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Abstract

In this paper we describea new optical tracking algorithm for poseestimationof interaction devicesin virtual

andaugmentedeality. Givena 3D modelof the interaction device anda numberof camer images,the primary
dif culty in posereconstructionisto nd thecorrespondencbetweer2D image pointsand3D modelpoints.Most
previousmethodssolvedthis problemby the useof steleo correspondencédncethe correspondencproblemhas
beensolved,the posecan be estimatecby determiningthe transformationbetweerthe 3D point cloud and the
model.

Our appmoad is basedon the projectiveinvariant topolayy of graphstructues. Thetopolagy of a graphstructue
doesnotchange underprojection:in thiswaywesolvethe pointcorrespondencproblemby a subgaphmatding
algorithmbetweenthedetected®D image graphandthe modelgraph.

Thele are four advantaesto our methodFir st, thecorrespondencproblemis solvedentirelyin 2D andtherefore
no steleocorrespondencis neededConsequentlywecanuseanynumberof cameas,includinga singlecamea.

Secondlyasopposedo steleo methodsye do not needto detectthe samemodelpointin two differentcameas,
andtherefore our methodis mud more robust againstocclusion.Thirdly, the subgaph matding algorithm can
still detecta match evenwhenpartsof thegraphare occludedfor exampleby the uses hands.Thisalsoprovides
more robustnessagainstocclusion.Finally, the error madein the poseestimationis signi cantly reducedasthe
amountof cameasis increased.

CatgyoriesandSubjectDescriptorgaccordingto ACM CCS) 1.4.8[SceneAnalysis.]:ImageProcessingndCom-
puterVision.Tracking;l.3.6 [ComputerGraphics.]:Methodologyand Techniques.Interactiofechniques;

1. Intr oduction ageprocessingThemarkerscanthenbedetectedy simple,
fastthresholdandblob detectionalgorithms.The sameap-

Trackingin virtual andaugmentedeality is the processof proachis followedin this paper

identi cation andposeestimatiorof aninteractiondevice in
thevirtual space The poseof aninteractiondevice is the 6
DOF orientationandtranslatiorof thedevice. Severaltrack-
ing methodsarein existence,including: mechanicalmag-
netic,gyroscopicandoptical.Wewill focuson opticaltrack-
ing asit providesa cheapywirelessinterface,andis lesssus-

Oncea device hasbeenaugmentedy markers,the three
dimensionalpositionsof thesemarkers are measuredand
storedin a databaseWe call this databaseepresentationf
the device the model. Optical trackers are now facedwith

ceptibleto noisecomparedo the othermethods.

A commonapproacho trackaninputdevice by anoptical
tracleris markerbasedThedevice is usuallyaugmentedby
speci ¢ marker patternsrecognizableby the tracker. Opti-
caltrackersoftenmake useof infra-redlight combinedwith
retro-re ective markersto greatlysimplify the requiredim-
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threeproblems First, the detected?D imagepointshave to
bematchedo their correspondin@D modelpoints.We call
this the point-correspondencgroblem.Second the actual
3D positionsof theimagepointshave to be determinedre-
sultingin a3D pointcloud. Thisis referedto asthe perspec-
tive n-pointproblem.Finally, a transformatiorfrom the de-
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Figure 1: A 7x7x7cmcubical input device augmentedy a
graph pattern of retro-re ective markers. Note that graph
edeges are allowedto crossover betweerfacesof the cube
anddo not needto bestraightlines.

tected3D point cloudto the correspondin@D modelpoints
canbeestimatedusing tting techniques.

Many currentopticaltrackingmethodsnake useof stereo
correspondence\ll candidate3D positionsof the image
points are calculatedby the use of epipolar geometryin
stereoimages.Next, the point correspondenceroblemis
solved by the useof an interpoint distancematchingpro-
cessbetweenall possibledetectedpositionsandthe model.
A drawbackto stereocorrespondences thatevery marker
mustbe visible in two cameramagesto be detectedAlso,
sincemarkershave no 2D identi cation, mary falsematches
may occur

A commonandinherentproblemin opticaltrackingmeth-
odsis thatline of sightis required.Therearemary reasons
why a marker might be occluded,suchasit beingcovered
by theusershandsjnsufcient lighting, or self-occlusiorby
the device itself. Wheneer a marker is occludedthereis a
chancethat the tracker cannot nd the correctcorrespon-
dencearymore. Trackers basedon stereocorrespondences
are particulary sensitve to occlusion,asthey might detect
falsematchesandrequirethe samemarker to bevisible in
two camerasimultaneously

More recentlyoptical trackers have madeuseof projec-
tion invariants.Perspectie projectionsdo not presere an-
glesor distanceshowever, aprojectioninvariantis afeature
that doesremain unchangedunder perspectie projection.
Examplesof projective invariantsare the cross-ratio,cer
tain polynomials,and structuraltopology Using this infor-
mation,the pointcorrespondencgroblemcanbesolveden-
tirely in 2D usinga singlecameramage.Invariantmethods
have a clear advantageover stereocorrespondenceshere
is no needto calculateand match3D point positionsusing

epipolargeometrysothatmarkersneednotbevisible in two
camerasThis providesarobustwayto handlemarker occlu-
sionasthe camerasanbe positionedfreely, ie. they do not
needto bepositionedcloselytogetherto coverthesamearea
of thevirtual spacenordothey needto seethesamemarler.

In this paperwe presentinopticaltrackingmethodbased
ontheprojectie invarianttopologyof graphstructuresThe
topologyof a graphstructuredoesnot changeunderprojec-
tion: in thisway we solve the point correspondencgroblem
by a subgraptmatchingalgorithmbetweerthe detectedD
imagegraphandthe modelgraph.A sampleinput device is
shavn in Figurel.

We have implementedandevaluatedour trackingmethod
usingthe PersonaBpaceStation(PSS)anear eld desktop
VR/AR environment{MvL02]. Usersperform3D spatialin-
teractionusingtangibleinput devices. The setupconsistsof
two or four cameragquippedvith infra-red Iters andaring
of infra-redLEDs to illuminatethe scene.

The paperis organizedas follows. In section2 we dis-
cussrelatedwork. In section3 we give a detailedtechnical
descriptionof our method.Sectiond shavs experimentale-
sults, followed by a discussiorof the prosand consof the
methodin section5.

2. RelatedWork

Thereare several examplesof stereocorrespondenckased
trackersasdescribedn Sectionl [Dor99 RPF01vRMO5].
As our focusis on projectve invarianttrackers,we will not
dicusstheseary further.

A cross-ratioprojective invariant of four collineat or
ve coplanarpointswasusedby van Liere et al. [vLMO3].
They use the invariant property to establishpattern cor
respondencén 2D, as opposedto direct point correspon-
dence.Oncethe patternis identi ed, the individual points
arematchedusinga sterecbaseddistancet. Thematching
is simpli ed signi cantly dueto the previously established
patterncorrespondence.

Van Rhijn [VRMO04] usedthe angularcross-ratioof line
pencilsasprojectie invariant.Oncepatterncorrespondence
hasbeenestablishedthe rotationalpart of the device pose
canbedeterminediirectly by aline-to-planetting routine.
Thetranslationstill needgo be determinedrom the combi-
nationof two cameramageshoweverthesamepointsneeds
notbevisible simultaneouslyThemethodcanhandlepartial
occlusionof theline pencilswithout dif culty .

A topologicalapproachis suggestedy Costanzeet al.
[CRO3. They make useof region adjaceng treesto detect
individual marlers. Detectionis performedby a subgraph
matchingalgorithm,which canoptionallybemadeerrortol-
erant.However, no device poseestimationis performedin
theinitial algorithm.An extensionwasdescribedy Bencina
etal. [BKJOG who determinecda 2D translationof markers
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Figure 2: Thesequenc®f stagesin the pipelineto go from
a camernimageto a devicepose

ona at transparensurface.However, their poseestimation
appearsensitie to occlusion.Our methodis somevhatre-
lated, especiallyin the subgraptmatchingphase However,

we useactualgraphsandareableto determineafull 6 DOF
pose,in additionto beinglesssensitve to occlusion.

A widely usedramework for augmente&R is ARToolkit
[KB99]. This systemsolves patterncorrespondencby de-
tecting a square planarbitmap pattern.Using image pro-
cessingand correlationtechniquesthe coordinatesof the
four cornersof the squareare determinedfrom which a 6
DOF posecanbe estimatedDrawbacksarethat ARToolkit
cannothandleocclusion,andonly workswith planarmark-
ersandfour coplanarpoints.Fiala [Fia0g handledthe oc-
clusionproblemby usinganerrorcorrectingcodeasbitmap
patternin ARTag.However, the marlersstill needto bepla-
narandthe poseis estimatedrom four coplanarpoints.Our
methodcanhandleany numberof pointsin mary con gura-
tions,for exampleon a cylinder or asphere.

3. Methods

In this sectionwe give adetailedtechnicaldescriptiorof our
method.Our methodis basednthedetectiorandmatching
of graphgo solvethecorrespondengaroblem.An overvien
of theprocessingipelineis givenin Figure2 and3. The rst
stepin thepipelineis to performsomebasicimageprocess-
ing to acquirea skeletonof theblobsin theinputimage.This
skeletonis sufcient toreconstructhetopologyof thegraph.
We alsokeeptrackof theclockwiseplanarorderingof edges.
Next, somegraphsimpli cation is performedto eliminate
spuriousedgesfollowed by the orderedsubgraphisomor
phismtestingphaseto determinecorrespondencéncewe
have determined correspondendeetweertheimagepoints
andthemodel,a poseestimatioris performed.The posees-
timation algorithm rst calculatesthe 3D positionsof the
imagepoints,followed by anabsoluteorientationalgorithm
to t thepointcloudto themodeland nd atransformation
matrix. The four majorstagesareeachdescribedn a seper
atesubsectiorbelon. We concludethis sectionwith a brief
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Figure 3: A stchematicvisualizationof the variousstagesin

corvertinga camen image to a graphtopology that canbe
matdied (also seeFigure 2). From top-leftto bottom-right
the images show a visualizationof the state after: image
aquisition, thresholding blob detection,skeletization,end-
pointremaoal, graphdetectionshortedge removal, degree-
tworemaoval, andgraphmatding.
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mathematicahnalysisof the error madein poseestimation
usingmultiple cameras.

3.1. Image Processing

Dueto theuseof retro-re ective markersandinfra-redlight-
ing, the preliminary image processingstageis straightfor
ward. It is divided into four stagesthresholdingblob de-
tection,skeletization,andend-pointremoval. All stagesise
simple algorithms as describedby Gonzalesand Woods
[GwoO1].

First the inputimageis processedby an adaptve thresh-
olding algorithm.Next, blobsaredetectecandmeigedstart-
ing at the pointsfound by thresholding The detectedlobs
are processedyy a morphology basedskeletizationalgo-
rithm. The resulting skeleton suffers from small parasitic
edgeswhich areremovedin the nal phaseThe nal re-
sultis a strictly 4-connectedsingle pixel width skeletonof
theinputblobs.Thisis the basicinputto thegraphtopology
detector

3.2. Graph Detection

Thegraphdetectomakessomebasicassumptionaboutthe
structureof graphs:ary pixel thatdoesnot have exactly two
neighboursin the skeletonis a vertex, and an edgeexists
betweenary verticeswith a path betweenthem consisting
of pixelswith exactly two neighboursTheimplicationsare
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Figure4: (left) A detectedlobin light grey with its skeleton
shownin black. Thetop-rightjunctionof 5 edgesis splitover
3 vertices.Our goal is to combinetheseverticesinto a sin-
gle vertex while maintainingedge ordering (right) Merging
verticesvy, Vo, v3 resultsin the vertex with incidentedge
ordering as givenin the dashedinset. The numbes indi-
catethe order of eadh incidentedee . Theorder of meg-
ing doesnot matter for examplemeige(mege(v, V), V3))
equalsmege(mege(w, v3), V1))

twofold. First,edgesdo nothave to bestraightlines; aslong

astwo verticesareconnectedn someway thereis anedge
betweenthem. This meansthe samegraphcanbe on arbi-

trary corvex surfaceshapesSecondlyverticesof degreetwo

cannotexistsunlesghereis aself-loopatthevertex (ie. ade-
greeonevertex with anextraself-loopbecomesdegreetwo

vertex).

Next, we discussthe algorithm usedto detectthe graph
topologyfrom a given skeletonimage.Supposeve have a
setof verticesV = fvig, andamapM(x;y) ! v; thatmaps
imagecoordinatego this setwheneer avertex existsatthat
coordinate The vertex setinitially only containsthe (arbi-
trary) startingpoint. As long asthe setis notempty we take
a vertex from it an processthis vertex asdescribedn the
next paragraph.

Oncea starting vertex has beenchosen,we start at an
arbitrary neighbourof that vertex and performa recursve
walk to adjacentpixels. Fromnow on we only considerthe
threeneighbourof a pixel differentfrom the neighbourwe
reachedhis pixel from. Firstwe consultthe mapM to seeif
thispixel is anexisting vertex, andif so,insertanedge Also,
the pixel is setto zeroin the imageto indicateit hasbeen
searchedNext, we examine the neighboursof this pixel.
Wheneer thereis exactly one neighbouy we can simply
‘walk' to this neighbourand continuethe recursion.When
therearemultiple neighboursthe pixel is addedto the ver
tex setV andanedgeis inserted Whentherearezeroneigh-
boursan edgeis inserted but the vertex is not addedto the
vertex set.After insertinganedgewe choosea new starting
vertex from the setV andrepeatthe procedureThe process
terminatesoncethe setV is exhaustedat which time the
entiretopologyhasbeenconstructed.

For reason&xplainedin Section3.3, weimposeanorder
ing on the incidentedgesof a vertex. We keeptrack of the
pixel direction(N,E,S,W)averte is left from, andthedirec-
tion avertex isreachedromin therecursve walk over pixels
(alsoseeFigured). Every edgenow hasanorderingattribute
on bothends.We usethe startingpointsof edgesfor theor-
deringinsteadof the endpoints,asendpoints might affect
the orderingwhenoccluded Also notethatthis orderingof
incidentedgesds projectively invariantup to cyclic permuta-
tions.

Even thoughsmall edgeswere removed from the skele-
tonin theimageprocessinghaseijt is still possiblefor the
detectedyraphto containvery shortparasiticedges.These
edgeshave a harmful effect on our matchingalgorithm,and
thusthey areremovedin a subsequerdgtepby meging their
end-pointsHowever, caremustbetakennotto affecttheor-
deringof incidentedgesby memging two connectedrertices
(seeFigure4).

Finally, all verticesof degreetwo, exceptthosecontaining
self-loops,areremovedin a similar fashionasshortedges.
Theseverticescanoccurdueto thechoserstartingpoint, but
cannotexistin theory

3.3. Graph Matching

After detectingone or moregraphsin theimage,we try to
matchthe detectedyraphsassubgraphsn the modelgraph
to solve the point correspondenceroblem. To this extent
we use an error tolerant subgraphmatchingalgorithm. A
subgraphisomorphismis a mappingof the verticesfrom
one graphto the other that maintainsthe structureof the
graph.All subgraphisomorphismsnustbe detectedo ver
ify a unigue match. The problemof nding all subgraph
ismorphismsis a notoriously comple one. The decision
problemis known to be NPC, and nding all possiblesub-
graphscannotbe donesubexponentially[Epp99. We usea
slightly modi ed versionof the VF algorithmby Cordella
etal. [CFSV96 CFSV04 to do this matchingin worst-case
exponentialtime. However, testcasesshow thatin practice
thealgorithmis fastenoughto be usedin realtime.

We simpli ed thematchingfurtherwith thefollowing ex-
tensionsFirst, asedgescanbe occluded yverticesof degree
onedo not provide uswith areliableposition. Thereforethe
matcherignoresall verticesof degreeonewhile matching.
They do, however, addto the degreeof theiradjacentertex.
Secondlyin orderto reduceheamountof isomorphismsve
imposean orderingon theincidentedgesof a vertex. For a
matchto bevalid thisorderinghasto beacyclic permutation
in the model, possiblywith gapsfor missingedgesIn this
way a stargraphwith onecenterpointand ve edgesonly
has ve automorphismsasopposedo 5! = 120.

Wheneer more than one subgraphisomorphismis de-
tectedwe scanfor * x edpoints'thathave thesamemapping
in all theisomorphicmappingsin this way somepointscan

¢ TheEurographicsAssociation2006.
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Figure5: Shematicview of theperspectiven-pointproblem
with two cameas. The goal is to reconstructthe p; given
the camenr positionsC;, image pointsu; andcorresponding
modelpointsm

beuniquelyidenti ed, evenwhenmultiple isomorphicmap-
pingsexist (seeFigure7). All x ed points,which will have
degree greaterthan one, and their uniquely corresponding
model pointsare provided asinput to the posereconstruc-
tion algorithm.

3.4. PoseReconstruction

Oncethe correspondencketweer2D imagepointsand 3D
modelpointsis knawn, the6 DOF device posecanberecon-
structed Our approachs very closelyrelatedto the method
suggestedy Quan[QL99]. We solve a systemof polyno-
mial equationsby partial algebraicelimination and singu-
lar value decompositionfollowed by Horn's [Hor87] abso-
lute orientationdeterminatioralgorithmusing quaternions.
Quans methoddoesnot directly supportmultiple cameras,
but the extensionis straightforvard. We brie y review the
methodnow.

GivencamergpositionsC;, 3D imagepointsu; onthefo-
calplane correspondin@D modelpointsm;, andthecamera
calibrationmatricesthetaskis to calculatethe 3D positions
pi andthetransformatiormatrix M thatmapsp; to my (see
Figure5). Sinceall p; residein a differentframeasthe m,
we canonly useinterpointrelationsin thesameframe.Each
point p; liesonthe 3D line throughits correspondingmage
point uy; andthe cameralocationC;. For eachpair of such
lineswe canwrite the line equationin parametridorm and
solve for the parameterst;; tj) wherethe distancebetween

thosepointsequalsdij = jjm mjjj22

BG+tu C) (Ci+tup Ciif=dj (D)
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Simplifying this equationand settingD; = u; G and

GCij = G C; resultsin a polynomialin two unknowns, (t;,
tj), with thefollowing coefcient matrix:
1
dj+Gj Gj  2Dj Gj) Dj Dj
@ 2(D; Gjj) 2(Di Dj) o A (2
Di Dj 0 0

Every pair of points de nes an equationof this form.
However, solving sucha systemof non-linearequationsal-
gebraicallyprovesextremelydif cult. A directsolutioncan
be obtainedusing Grébnerbases howvever the numberof
termsin this solutionis extremelylarge andit is sensitve
to numericalerrors.

We cansimplify the coefcient matrix greatlyby normal-
izing thedirectionvectorsof the parametridines (D; D; =
Dj Dj = 1) andtranslatingall camerago the samepoint
attheorigin (Cjj = 0). Oncethesesimpli cations have been
made,the polynomial systemreducesto the sameform as
de ned by Quan[QL99]:

Rj=t?+t? 2(D; D) dij=0 3)

Becauseof the simplifying cameratranslationsthe new
distancecalculationbecomes:

di=iim G) (m Ci*=iim m Gji® (@)
Given N input points, there are '; constrainingequa-
tions. Using three equationsP;j; Pk; Pjk in ti;tj;tx we can
constructa 4th degree polynomialin ti2 by variable elimi-
nation.If we x the rst parameteto t;, we canconstruct
N2 ! suchpolynomialsin tiz. For N > 4 this systemis an
overde nedlinearsystenin (1;t?; (t%)2; (t%)%; (t2)%), which
canbesolvedin aleast-squarefashionby usinga singular
valuedecompositiorona N, 5 matrix. In the caseof
N = 4 aslightmodi cation hasto bemade asthelinearsys-
temis underdeterminedn this case but a uniquesolution
canstill be found (see[QL99] for details). This meanswe
needto detecta minimumof four pointsoverall thecameras
to reconstructhe 3D point cloud.

Note that after calculatingt; we cannotsimply substitute
its value in the original polynomial equations As the ob-
tainedsolutionis a leastsquaresstimate theremight not
exist a solutionto the polynomial equationusingthis vari-
able.Recallthat the polynomialequationrepresents con-
strainton the distancebetweentwo lines.By xing a point
ononeof thesdines,thereis noguarante¢hatthereevenex-
istsapointontheotherline for whichthedistanceconstraint
holds.Onecould minimize the differencein distance how-
ever to be preciseall pointsneedto be takeninto account.
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Figure 6: Expectederror perpendicularto the camern
plane

Therefore we simply solwve all of thet; seperatelysingthe
methoddescribedabore.

At this point we have effectively solved theleastsquares
perspectie n-point problemfor multiple camerasn closed
form. The next stepis to determinea transformatiommatrix
betweenthe determinedD point cloud andthe 3D model.
To accomplishthis we usethe closedform absoluteorien-
tation methodfrom Horn [Hor87]. As this algorithmcanbe
left unmodi ed we will notdescribat ary furtherhere.

3.5. Error Analysis

Next, we will describea mathematicamodelof the errors
madein poseestimationunderthe presencef noise,using

multiple camerasWe candistinguishbetweerthreesources
of errors:inaccuratevertex positionsin the cameramages,
errorsin thedevice descriptionanderrorsin thecameracal-

ibration. For our purposesve only considerthe rst source
of errors,andassumeéoth the device aswell asthe camera
errorsto benggligible.

As depthinformationcannotbe obtainedby usinga sin-
gle projectedpoint, we assumea camerawith two detected
pointsasshawn in Figure 6. If we assumehe errorin the
projectedmagepointsto follow aGaussiamlistributionwith
expectationg,, theresultingexpectederrorseyy in the XY-,
andez in the Z-directionaregivenby:

2
exy = %90 &= lfdi?;;o ®)
whered is the distancefrom the pointsto the cameras
centerof projection, f thefocal distanceandl the distance
betweerthepoints.Notethate; is largerthanexy, andthus
thelargesterroris madein estimatingdepthinformation.Ex-
tendingequation5 to N pointsresultsin

1 1
e>’\<IY = PﬁeXY e’Z\l = Pﬁ% (6)

Figure 7: When parts of the graph are occluded,some
xed pointscanstill be detectedAn interestingexampleis
the bottom-rightimage; the detectedsubgaph mathesthe
modelin two ways.Thepoint connectinghe two self-loops
can be uniquely identi ed by noting a xed point. How-
ever, the points respesentingthe loops themselvegannot
beuniquelyidenti ed asthetwo pointscanbeinterchanged
freely

Equation6 shavs thatthe errordecreasem all directions
whenmorepointsarevisible to the cameraWe canextend
theseequationgo the caseof multiple camerasTo do this,
the expectationshave to be transformedo a commonrefer
enceframe. Writing N¢ for the numberof camerasand e
for the transformedexpectationof errorsin thei-th camera
gives

e= 5 ase (@)

for eachof the threedirectionswith respecto the refer
enceframe.Equation7 shaws thatthe expectederroris re-
ducedby increasingheamountof camerasOurinitial claim
to usemultiple camerasn our methodto reducetheamount
of errorin poseestimationis supportedy thisresult.

4, Results

Ourimplementatiorusesa cubicalinput device augmented
by retro-re ective markers, as shavn in Figure 1. Several
pointscanbe uniquelyidenti ed in the pressencef occlu-
sion(Figure7), allowing thedevice poseto bereconstructed.
Using multiple camerasncreasedhe numberof detected
pointsasexpected.

The implementationusesrelatively unoptimizedimage
processinglgorithms,andrunsentirely on the CPU. Even
so0,the entirereconstructionfrom imageprocessingo pose
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Accuragy (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: Measuement-to-planesummarizedresults for

1/2/4 camens. The avelage distanceto the XZ-planeand
theRMSEare givenin the r stcolumn.Theavetage number
of detectegointsper camear individually (mono)andequal
correspondingpoints(stereo) are givenin thelast column.

estimationwith multiple camerastakes between10 and
20ms per frame. Of this time more than half is spentin
theunoptimizedmageprocessinghaseTheseresultsshov
thatour methodis well suitedto runin real-timewith multi-
ple cameras.

4.1. Accuracy

Determiningthe absoluteaccurayg of atraclker over the en-

tire working volumeis a tediousand very time-consuming
processA grid of sufcient resolutioncovering the track-

ing volumehasto be determinedNext, the device hasto be

positionedaccuratelyat eachgrid position,andtheresulting

tracker measuremeritasto bedetermined.

We have useda different, simpli ed approachWe slide
the cubeover a planeof constantheightin the trackingvol-
umeandlog the positionalresult. Thus,the measureatube
positionsshouldall lie onthe XZ-plane.Now we determine
theaveragedistanceto the XZ-plane,which givesanindica-
tion of the systematierror made.The standardieviation of
this setof distance§RMSE) givesa goodindicationof the
randomerror. Although this proceduredoesnot provide us
with anabsoluteaccurag, we do getrelative accurag with
respecto theplane.

The resultsof the XZ-plane measurement®r one,two
and four camerasare shawvn in Figure 8 and Table 1, rst
column.For adifferent,randominteractionsessiortheaver-
agenumberof detectecpointspercamerandividually, and
the averagenumberof detectedstereocorrespondingpoints
arelistedin thelastcolumnof Table1.

A numberof obsenationscanbemadefrom theseresults:

Both the systemati@ndthe randomerror decreasasthe
numberof camerasncreasesA pair of camerass more
accuratehaneitherof the singlecamerasandfour cam-
erasareyetslightly moreaccuratehaneitherpair of cam-
eras.
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In thecaseof camerad and2, theXZ planeis almostpar
allel to thecameralanesin this casetheerrorin position
is mostly determinedy the depthestimation Hence the
erroris dominatediy ez asgivenin Equation5. For cam-
eras3 and4 the XZ planeis at a near45 degreeangle,
andthusthe systematicerroris decreasedscanbe seen
in Tablel. However, therandomerroris increasedsthe
camerasrepositionedfurther avay. The combinationof
all camerass even moreaccurateasthe device is viewed
from moredirectionsnow.

Thetotal numberof detectegointsincreasesasthenum-
ber of camerasincreasesHence,a posecan be deter
minedalargerpercentagef thetime with morecameras.
Thetheoreticalaccurag is increasedaswell, sincemore
points are being usedin the calculations.Stereocorre-
spondenceanoftennot be found, while individual cam-
erasdo seeenoughpointscombinedfor posereconstruc-
tion.

5. Discussion

To allow for robustnessgainstocclusionjt isimportantthat
a detectedpccludedsubgraphcan be matchedto a unique
subgraphn themodel.However, it is notyetclearwhatkind

of graphtopologyis bestsuitedto accomplishthis. We found
through direct experimentationthat model graphsconsist-
ing of several orderednon-isomorphiccomponentsare de-
sirable.Also, eachof the componentsandthe entiremodel
itself, shouldnotbeorderedautomorphigexceptfor thetriv-

ial identity mapping).

A differentapproactwould beto extendthegraphmatch-
ing algorithmto detectmissingverticesand edgesdue to
commoncasesf occlusion.However, developinga match-
ing algorithmthatincorporatethis kind of meta-knavledge
andstill runsin real-timemight be infeasible.We canalso
imposetherequirementhatall modelgraphanustbeplanar
or locally planar which allows the useof muchfastergraph
matchingalgorithms[Epp99. This might, however, affect
thetypesof (convex) surfaceswe canusefor devices.

Anotherissueis the optimal placementof camerasWe
expectacamerasetupwith threecameraspneon eachprin-
cipal axis,will be optimalwith respecto the errormadein
poseestimation(seeSection3.5), howeverthis hasstill to be
veri ed formally. Also, by varying cameraplacementsoc-
clusionby the usershandsmight be avoidedentirelyasone
sideof theinput device might alwaysbe completelyvisible.

Future work will thereforeconsistprimarily of nding
speci ¢ modelgraphswhich areprovably robustagainstoc-
clusion.Also, developinga morerobustgraphmatchingal-
gorithmwith knowledgeof occlusioncasesmight be desir
able.
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Figure 8: Tracking accuracywith respecto the XZ-plane Thevertical axis showsthe distanceto the XZ-planein millimeters.
Thehorizontalaxisrepresentsa sequencef about200framesWhena camer couldnot detecta posethe valuesare ommited.

6. Conclusion

We have proposeda projective invariant optical tracker
basedon graphtopology As the correspondenceroblem
is solvedentirelyin 2D, ary numberof cameraganbeused
without restrictions.This, in combinationwith error toler

ant subgraphmatching, provided more robustnessagainst
occlusionthan classicmethods.Even thoughtheoretically
comple algorithmsare used,the solutionis fastenoughto

estimatea posefrom multiple camerasn real-time.Also, by

usingmultiple cameraghe errormadein poseestimationis

reducedsigni cantly.
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