to-planesummarizedresults for
1/2/4 cameras. The average distanceto the XZ-planeand
theRMSEaregivenin the�r stcolumn.Theaveragenumber
of detectedpointspercamera individually(mono)andequal
correspondingpoints(stereo)aregivenin thelast column.

estimationwith multiple cameras,takes between10 and
20ms per frame. Of this time more than half is spent in
theunoptimizedimageprocessingphase.Theseresultsshow
thatourmethodis well suitedto run in real-timewith multi-
plecameras.

4.1. Accuracy

Determiningtheabsoluteaccuracy of a tracker over theen-
tire working volumeis a tediousandvery time-consuming
process.A grid of suf�cient resolutioncovering the track-
ing volumehasto bedetermined.Next, thedevice hasto be
positionedaccuratelyateachgrid position,andtheresulting
trackermeasurementhasto bedetermined.

We have useda different,simpli�ed approach.We slide
thecubeover a planeof constantheightin thetrackingvol-
umeandlog thepositionalresult.Thus,themeasuredcube
positionsshouldall lie on theXZ-plane.Now we determine
theaveragedistanceto theXZ-plane,whichgivesanindica-
tion of thesystematicerrormade.Thestandarddeviation of
this setof distances(RMSE)givesa goodindicationof the
randomerror. Although this proceduredoesnot provide us
with anabsoluteaccuracy, we do get relative accuracy with
respectto theplane.

The resultsof the XZ-planemeasurementsfor one,two
and four camerasareshown in Figure 8 andTable 1, �rst
column.For adifferent,randominteractionsessiontheaver-
agenumberof detectedpointspercameraindividually, and
theaveragenumberof detectedstereocorrespondingpoints
arelistedin thelastcolumnof Table1.

A numberof observationscanbemadefrom theseresults:

� Both thesystematicandtherandomerrordecreaseasthe
numberof camerasincreases.A pair of camerasis more
accuratethaneitherof thesinglecameras,andfour cam-
erasareyetslightly moreaccuratethaneitherpairof cam-
eras.

� In thecaseof cameras1 and2, theXZ planeis almostpar-
allel to thecameraplanes.In thiscasetheerrorin position
is mostlydeterminedby thedepthestimation.Hence,the
erroris dominatedby eZ asgivenin Equation5. For cam-
eras3 and4 the XZ planeis at a near45 degreeangle,
andthusthesystematicerror is decreasedascanbeseen
in Table1. However, therandomerror is increasedasthe
camerasarepositionedfurtheraway. Thecombinationof
all camerasis evenmoreaccurateasthedevice is viewed
from moredirectionsnow.

� Thetotalnumberof detectedpointsincreasesasthenum-
ber of camerasincreases.Hence,a posecan be deter-
mineda largerpercentageof thetimewith morecameras.
Thetheoreticalaccuracy is increasedaswell, sincemore
points are being usedin the calculations.Stereocorre-
spondencecanoftennot befound,while individual cam-
erasdo seeenoughpointscombinedfor posereconstruc-
tion.

5. Discussion

To allow for robustnessagainstocclusion,it is importantthat
a detected,occludedsubgraphcanbe matchedto a unique
subgraphin themodel.However, it is notyetclearwhatkind
of graphtopologyis bestsuitedto accomplishthis.Wefound
throughdirect experimentationthat model graphsconsist-
ing of several orderednon-isomorphiccomponentsarede-
sirable.Also, eachof thecomponents,andtheentiremodel
itself,shouldnotbeorderedautomorphic(exceptfor thetriv-
ial identitymapping).

A differentapproachwouldbeto extendthegraphmatch-
ing algorithm to detectmissingverticesand edgesdue to
commoncasesof occlusion.However, developinga match-
ing algorithmthat incorporatethis kind of meta-knowledge
andstill runsin real-timemight be infeasible.We canalso
imposetherequirementthatall modelgraphsmustbeplanar
or locally planar, which allows theuseof muchfastergraph
matchingalgorithms[Epp99]. This might, however, affect
thetypesof (convex) surfaceswecanusefor devices.

Another issueis the optimal placementof cameras.We
expectacamerasetupwith threecameras,oneoneachprin-
cipal axis,will beoptimalwith respectto theerrormadein
poseestimation(seeSection3.5), howeverthishasstill to be
veri�ed formally. Also, by varying cameraplacements,oc-
clusionby theusershandsmight beavoidedentirelyasone
sideof theinputdevicemightalwaysbecompletelyvisible.

Future work will thereforeconsistprimarily of �nding
speci�c modelgraphs,whichareprovablyrobustagainstoc-
clusion.Also, developinga morerobustgraphmatchingal-
gorithmwith knowledgeof occlusioncasesmight bedesir-
able.

c
 TheEurographicsAssociation2006.
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Figure 8: Tracking accuracywith respectto theXZ-plane. Thevertical axisshowsthedistanceto theXZ-planein millimeters.
Thehorizontalaxisrepresentsa sequenceof about200frames.Whena camera couldnotdetecta posethevaluesareommited.

6. Conclusion

We have proposeda projective invariant optical tracker
basedon graphtopology. As the correspondenceproblem
is solvedentirelyin 2D, any numberof camerascanbeused
without restrictions.This, in combinationwith error toler-
ant subgraphmatching,provided more robustnessagainst
occlusionthan classicmethods.Even thoughtheoretically
complex algorithmsareused,thesolutionis fastenoughto
estimateaposefrom multiplecamerasin real-time.Also, by
usingmultiple camerastheerrormadein poseestimationis
reducedsigni�cantly.
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