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Abstract

Therearemary applicationswvhereit is usefulto know the locationand/ororientationof
peopleor objectsasthey move throughspace.For example,headandhandpositioncan
be usedasinput to drive a virtual reality application,or the joint motion of a dancercan
be capturedo drive the movementof ananimatedigure. Amongvariousmotiontracking
technologiessystemaisingcamerasasoptical sensordrave beenthe subjectof intensve
researctfor yearsdueto their non-intrusve natureandtheir immunity to ferromagnetic
distortion. A network of camerasallows for a larger working volume, higher tracking
accurag, morerobustnessndgreateiflexibility , but alsointroducesavarietyof interesting
problems.The architectureof suchsystemsieedso be designedo be scalableo a large
numberof cameras.The addedcompleity of suchsystemamakesit difficult to calibrate
all of the cameragnto a single global coordinateframe in a scalablefashion,and also
introduceghe problemof how to optimally placecamerago maximizethe performancef
thetrackingsystem.

In thisdissertationywe have designedndimplemented-Track,ascalabldgrackingar
chitecturefor real-timemotiontrackingwith tensof cameraslts one-processegpercamera
designenablegheparallelprocessin@f high-bandwidthmagedata. Theemploymentof a
centralestimatotbasedon anextendedKalmanfilter allows the smoothandasynchronous
integrationof informationfrom camera-processairs. Sincecamerasynchronizations
notrequired thisarchitecturegesultsin easierdeployment,andenableshe employmentof
heterogeneousensorsncluding cameraswith differentresolutionsandframerates. The
architecturealso supportstracking of multiple featuresand automaticlabeling of these
featuresevenwhensomefeaturepointsaretemporarilyoccluded.Threeend-to-endappli-
cationsarebuilt uponthis architecturdéo demonstratéhe usefulnes®f the system.



Next, we presenaiscalablevide-areanulti-cameracalibrationschemeA largenumber
of asynchronousamerascan be calibratedinto a single consistenttoordinateframe by
simply waving a brightlight in front of them. This canbe achiezedevenwhencamerasre
arrangedvith non-overlappingworking volumesandwhenno initial estimateof camera
posesareavailable. Thereis no needfor the constructiorof a universallyvisible physical
calibrationobject,andthe methodis easilyadaptablé¢o working volumesof variablesize
andshape.

We thenproposea quantitatve metricfor evaluatingthetrackingquality givena multi-
cameraplacementconfiguration. Even thoughocclusionof tracked objectshasa huge
impacton motiontracking,previouswork only usesthe 3D uncertaintycausedy limited
cameraesolutionto evaluatequality. Our metricconsider$othcameraesolutionandthe
likelihoodof targetocclusion.In the formulationof the metric, we proposea novel prob-
abilistic modelthat estimateghe dynamicself-occlusiorof targetsandverify its validity
throughexperimentaldata. Finally, we analyzevariouscameraplacementonfigurations
usingour proposedmetricandshowv the impacton cameragplacementequirementsvhen
consideringeitheronly resolutionor bothresolutionandocclusion.

Vi
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Chapter 1

Intr oduction

1.1 Applications of motion tracking

Therearemary applicationswvhereit is usefulto know the locationand/orthe orientation
of peopleor objectsasthey move throughspace This type of motiontracking,sometimes
called6 degree-of-freedonfDOF) positiontracking,hasbeenusedin military applications
for years. Recently motiontrackinghasbeenfound very usefulfor virtual reality (VR)
andentertainmenindustryapplications.The maindistinctionbetweermotiontrackingin
VR andentertainmengapplicationsandin military applicationss thatthe subjectsbeing
tracked areusuallyhumanor humanheld objects. For example,in a VR application,the
headandhandpositionsof ausercanbeusedto controlcomputergeneratedmagessothat
they arealwaysrenderedrom the point of view of the userandin responsdo the users
handgestures.In entertainmentsinceit is labor intensve to manuallyanimatefigures
whoseintendedmotionis comple, the motionsof anactorcanbe appliedto ananimated
figurevia trackingthe motionsof all relevantjoints andbody parts. This trackingprocess,
calledmotioncapture in the entertainmenindustry canalsobe appliedto otherdomains.
For example thecapturednotionof atop athletecanbeusedn trainingor sportamedicine.
Figurel.1lshows afew examplesof suchapplications.

The requirement®n the performanceof real-timemotion tracking systemsbasedon

LIn this thesis,the term motiontracking refersto the tracking of target position, orientation,and their
derivativesincludingvelocity, angularvelocity, etc.
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(b)

Figurel1l.1: Exampleapplicationsof positiontrackers. (a) Motion captureof a dancers
movement;(b) Tracking of userheadpositionasinput to drive the display of a virtual
reality system.

accuray, resolutionresponsienessrange androbustnes&reimportantfor mostapplica-
tions. VR andentertainmenapplicationdhave additionalrequirementslueto thevarietyof
ernvironmentsin which the systemsieedto be deployed,including mary typesof human-
inhabitedervironments.Theserequirementsarebasedn non-intrusvenesso the subjects
beingtracked,supportfor multiple targets,andflexibility of deploymentandconfiguration.
A moredetaileddescriptionof theserequirementss providedbelow:

Accuracy and resolution Theseareindicatorsof theexactnes®f thereportedargetposi-
tionsby asystemwhereatargetcanbeconsideredsadistinctobjector asaportion
of anobjectthatcanhave a distinctpositionor orientationrelative to the restof the
object. Accuiacyis the maximumerror of a reportedpositionfrom its real position
andit measuresiow “correct” it is. For example,a systemwith anaccurag of 5
millimetersindicatesthat a reportedpositionis within +5 millimetersof the actual
position. Thisis oneof thekey measuresf performancdor a motiontracker, since
poorpositionaccuray (andthuspooraccurag of estimatiornof othermotionparam-
eters)can causeerroneougesponsefrom a VR systemor generatiorof distorted
motionfor animatedigures.A relatedmeasuras resolution whichis the minimum
targetpositionchangethatthe systemcandetect.While goodaccurag dependon
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goodresolution goodresolutiondoesnot guarantegoodaccurag.

ReponsvenessThis is usuallymeasuredby the systemlatency the time lag betweerthe
movementof the target andthe reportof the new position, andthe datarate, the
numberof computedpositions(and other motion parametersper second.VR ap-
plicationsareinteractve andrequirelow lateng, while motion captureapplications
mustcapturedetailsof high speednovementsandrequirehigh datarates.

Non-intrusivenessA trackingsystemnevitably needgo deploy sensorandotherdevices
in theenvironmentand/oronthetarget. However, whentrackingfor VR applications
or motion capture,the target beingtracked is usually human,or objectsheld and
movedby humangtheseobjectsarecalled“props”). A systemwith alot of cumber
somedevicesandwiresattachedn or aroundthe personcanbevery distractingand
obtrusveto hisintendednovementsin orderfor thesystento befrequentlyusable,
it is importantfor the humanto be ableto focuson his taskandmove freely. This
meanghatthetrackingsystemshouldbeinstrumente@ndarchitectedothatit is as
non-intrusve aspossible.

Range Thisis the sizeof theworking volumein which the motionneedgo be accurately
reported.The exactrequirement®n the rangeareapplicationdependentSincethe
targetmotionin VR andentertainmengapplicationss usuallyassociategvith human
movements the rangeshouldbe at leastroom size. Thereare mary other future
applicationghatrequirea muchlargerrange,suchastrackingplayerson a football
field. Thetrackingsystemshouldbe architectedo be scalableto ary largeworking
volume.

Support for multiple targets The ability to monitor the movementof multiple targetsis
importantfor mary applications.For example,an“intelligent” meetingroommight
needto obsene movementof multiple peoplein theroomandrespondprin motion
capture,usually the motionsof multiple body partsneedto be recorded. Systems
that permit the independentleterminationof the positionsof multiple objectsare
desirable. Differentapplicationsmay also require different levels of multi-target
support.This supportcanvary from simply the outputof multiple positionsfor every
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frameto the distinguishing(or “labeling”) of eachtarget andthe determinatiorof
time-coherentracesfor eachlabeledtamget.

RobustnessA practicalsystemmustbe ableto withstandthe noise,interferenceandun-
certaintyof therealworld. Thesefactorscould causeerroneougositionreportsor
eventhrow off the systemtotally by causingit to loseor confusetargets. Onepar
ticularly serioustype of interferencds whena sensolis blocked or occludedfrom
receving thesignalfrom theemitter Noiseandinterferencenaynotonly comefrom
objectsin the environment,but canalsocomefrom othertargets. It is importantto
designa systemto beresistanto theseerrorsources.

Flexibility This refersto all kinds of factorsthat affect a systems ability to be easily
deployed and configuredfor variousapplicationsandits ability to be reconfigured
or upgradedver the courseof its use.For example,applicationamay have variable
trackingresolutionrequirementdgor differentsubspacesf the working volume; a
systememplgying multiple sensorsnay desireto usesensor®f differentresolution,
speedandeven catgory. Thesesensorsalsomay not be synchonized.Moreover,
beforetrackingcanbe performeda systemneeddo be configuredwith priorssuch
assensotocationsandotherparametersa processhatis usuallytime-consuming
itself. Thereforewhena sensoneeddo beaddedfeplacedr remaoved,it would be
desirablgo beableto incrementallyreconfigurghesystem.Oneimportantaspecbf
flexibility is scalability, asystemsability to accommodatecreasen varioussystem
parametersuchasthe numberandtype of camerasnumberof tarmgets,range etc.

To summarize a good motion tracker for VR and entertainmengapplicationsshould
provide high accurag, goodresponsieness|arge range,andsupportfor multiple tagets
while beingnon-intrusve,robustandflexible. Thisthesisaddressedesignof motiontrack-
ing systemdor thesekindsof applications.

1.2 Sensortechnologies

Motion trackers usefour main categyoriesof motion sensors:optical, magnetic,acoustic
andmechanical52]. Currentlythetwo majorsensoitypesusedin VR andentertainment
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applicationsareopticalandmagnetic.

Magnetictrackershave fixedemittersn theworking volume,andhave sensorsnounted
onthetamget. Thesetrackersestimatethe positionof thetargetby measuringhe changean
the magneticfield asthe target (sensor)s moving. Multiple tamgetsare supportedoy the
time-division multiplexing of multiple emittersensorpairs. However, the magneticfield
is subjectto distortionscausedyy ferrometallicobjectsand objectsthat generateslectro-
magnetidields suchastransformerandcomputerscreensThis distortionincreasesvith
emitterpower.

Optical trackers employ optical sensordo detectvisual featuesfrom imagesof the
target. The sensorwary from photodiodedo ordinaryvideo camerasandthe signalsbe-
ing detectedrary from emittedlights controlledby thetraclker to readily availableambient
lights. Usually markers suchassmall bright light emitters,reflectve balls, or paintof a
particularcolor needsto be attachedor appliedto the targetsto make themmore distin-
guishabldor the sensarOpticaltrackerscomputethe 3D positionsof thetargetsbasedn
the geometricrelationshipbetweenthe detectedeaturelocationson the image(2D) and
thesensompositions(3D) known a priori.

Comparedo magneticsensorspptical sensorsare morewidely usedfor VR anden-
tertainmentrackingapplicationdor the following reasons.They are(a) inherentlymore
accuratedbecausehey don't suffer from ferromagnetiaistortion; (b) muchlessintrusive,
becausehe markersattachedo thetamgetareusuallymuchsmallerandlesscumbersome
than thosefor magnetictrackers; and (c) have bigger rangebecauseoptical signal can
reachfartherand emitter power canbe increasedvithout the increaseof distortion. The
maindisadwantage®f systemdasedon optical sensorarethatthey aresubjectto occlu-
sion andthatthey have difficulty distinguishingbetweemmultiple targets. However, they
arethepreferredsensotechnologybecaus@ccurag, non-intrusvenesandrangearevital
to theseapplications.Moreover, goodsystemdesignnot only canleverageandextendthe
advantage®f the sensorsbput alsocompensatéor their limitations, thus satisfyingmore
advancedapplicationrequirementsThe maingoal of this thesisis to provide insightsinto
multiple facetsof systemdesignissuesor camera-basetlackers.
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1.3 Motivation for a network of cameras

1.3.1 Benefits

Thoughindividual optical sensordave perhapshe bestsensoraccurag andrangeprop-
erties,advancedapplicationswith increasedaccurag, rangeandrobustnesgequirements
necessitatéhe useof mary sensorspr a networkof sensorgor camerasn the context
of this thesis).Figure 1.2 showvs a conceptualllustration of a trackingsystemwith mary
camerasA network of camera$asthefollowing benefits.

Bettercoverageandresolutioncanonly be achiazed by employing mary camerasFor
example,if onewantsto track the motion of a soccerplayerin a stadiumor to extract
the motion of peoplein a building with a complex floor plan,it is impossibleto perform
suchtaskswith only onecamerasincea camerahaslimited rangeandresolution. Since
a camerahasa fixed numberof pixels, one caneitherachieve larger coveragebut lower
resolutionby usinga wide anglelens, or achiere higherresolutionbut smallercoverage
with a narrav anglelens,but not both. In addition,thereis a distance-resolutiotradeof:
asthe distancefrom a target to the cameraincreasesits size on the cameramageplane
decreasesgndasa resulttrackingresolutionandaccurag decreased.arger coveragefor
a givenresolutioncanonly be achiezed by combiningthe rangesof mary cameraglaced
and/oraimedat differentlocations. By “many”, we meantensof camerasr even more.
Sincethe term “multi-camera”hasbeenusedin the computervision literaturemostly to
referto 2-5 camerasjn this dissertationwe usethe term many-camea to refer to such
systemdo emphasizehe differentdesignspacefrom previously describedmulti-camera
systems.

Systemrobustnessanalsobe improvedwith the useof mary cameradvecausef the
reductionof cameraocclusion Occlusionis the phenomenonvherea featureis visually
blockedfrom a cameraby objectscalledoccludes. Occluderscanbe objectsin thescene
or thetamgetitself. Whenocclusionoccursandno cameraseesa feature,it is impossible
to calculateits 3D postion. It is intuitive that the more cameraghat aredeploedin the
scenethelessocclusionthereshouldbe, sincefeaturesoccludedfrom onecameracould
beseenby camerasocatedelsavhere.ln addition,in a practicalsystemotherfactors(such
aspower failure) could causea camerato stopfunctioning. More cameragrovide more
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Target motion parameters

Priors
(positions, orientations, speed, ...)

(camera poses,
focal lengths, ..) —  ______L1l_____
/- Many-camera \
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Video of targets

Camera

AN -
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Figurel.2: Schematiof amary-camerdrackingsystem.Tensof camera®bsere moving
targets. Thetrackingsystemdetermineshe 3D positionsof the targetsbasedon detection
of their 2D positionsin the cameramagesandon someprior knowledgesuchaswhereall
thecamerasrelocated.Cameragsanbeasynchronouandhave heterogeneoysarameters.
They arealsosubjectto occlusion.
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redundang. With asufficientnumberof cameraspropersystendesigncanensurehatthe
failureof any oneor morecamerasvill notresultin thefailureto trackthetargetanywhere
in theworking volume.

Anotherconsideratiorfor usinga network of camerass cost. Thoughonemay argue
thatfuturetechnologymightenableusto build a“supersensorwith exceptionarangeand
resolution,a systemcomposedf mary off-the-shelfcommoditycamerass usuallymore
cost-efective thanonewith a smallernumberof custom high performanceensors.

1.3.2 Issuesto be solved

As describedrom the previous section,a tracking systemcanimprove someaspectsof
its performancdy emplgying a network of camerasHowever, thereareissuesemaining
to be addressedMoreover, the useof a network of mary camerasalsointroducesother
challengesn systemdesign.Thesearedescribedelow.

Thoughby emplo/ing mary camerasone can extend the rangeand resolutionof a
system,the trackingaccurag of a systemis dependenbn mary otherfactors. For one
thing, asmentionedandseenin Figurel.2,in orderto computetarget position,the system
needgo know the pose(i. e. positionandorientation)andotheroptical parametergsuch
asfocal length)of all camerasspriors. The processof measuringanddeterminingthese
geometricandopticalparameterss calledcalibration, which usuallyhasto bedonebefore
the actualtrackingcanbe performed.The accurag of tamget positiondirectly depend®on
theaccurayg of cameracalibration.For advancedapplicationsvith largeandgeometrically
complex working volumes traditionalcalibrationmethodsnaynot handlecertaincomplec
camerdayouts.Thereneeddo beacalibrationschemehatcanhandleawide andcomplec
coveragearea.

Targetpositionaccurag alsodepend®on the accuratemeasuremertf 2D targetloca-
tion on theimageplaneof a camera.However, camerasnherentlyhave a range-distance-
resolutiontrade-of, andthey aresubjectto occlusion.Poorerresolutionmeandargererror
in the measurementf the features 2D positionon the image,andthereforelessaccurate
3D position. Occlusionof a featurepreventsa camerarom gettingary informationabout
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this featureat all. Both phenomenanay causemoreerroranduncertaintyin the determi-
nationof the features 3D position. From Figure1.2it is not hardto seethatthe severity
of thesephenomenare affectedby whele camens are locatedrelative to the targetsand
occludersandby their other settingssuchastheir fields of view. Therefore,in orderto
achiere accurateandrobusttracking,it is importantto explore whatconfiguration$ to set
for all of thecamerasn orderto achieze minimum3D positionerror(or bestaccurag) for
agivenmotiontrackingtask.

A third factorthataffectstheaccurag is how a systemhandlesasyn&ironousmeasure-
ments.By “asynchronousive meanthatcameraslo notall take picturesatthe sametime.
Many publishedmulti-camerarackingalgorithmsassumehatall camerasake their mea-
surementsimultaneouslywhichrequiregphysicallywiring andsendinga synchronization
signalto every cameraThisis anon-trivial engineeringqiuancegspeciallywhenthe num-
berof camerass large[80]. Asynchronouglatafrom multiple camerasauseslgorithms
thatassumesynchonizecdamerago reporterroneousnotioninformation. Thereforejt is
desirableto have a trackingsystemarchitectureandassociate@lgorithmsthatareableto
supportalarge numberof asynchronousameras.

Supportfor multiple targetsremainsan issuefor camera-basettacking systems.As
mentionedn Sectionl.1, thisis neededoy mary motiontrackingapplications.However
thereis aninherenttrade-of betweerdetectinga featurein a sceneandidentifyingit. For
example,a simplefeaturesuchasa pointis easierandfasterto detectfrom animagethan
othermorecomplec typesof featuresbut is harderto distinguishfrom otherfeaturepoints.
Most currentmotion capturesystemshave a low level of supportfor multiple targets: the
systemgust outputa setof positionsper frame, and leave the labelingto manuallabor
later a very tedious,time-consumingorocess. A systemarchitecturethat hasa higher
level of supportfor multiple targetsleadsto a more efficient end-to-endnotionrecovery
pipeline.

Flexibility, andespeciallyscalability is anissuethat arisesandbecomesncreasingly
importantwhenthe numberof camerasn a systembecomedarge. First, the calibration

2The configurationof a camerarefersboth the location and orientationat which the camerais placed
aswell asits optical parametesettings. For the sale of simplicity, we will usethe imprecisetermcamera
“placement’to referto the settingof boththe geometricandopticalparametersf acamera.
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of mary camerasusing traditional methodsquickly becomedabor intensve and time-
consumingwhich makesthe deploymentandconfigurationof a systemdifficult. In order
to deploy amary-camerasystemefficiently, thereneeddo bea camerecalibrationscheme
thatcanscaleto supportof alarge numberof camerasith minimumlabor Secondwith
mary camerast is possibleto allow variable placementdensityof camerasso that spa-
tially varyingtrackingresolutioncanbe achieved, which constitutesoneaspecbf system
flexibility . However, thereneeddo be a systemati@andquatitatve way to computewhere
camerashouldbe laid out to achieve suchvariablecoverageresolution. Third, in terms
of systemarchitectureit is importantnot only to allow asynchronousamerasbut alsoto
allow hetepgeneousameras.‘Heterogeneousimeanghatthe camerasnay have differ-
entrangesyesolutionsandframerates.As the numberof camerasecomedarge, thisis
not an unreasonablassumption.The useof heterogeneousamerasot only makesthe
the systemmoreflexible, but alsocould effectively leveragethe advantage®f eachkind.
Anotheraspecbf systentlexibility is its upgradability With alarge numberof camerasit
is extremelyimportantto have a systemarchitecturghatsupportgdheincrementabhddition,
deletion,andupgradeof a subsebf thecameras.

Responsienesss anothemperformancemeasureghat needsto be consideredwith the
increaseof the numberof cameras.More camerasneansmoreraw datato processand
moreoverheador communicationthus potentiallyleadingto eitherlongerlateng or an
increasan unprocesse(lvasted)data.lt is desirablehatthe a systemis scalablen terms
of its processingpowerandmaintaingts responsienesasthenumberof camerancreases.

In this dissertatiora scalablemary-camerarackingarchitecturas proposedtogether
with a novel cameracalibrationschemeand a formulationand study of the selectionof
optimalcameraconfigurationsThis work addressekow to improve thelevel of accurag,
flexibility andmulti-targetsupporfor amary-camerdrackingsystenthroughgoodsystem
design,specificallythroughimproved cameracalibration,cameraplacementand system
architecture. Several applicationsare implementedto demonstratehe systems overall
capability andthe variousperformanceaspectsescribedearlier Thoughsomecareis
takento assurdghatthe systemis responsie enoughfor the demonstratedpplicationsthe
generalissueof systenresponsienesss notthefocusof thisthesis.
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1.4 Relatedwork

In this sectionwe review somepreviouswork in multi-cameraracking,especiallyfrom the
perspectie of theamountof supportprovidedfor alarge numberof asynchronousameras
andfor labelingof multiple featuresor targets.Previouswork directly relatedto calibration
of anetwork of camera®r camergplacements discussedeparatelyn Chapters3 and4,
respectrely.

Computervision-basechumanmotion tracking systemscan be divided into two gen-
eraltypes: thosethat aredevelopedby researchnstitutionsandthosethat are developed
andcommercializedyy industry Systemsdevelopedby the two communitieshave very
differentfocuses.

Themotioncapturesystemghataredevelopedby computewisionresearcherareusu-
ally focusedon addressingssuegelatingto the modelingaspecof the problem.(A com-
prehensie surwey from this perspectie canbefoundin [53].) A usualassumptions that
nomarkeris attacheanthepersono betracked;thereforealot of work is devotedto how
to sggmentusefulfeaturesof the target from the backgroundoasedon solely the natural
appearancef the tagetand how to representhe sggmentedentities. For example,the
extractedfeaturesanrangefrom edgeq39] andsilhouetteg7, 71, 34], to “blobs” thatare
regionsof coherentolor[19, 43, 38] or inter-frameflow[44]. Onestateof the art system
is the Pfindersystemandits extensiondevelopedby Wrenetal. [89, 90], in which the hu-
manbodyis tracked usingstatisticalmodelsto segmenttheimageinto blobs. Usingthese
naturalandcomplec featuresnotonly reducegheintrusvenesof the systembut alsomay
make it easierto distinguishamongmultiple featuresbecausehey aredescribedy more
parametersHowever, sincethesefeaturesaremorecomplex thanpoints,the segmentation
andextractionstepstake significantprocessingandusuallydo not provide the framerate
thatVR andentertainmenapplicationgequire. Becausehesefeaturesareusuallycoarse
andimprecisethey arelesssuitablefor applicationghathave ahighaccurag requirement
onthepositiondata,suchasthetrackingof ausers eye positionto renderaimagefrom that
pointof view. Mostof thesesystemsonsistof only 2-5synchronizegdamerasvith limited
rangeanddo notaddresshecamerasynchronizatiomssue.Neitherdothey addressheuse
of heterogenousamerasin addition,sincemostof thesesystemshave very few cameras,
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targetocclusionis verylikely to occur but mostof thework reportsresultsfor casesvhere
all of thefeaturepointsareseen.lt is not reportedhow oftentargetocclusionoccurs,and
how the systemwould performin this caseof temporarylack of full informationaboutthe
target. We considerocclusionanimportantandunavoidableissuein camera-basetlacking
andaddresst explicitly. We employ a large numberof camerasandintegratetheir infor-

mationseparately(seeSection2.2.3.1),provide a way of predictingtarget motionin the
caseof temporaryfeaturepoint occlusionthoughthe useatargetdynamicmodel(seeSec-
tion 2.2.3.2)andexplicitly designthe camerdayoutto reducethelikelihoodof occlusion
(seeChapterd).

Oneresearclsystemthatemploys mary camerass the VirtualizedReality systemde-
velopedat Carngjie Mellon University [56, 48, 68, 80, 74]. In thatsystemmorethan30
camerasare mountedon a dome-like structure(and later, in a room), and are synchro-
nizedto recordwhatis happeningn the work volume. Tamgetinformationsuchasshape,
motion, etc. arethenestimatedhroughpost-analysi®f the recordeddatafrom the cam-
eras. Thoughthis systemis not intendedfor our desiredreal-timemotion tracking, the
experiencethatthe researchersbtainedandreportednonethelesgrovidesusefulinsight
into theissuesnvolvedin building a systeminvolving mary camerasOneissuethatthey
specificallyreportedis how much effort was requiredto synchronizea large numberof
camerag49]. Thisis the basisfor our belief thatsupportof asynchronousamerass one
importantcriterionfor a scalabldarackingarchitecture.

A trackingsystemthatdoesaddressasynchronousputis the headtracker developed
at the University of North Carolina(UNC)[87, 86, 88, 4, 3, 31]. In this systemthe sen-
sors(photodiodesaremountedon the personandobsere outwad infraredlight-emitting
diodeg(or beaconymountedntheceiling. At any time only onebeacoris seenandthere-
fore only partial informationaboutthe target positionis receved. Welch [88] proposed
a specificway of usingthe Kalmanfilter called single-constaint-at-a-time(SCAAT) to
combinethesepartialobsenationsthatareobtainedsequentiallyandasynchronouslyThe
researcheralsomentionedhatthis formulationwould alsoallow the useof heterogenous
sensorsin our systemwe usemary camerashatlook inward at thetarget(s),sothe sen-
sortypes,propertiesandmodelsarequitedifferentfrom theirs. Similarto SCAAT, we also
employ a Kalmanfilter in a way that enablegartial measurement® be integratedat a



CHAPTER1. INTRODUCTION 13

giventime to deduceheglobalstate(motion)information. This enablegproperintegration
of measurementsom asynchronouandheterogenousamerasHowever, unlike SCAAT,
which purposelytakesa singlemeasuremerdttime to generate stateestimatesvenif the
measurementseretakensynchronouslyM-Trackgroupsmultiple measurementhatare
indeedtaken simultaneouslytogether(but are still subsetof all possiblemeasurements)
and estimateglobal motion from thesemultiple measurementsln addition, the tracking
systemreportedin [88] hastime-dvision-multiplexedusageof beaconse. g. atary one
time thereis only onebeacoron, soit is not clearif andhow multiple targetpointscanbe
supported.

Commerciaimotioncapturesystemg17, 77] have a differentfocusfrom researctsys-
tems. Becauséhey needto bedeployedandusedin a variety of ervironmentsthesesys-
temsarefocusedon beingreal-time,robust,andaccurate They requirethe attachmenof
active or passve markerson thetargetsothatthey cansegmentthesepoint featuresasily
andquickly, with asmallincreasen thesystemsintrusvenessThey usuallyemploy mary
(10sor 20sof) camerago obtaina large working volumeandto reduceocclusion. How-
ever, cameragarestill requiredto be synchronizedandnot mucheffort hasbeenreported
in addressingasynchronousndheterogenousameras.Moreover, thesesystemsrovide
very limited supportof trackingof multiple points. Pointfeaturesaresimpleandit is diffi-
cultto distinguishonefrom another Most systemsusuallyjust outputa setof 3D positions
perframeandleavethecorrelationandlabelingof thesepointsto post(manualyrocessing.
Many man-hoursareneededo manuallycorrelatethe 3D positionsof oneframeto those
in a subsequenframe. This becomesven more challengingandtime-consumingvhen
somepointsdisappeaandreappeafrom oneframeto the next dueto occlusion.

Dueto thelargenumberof camerashatour systermeeddo supportandthepotentially
largeamountof datato beprocesseth real-time we have decidedo adoptthecommercial
systems’basicapproachto usesimple point featuresin our system,the M-Track. This
allows fastandrobust 2D featureextraction. The M-Track hasalso beenarchitectedso
thatit canaccommodate large numberof asynchronousamerasand provide support
of the automatictrackingand labeling of multiple points, resultingin greaterflexibility
andscalabilitythancurrentstate-of-the-artommerciaimotion capturesystems We have
alsodevelopeda scalablealgorithmto efficiently calibratesuchsystemsanda quantitatve
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modelto helpoptimizemulti-camerglacementonfigurationsThe M-Trackarchitecture
is describedn Chapter2, andthecalibrationandplacemenbf mary camerasredescribed
in Chapters3 and4, respectrely.

1.5 Contrib utions of this dissertation
The contributionsof this dissertationncludethefollowing:

¢ theformulationandexperimentalverificationof a mary-cameracalibrationscheme
that enablesthe calibrationof a wide areasystemof asynchronougsameraswith
respecto a single global coordinatesystem. It is simpleanddoesnot requirethe
physicalconstructiorof a large calibrationobject. This methodis especiallyuseful
for the calibrationof a mary-camerasystemin which notall cameraseeacommon
areaaconfigurationwheretraditionalmethodscannotbeapplieddirectly. Moreover,
the methodalso allows incrementalcalibrationas camerasare being addedto the
system.

¢ theformulationandexperimentalerificationof a quality metricfor comparingvar-
iouscameraconfigurationsasafirst andnecessargteptoward optimalcamerday-
out. The metrictakesinto accountthe 3D positionerror causedoy both occlusion
andlimited imageresolution.As partof theformulationof the metric,a novel prob-
abilistic modelis proposedhat estimateghe dynamicself-occlusiorof targetsand
its validity is verifiedthroughexperimentadata.

¢ the determinationof designtrade-ofs betweenresolutionand occlusionbasedon
simulationof variousmary-cameraconfigurationsisingthe above quality metric.

¢ the designof a systemarchitectureor real-timemotiontrackingthatis scalableto
the numberof cameras.ts one-processepercamerastructureallows parallelpro-
cessingf high-bandwidthnputimagedata. Theuseof ancentralestimatobasedn
ExtendedKalmanFiltering (EKF) notonly allows asynchronousput from multiple
camerashut alsoenablessmooth,incrementalntegrationof informationfrom local
camera-processpairs. Thisresultsin easierdeploymentthanfor systemsequiring
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synchronizatioramongall camerasandenableghe employmentof heterogeneous
sensorsjncluding cameraswith differentresolutionsand framerates. In addition,
thetemporalcorrelationthatEKF providesallows the continuousautomatidabeling
of multiple featuresn subsequerframesoncethey arelabeledin thefirst frame.

¢ thedevelopmentf severalmotiontrackingapplicationautilizing a 2D trackingsys-
temor a 3D wide-arearackingsystembasedn theabove architecture.

1.6 Organizationof this dissertation

Theremaindepf thisdissertations organizedasfollows: Chapte2 describeshehardware
and software architectureof the mary-cameratracking systemandthe applicationsbuilt
basediponthisarchitectureChaptei3 presentshescalablecameracalibrationschemehat
works well with wide-areamary-camerasystems.Chapterd describeghe quality metric
for camergplacementandshavs simulationresultsthat illustratethe impactof occlusion
andlimited resolutionon optimalcamergplacementChapters discussesomeinteresting
futureresearchdirectionsin mary-cameréracking.



Chapter 2

M-Track: A Scalable , Asynchronous
Ar chitecture

2.1 Intr oduction

As describedn Chapterl, a goal of this dissertations the designof a tracking system
architecturghat meetsthe variousrequirementposedby VR andentertainmenapplica-
tions. In this chapterwe describeM-Track, a scalableasynchronousarchitecturghatwe
have developedto meettheserequirementsComparedo previouswork, it cantrackwith
amuchlarger numberof camerasandthe camerasieednot be synchronizedlIt canalso
track multiple featurepositionsin real-timeandallows the continuousautomatidabeling
of thesefeaturesn subsequerftamesoncethey arelabeledin thefirst frame,which mary
currentmotion capturesystemsdo not support. We have implementedhreeend-to-end
VR and motion captureapplicationswherethe traclker is integratedwith other modules
thatutilize its outputmotion data. We demonstrateéhe validity andusefulnes®f this ar
chitectureby shawving thatthe performanceof the enabledapplicationameetsapplication
requirements.

Therestof the chapteris organizedasfollows. Section2.2 describesn detail the M-
Track architectureandhow it supportsasynchronousind heterogenousamerasaswell
asmultiple targets. Section2.3 describeshreeapplicationghatuseM-Track. Section2.4
providesa summaryof this chapter

16



CHAPTERZ2. M-TRACK: A SCALABLE, ASYNCHRONOUSARCHITECTURE 17

po0 oG

Video streams

S S S

Feature Feature Feature Feature

tracking tracking tracking tracking

NN

2D feature locations

NN/

Central Estimator

3D position,etc

v

Applications

Figure2.1: Overview diagramof the M-TRACK architecture.
2.2 M-Track architecture

2.2.1 Generaloverview

A highlevel overview diagramof the M-Trackarchitecturas shovn in Figure2.1.

A large numberof camerasredistributedacrossa wide working volumeto obsere a
targetwith point features.The video streamfrom eachcameras digitized andprocessed
by adedicatedCPU.Eachprocessohasacomputerision basedfeaturetracker” running
onit thatis in chage of detectingandlocatingthetamgetfeaturepointsin theimage. This
processtheclient, is 2D andhappensn theimage-spacér eachcameraTheclientneeds
to beableto dothefollowing:

1. It shouldbe ableto distinguishtargetfeaturesrom the backgroundn a robustand
flexible manner In our implementationbright LEDs are attachedto the tamgets
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andthresholdings usedto distinguishthemfrom the background.Becausdight-
ing changedn the operatingernvironmentcould changethe averagebrightnessof
the backgroundand otherbright objectsmay exist in the scenea combinedabso-
lute/relatve thresholdingschemeis usedto improve the robustnessof the feature
detectionprocess.

2. It shouldbe ableto performreal-timetracking. To enablethis, subsamplings used
to reducethelateng of the 2D processingn the caseof a slow processar

The resultsof the 2D imageanalysisfrom variousclients are sentasynchronouslyo
a centralprocessoralledthe server The centralsener runsan estimatorthatintegrates
the 2D informationfrom variousdifferentcamerasandestimateshe 3D stateof thetamet,
suchasits positionandorientation.This target stateinformationis thensentto someend-
userapplication,suchasa visualizationprogram,that will updateits displayedcontents
accordingo thetarget’s positionor pose.Besideghebasic2D to 3D inferencethis central
state-spacestimatoralsoneedgo beableto do thefollowing:

1. It shouldhave somefiltering capabilityto smooththe input data,which inevitably
containghermalnoisefrom the cameraandquantizatiomoisefrom the 2D process-
ing stage.

2. It shouldbe ableto handleasynchronougput. Sincethe 2D informationfrom var-
iouscamerasrrivesat differenttimes,eachrepresentin@ possiblypartialobsera-
tion of the taiget state,it shouldbe ableto updatestateinformationin a sequential
fashion.

3. It shouldbe ableto supportinputfrom heterogenouslients.
4. 1t shouldbeableto trackmultiple independentargets.

5. It shouldintroduceaslittle lateny aspossiblebecauseur goalis to do real-time
tracking.

Basedon the above criteria, we have choserto usean ExtendedKalmanFilter (EKF),
awell-known tool for parameteestimationfrom noisy data,asour estimator This filter
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operatesn a prediction-updateycle. It cantake 2D measurementsom onecameraat a
time, therebyenablingasynchronouandheterogeneousameraupportandincrementally
estimatethetargetpositionandorientation.lt cansmoothnoisy data,andtheincremental
updateprocesss time-eficient. Mostimportant,the temporalcorrelationbetweerfeature
pointsof differentframesenableghe supportof asynchronousamerasandthe tracking
andlabelingof multiple independenpoints.

The network interconnectinghe clientsandthe sener musttake the following issues
into accountaswell:

1. Sincethemultipleindependentlyunningclientsandthesenerneedo communicate
with eachothervia a regular paclet-switchednetwork, a commoncommunication
protocolneedsto be designedo enableexchangeof dataand controlinformation.
Theprotocolalsoneedgo supportcorvenientmanualconfigurationof the system.

2. ThoughKalmanfiltering doesnotrequirethatall clientsperformtheirmeasurements
synchronouslyit doesrequirethatall clientshave a universalnotion of time. The
techniqueausedfor providing this universalnotionof time mustbe sufficiently robust
to preventtime drift betweerary clientandthesener.

3. Thevariabledelaythroughthe network alsocausesut-of-orderpacletsarriving at
thesener. An approachmustbeusedto preventuseof out-of-orderpaclets,keeping
in mind thatthe real-timetracking requiremenbn the sener placesa premiumon
low lateng.

In thefollowing sectionsve describan detailthe variousmodulesof the M-Track: the
2D featuretrackingin image-spacat distributedclients,the state-spacestimatorandthe
networkingmodule.

2.2.2 Distrib uted image-spaceprocessing

Theinput endof M-Track consistof a numberof clients,eachbeinga camera-processor
pair. Eachcameraobsenresa fraction of the working space,but all camerassombined
obsenre the whole space.Video streamdrom eachcameraare sentto the processoand
a computervision algorithmis run to locatethe interestingpoint features.The locations
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Figure2.2: A video framefrom a camerawith the detected_.EDs marked with yellow
crossesThebackgroundcappearso bevery darkcomparedo the LEDs becauseve have
puta redfilter in front of eachcamerdenssothatmuchof thelight outsidethe passband
of the LED is attenuatedThe useof only anabsolutehresholds notflexible, andtheuse
of only a relative thresholdcanresultin a very low thresholdsettingthat is not robustto
noise.

of the pointfeaturesn theimage,aswell asotherinformationaboutthe point featurethat
couldbeusefulfor laterstagessuchassize,color, etc.arethensentto the sener.

In our implementationa large numberof NTSC camerasare mountedto cover the
working area.Video streamdrom the camerasaredigitized up to 60Hz eitherby an SGI
Indy or aMatrox Meteorll digitizing boardona PC.Bright redor white LEDs areattached
to variouspartsof thetargetasthe “markers” to be detectedy the client software. Since
the LEDs usuallyappeamuchbrighterthanthe backgroundbjects,the basicalgorithm
to locatethe featurepointsis very simple. We canjust usethresholdingand classifyary
pixel thatis brighterthanathresholdl” as“bright”. As imagesof LEDs typically occupy
morethanonepixel onthecameraCCD, we additionallyaggreateregionsof neighboring
“bright” pixelsinto a single obserned measurementWe thentake the meanlocation of
participatingpixels asthe obsened location. If neededthe size of the aggrgatedarea
canalsobe calculated.Figure 2.2 shows the video of onecamerawith the detected.ED
locationsoverlaid.

In practicetwo issuesneedparticularattentionwhenthe above basicalgorithmis put
into use:thresholddeterminatiorandlateng reduction.

As previously mentioneda pixel is classifiedasa potentialmarker if its pixel valueis
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larger thana threshold.But what shouldthe thresholdvaluebe? The choiceof an abso-
lute valuein advancedoesnotwork well becaus¢he averagebrightnesof thebackground
variesdependingon the lighting condition of the tracking environment. For example,a
low thresholdmight not work whenoneturnson all the lights in the room. Background
brightnessalsovariesspatially For example,a monitorin the ervironmentcanappearas
bright asthe LED in the image. Onecould alsousea relative thresholdschemewhere
a backgroundimageis taken at the beginning of the tracking programwhen no LED
is in the scene. The backgroundmagebecomeghe basisfor a perpixel thresholding
scheme.In otherwords, pixels are classifiedif they are brighterthantheir correspond-
ing backgroundmagepixelsby 7,.. But in the casewherethe backgrounds very dark,
the could resultin a very smallthreshold. The dangerof having a very low thresholdis
that this causesspuriousmarker detectiondue to slight lighting changeor noisein the
backgroundGivenall theseconsiderationsye usea combinedrelative/absolutehreshold
scheme More specifically let the backgroundmagebe denotedas B(u, v), whereu and
v arethe 2D imagecoordinates At trackingtime, a pixel I(u, v) is classifiedasan LED
pixelif I(u,v) > maz(B(u,v)+1T,,T,) wherewe call 7,. therelative thresholdand7, the
absolutethreshold.Whatthis formulasaysis thatan LED pixel mustbe brighterthanthe
backgroundoy 7,., andbe at leastasbrightas7,. Figure2.3 shavs a scanlineof a back-
groundimageand,giventherelatve andabsolutehresholdsthefinal perpixel threshold
function.

The useof background-baseithresholdsvorks well in mostsituations,aslong asthe
brightnes®f thebackgrounaloesnotvarygreatlywith time. However, thisschemeloesnt
work whenthereare computermonitorsin the background.This is becausehe content
on the monitor is time-varying. Areasof the monitor that are dark at the time whenthe
backgroungicturesaretakencanlaterbecomevery brightandcauseerroneoupixel clas-
sification. In orderto getaroundthis problem,we have aninteractve tool to allow the
userto specify“blind” regionson the imageplaneof a client, andary pixel in thosere-
gionsis considerediselessandis simply discarded.Consequentlyneithera monitor nor
anLED would getdetectechsa marlerif its imagefalls ontothoseregions. But our hope
is that,sincetherearemultiple cameraslistributedthroughthe scenethatLED will fall on
non-blindregionsof othercameragndgetdetected.
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Figure2.3: Settingthe perpixel threshold.The x-axisis the imagex-axis, andthe y-axis
is the pixel intensity (between0-255) of the red channel(becauseve useda red filter to

increasehe LED/backgroundcontrast,asseenin Figure2.2). Theredline is a scanline
takenat systemstart-uptime with no LED in the scene,ands thereforeassumedo bethe

“background”. The greenline shows the perpixel threshold givena relative thresholdof

20 andan absolutethresholdof 25. It is the greaterof the backgroundntensity plusthe
relatve thresholdandtheabsolutehreshold.Theblueline is ascanlineatagivenruntime

with a bright LED in the scene.Thethresholdshouldbe setsothattheit is alwayslower
thanthe blue peakformedby the LED andhigherthanthenoisesn thescene.
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Latengy is anotherissue. Becausethereare 640 by 240 pixels to processin every
NTSC video field, andthey cometo the client CPU at 60Hz, a slower CPU in the Indy
workstationsavailableto uscannotkeepup. Eventhougha morestate-of-the-arf€PU can
processsuchdataat leastat 30 Hz, the sameproblemwould ariseif a higherresolution
camerais used. In thesecaseamagesubsamplings neededo reducethe total datathat
mustbe processed.The subsampling-basemiechanisnthat we useis a multi-resolution
approachWe searchevery NV pixelsto seeif thereis any bright pixel. Oncewe find ary,
we searcltheneighboringegionof thisbright pixel usingafinergrid to find ary additional
brightpixels. Theassumptiotis thattheimageof anLED is largeenougtthatit fallsonthe
roughsearchgrid. Obviously, if theinitial coarsegrid is choserto betoo large, we could
missfindingtheLED. Sinceevenwhen) is setto 2 we cutdown thecomputatiorby 75%,
andtheLED sizesin theimagesareatleast4 pixels,we canreducethelateng agreatdeal
andnot suffer from losingtrackof the LED. An enhancemerntb this mechanisnis to use
predictionfrom the previous framesto guideour searchor the LED in the currentframe.
For LEDs foundin the previous frame,their respectre velocitiescanbe approximatedy
simplydifferentiatinghepositionsin thelasttwo frames'. Thisinformationis thenusecto
predictthelocationof theLED in thecurrentframe. Thepredictionlocationsarethenused
astheseedof our searchn thenew frame.Only theneighboringegionsof thesepredicted
locationsare searchednitially, and only whenthesesearcheyield no LEDs do we fall
backto afull frame(grid-basednulti-resolution)search Our experimentshave foundthat
one canuselesssubsamplingvith this enhancemenwhenLEDs don't move fastin the
image,andthusdon’t goin andout of thefield of view of a camerathatfrequently This
meanghatit worksbetterwith wide anglecameras.

Figure2.4 shavs oneimageseerby a camerawith thedetected_ED locationoverlaid.
Thepredictedocationandthe surroundingsearctregionis alsoshawn.

1The velocity estimatedby this simpledifferentiationby a singlecamerais not very accuratedueto all
kinds of noisein the measuringorocess A moreaccurateandsmoothvelocity estimatebasedon datafrom
multiple cameraganbe providedby thesener, andwill bediscussedn Section2.2.4.1.
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Figure2.4: An NTSCvideofield from acamerawith two detected_EDs andtheir predic-
tion regionsshawn in blue. In the next frame,theclientwill searchn thepredictionregion
first for bright LEDs ratherthansearchinghewholeframeexhaustvely.

2.2.3 Central state-spaceestimator

In this sectionwe describeghecentralestimatorandhow it estimatesarget3D motionfrom
2D informationprovidedby themary featuretrackers.We will focusonhow, by employing
anEKEF properly it canenablethe useof mary asynchronouandheterogeneousameras,
andhow it supportghetrackingandlabelingof multiple points.

2.2.3.1 Tracking usingasynchronouscameras

In this sectionwe describehow the central estimatortracks motion using mary asyn-
chronouscameras.lt is ableto utilize inputsfrom mary suchcamerasy emplgying the
Kalmanfilter in a non-cowentionalmanner As a by-product,camerasvith heterogenous
parameteraresupportedtsameime. Thissectioncontainsabriefintroductionto Kalman
filtering, thenfocuseson our specificway of applyingit to supportasynchronouandhet-
erogeneousameras.A moreextensie introductionto Kalmanfiltering andthe specific
modelsandparametersisedin our systemcanbefoundin AppendixA.

The Kalmanfilter is a setof mathematicakquationghat enableshe recursve esti-
mationof the stateof a processgivena sequencef discrete hoisy measurementsf the
procesdrom oneor moredevices. Thefilter requiresthe prior knowledgeof two models:
aprocesglynamicmodelthatallows oneto predictthe stateat atime instantfrom the state
at anothertime instant,and a measuremenmodelwhich allows oneto predictwhatthe
measurementsn the devices shouldbe given the processstate. The filter operatesn a
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predict-updateycle. At a giventime instantwhena measuremen(which is a vector of
multiple scalars)comesin, andgiventhe stateat the time instantof a previous measure-
ment, the filter predictsboth the processstateandthe measuremertorrespondingo the
predictedstate.lt thencompareghe predictedneasuremenwith the actualmeasurement
reportedby the devices, The discrepang betweenthe actualandthe predictedmeasure-
mentsis usedto generatea correctionfor thefilter's currentestimateof the processstate.
Conceptuallythe final updatedstateis a statethatshouldmapto a measuremerthatis a
weightedaverageof the predictedmeasuremerdndthe actualmeasuremenilTheweights
areinverselyproportionalto the noiselevelsin the processmodelandthe measurement
model. Thenoiselevelsof the processandmeasuremenhodelsaredescribedy a matrix
Q andamatrix R, respectrely, andarealsoassumedo be known a priori.

The above is the generalformulationof Kalmanfiltering. Of course the appropriate
dynamicand measuremenmodelsmust be definedfor the Kalmanfilter to be usedfor
a specificapplication. Indeed,it is throughthe definition of the measuremennodeland
the mannerin which it is usedin the filtering operationthat M-Track is ableto support
asynchronouandheterogeneousamerasanddistinguishegtself from otherKalmanfilter
basedrackingsystems.

For clarity of discussion]et usjust considerthe casewherethetargetis just a single
rigid objectwith M LED featurepoints. In this case the procesamodelis very straight-
forward: the processstateis simply the position,orientation,andtheir derivatives,andthe
commonconstant-elocity modelis usedto predictthe next state(seeSectionA.3 for the
details).For themeasuremenmhodel,we first needto definewhatshouldbeincludedin the
measurementector In the standarddefinitionof Kalmanfiltering, the measurementec-
tor shouldincludethe completesetof measurementsom all devicesfor all featurepoints.
Sinceeachcamerawill reportthe 2D locationsin its imageplanefor all of the LEDs, i. e.
z; = (w1, vi1,---,uir, vinr ), the measurementectorwould be the z;'s of all cameras
concatenatetbgetheyi. e.z = (z, 2., ... ,zx) WhereN is thenumberof camerasThis
meanghatthe systemwould needto obtaindatafrom all cameradbeforea new estimateof
thetarget 3D positioncanbecomputed.

In a systemwith multiple synchronousamerasthe above definition of the measure-
mentvectoris appropriate sincemeasurementsf the point from all of the camerasare
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Measurement from
cameras
State estimate using
groups of cameras
State estimate using
one-camera-at-a-time

time

Figure2.5: Timing diagramsof stateestimatedrom threeasynchronougsamerasither
by treatingeachsetof measurementassimultaneousor preservinghetime information
associatewith eachdistinctmeasurementatterapproachiesultsn higherstateestimation
ratesandmoreaccurateestimates.

madeandavailableatthe sametime. Intuitively, the useof multiple cameraneasurements
to computea single positionestimatealso makes sensebecausery individual measure-
mentoffersonly partialinformation. For example,at leasttwo camerasareneededo de-
terminethe 3D positionof a point,andmorethantwo cameraproducesnoverdetermined
systemandprovidesfurthernoisereduction.However, in asystenwith asynchronousam-
erasthemeasuremerftom eachindividual cameracomessequentially In this case there
are a coupleof problemsassociatedvith the use of the measuremenvector described
above. Oneis that, sincethe systemhasto wait until measurementsom all camerasre
availablebeforeit doesanstateestimatgasshavnin Figure2.5),thisresultsin arelatively
low estimatiorrateandthereforepotentiallydegradedestimationwhenthetargethashigh
dynamics.Anotherproblemis that, sincegroupingmeasurementsom differentcameras
into onemeasurememntectorimpliesthatthey aremadeatthesameimeinstant,estimation
errorariseswhensequentiameasurementsf a moving targetare mathematicallytreated
asif they aresimultaneous.

Giventhe abore concernsandinspiredby the “single-constraint-at-a-time('SCAAT)
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principle proposedoy Welch [88], the estimatorin M-Track usesthe Kalmanfilter in a
“one-camera-at-a-timehanner Similarto SCAAT, thereis no explicit notionof the“com-
plete” measurementector;instead the measurementectorat ary onetime is a “partial”
vectorthatincludesa smallsubsebf thecompletepossiblemeasuremerget,andthis sub-
setis differentat differenttime instants.In contrasto SCAAT, insteadof purposelyusing
onesingledevice andsourcepair (i. e.oneLED positionfor onecameraptatimeto com-
puteastateupdate M-Trackgroupsall 2D LED positionsfor the samecamen to compute
a stateupdate. Figure 2.5 shows that this approactresultsin anincreasedstateestimate
rate over that attainableby groupingthe measurementBom all cameras.More impor-
tant, measurementhataremadeasynchronouslgreindeedireatedmathematicallyn the
Kalmanfilter asseparat@on-simultaneousieasurementsesultingin moreaccuratestate
estimation.

In orderto do “one-camera-at-a-timgjrocessingthe standard<almanfiltering cycle
needgo bemodifiedslightly to accommodatthe partialmeasurementectorthatcomesn
sequentially Figure2.6illustratesthe modifiedKalmanfiltering cycle in M-Track. When
the2D locationsarereportedrom acamerac, alongwith atimestampto theKalmanfilter,
thefilter goesthroughthefollowing stepggiventhepreviousupdatedstateandtime of that
update):

1. Computetheinterval At betweerthe currenttime andthetime of the previousstate
update.

2. Predictthe currentstatefrom the previous state,using the processmodel A (At)
whichis usuallyafunctionof At.

3. Predictthe measuremendf camera: which corresponds$o the predictedstateusing
themeasuremenhodelfor camerac. Notethatsincethe measurementnodelmaps
3D tamget positionsonto 2D imagelocationsof a specificcamera, it is dependent
on camergparametersuchasits location,orientation focal length, etc. Therefore,
a differentmeasuremennodelneeddo be usedfor eachcameraandis denotedas
h.(e). The measurememoisematrix is alsodependenbr parameterizethasedon
thecameraandis thusdenotedasR...
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4. Computethe discrepang betweernthe predictedandactualmeasurementgndup-
datethe stateestimatebasednthediscrepang. Theupdatedstateandcurrentmea-
surementime arerecordedandarepriorsfor thenext filter cycle.

As canbeseenfrom Figure2.6andtheabove descriptionthe maindifferencebetween
the Kalmanfilter in M-Trackanda standardKalmanfilter is thatthe measuremennodel
andpredictionequationsaredifferentin every cycle, andat eachcycle, only partialobser
vation of the processs incorporatednto thefilter. However, over time thefilter fusesthe
individualincompleteobsenationsto provide a globally obsenablesystem.The Kalman
filter inherentlyprovidesthe meansfor this fusion becausehe knowledgeof the process
dynamicsandtheprior stateallowsthe estimatiorof the stateevenin thecaseof anincom-
plete obsenation, sincethat obsenation is usedto merely“correct” the predictionfrom
the processmodel. Throughthe useof a camera-dependemeasurementodel . and
measurementoise R, we canaccommodat@ot only cameraghat take measurements
asynchronouslybut alsocamerasvith heterogeneousarametersuchasrateandresolu-
tion.

Besidegroviding fasterstateestimatiornrateandbetteraccurag, M-Track’s ability to
appropriatelyaccommodatasynchronousndheterogeneousameraslsoimplies better
flexibility for theoverall systembpecauseamerasrenow treatedndividually. Theocclu-
sion,malfunctionor failureof oneor afew of thecamerasvouldthereforenotcausdailure
of thewhole system.Individual camerasanbe actvated,removed, or upgradedvithout
disturbingsystemoperation. No requiremenbn camerasynchronizatioralso makesthe
deploymentof new systemsor upgradeof existing systemanucheasier Moreover, this
formulationfacilitatesthe incrementalcalibrationof the cameradn the system(seede-
tailsin Chapter3), which makesthe additionof new camera®r reconfiguratiorof existing
cameras muchlesslaborintensve process.

2.2.3.2 Support for tracking multiple independentpoints

In the previous subsectiorthe target being tracked is modeledas a single rigid object.
Thatimpliesthat, eventhoughthereare multiple featurepointson the taiget, the relative
positionsof thesefeaturesstayfixedwith respecto thelocal tamgetcoordinateframe. But
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Figure2.6: The one-camera-at-a-tim€almanfilter loop runningonthesener.
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this rigid modeldoesnot work for the casesn which the featurepointsmove relative to
eachother For examplethey couldbetotally independenLEDs held by differentpeople;
or whenmultiple LEDs aremountedon variouspartsof a humanbody, they move relatve
to eachother In thesecasesa single positionandorientationvectoris not sufficient to
describehe motion. In orderto be ableto trackin thesecasesywe have chosernto model
thetargetsimply asmultipleindependenpointsmoving in 3D, eachpointhaving aposition
andvelocity vectorassociateavith it. While pointsarenotreally moving independentlyn
thefull bodytrackingexample,andthe motionis modeledasthatof anarticulatedfigure
asin muchof theliterature[12, 37, 69, 54, 26,51, 25, 58,72, 10, 24, 45], we still usethe
multiple-pointmodelbecausé¢healgorithmto trackis simplerandfaster andadequatdor
real-timetracking. Thefocusof thisthesiss to addresshesystem-relatetssuesassociated
with scalingareal-timetrackingsystento mary camerasWe consideitheemploymentof
morecomplicatedargetsasanorthogonalissueandfuturework.

Now we describehow the centralestimatoris adaptedo trackthe motion of multiple
independenpoints. First notethat, if we know a priori how mary pointsthereare,and
assuminghey don't disappeaitrackingthemis very straightforvard. Eachsinglepointhas
a statevector(with positionandvelocity only) x,, = (p,., b), andthefull statevector
is theconcatenationf all M points.We canbasicallyusethefilter algorithmdescribedn
AppendixA.3 for trackingarigid object,exceptthatthereis noneedo maintainorientation
information.

However, in someapplicationghepointscanappeaanddisappeafrom thesceneand
trackingin thesesituationgs morechallengingseeSection2.3.2). At everyfilter cycle,we
needawayto detectwhethemew pointshave appeare@nd/orold pointshave disappeared.
We handlethisin the dataassociatiorstepin thefilter cycle.

As describedn AppendixA.3, atthe dataassociatiorstepwe matcha setof obsened
2D dotswith a setof predictedpoints. (In the next few paragraphsve use“dots” to im-
ply they areactualobsenationsand“points” to imply their arepredictedirom theinternal
modelof thefilter.) The multi-point caseis differentfrom therigid body casein thatwe
may not alwaysfind a matchfor all dotsor points. A newly appearediot will not have
a correspondingoint becausehefilter is not awareof it; anda predictedpoint may not
have a correspondinglot becauseitherthatLED hasbeenoccludedemporarilyor it has
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completelydisappearedrom the scene.In orderto detectthesecaseswe introducethe

notion of verify region of a predictedpoint. More specifically no predictionis perfect
andthusevery point hassomeerror mamgin associatedavith it. The 2D region wherethat
predictedpoint is consideredvalid” is calledthe verify region of that point. If a dotis

insidethe verify region of a pointit is consideredvalid” andis a potentialmatchfor that
point. Thisregionis usuallymodeledasanellipsethathasasizedependenbntheerrorco-

variancematrix P andmeasurementacobiarH (see[5] for its mathematicaéxpression).
Intuitively we canthink of it asthe 2D projectionontothe cameramageplaneof the 3D

errorellipsoid of the featurepoint positionin space.If therearemultiple “valid” dotsfor

apoint, thedotthatis closesin distanceo the pointis choserno bethe match.We repeat
this procesdor every pointandat the endareleft with a bunchof unmatchedlotsand/or
unmatchegoints.

An unmatchedlot is a potentialnew pointto trackandthefilter passest backto the
callingapplication.If theapplicationconfirmsthatit is actuallyanew pointandinitializes
its positionand velocity, the filter expandsits internal statevectorx to includethe new
(p, p) elements. In this way, a new point is addedto the model of the Kalman filter.
An unmatchedoint can potentially be deleted. However, it could be dueto temporary
occlusionratherthan disappearanc&om the scene. The filter simply passest backto
the application,andit is the applications responsibilityto distinguishbetweenthe two
casesUsuallythe applicationsetsa time-outthresholdanda point thathasnot beenseen
(i.e. matched)or a periodlongerthanthetime-outthresholdis consideredjone,andits
correspondingposition and velocity elementsare deletedfrom the Kalman statevector
Note alsothat, asa free by-product,pointsthat have disappearedor lessthanthe time-
outthresholdwill be keptin thefilter andtheir stateswill continueto be predictedby the
dynamicmodel. What this meansis that if a point is occludedtemporarily it will get
updatedwhenit is seenagain,andno re-initializationis needed.This makesthe system
morerobust.
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2.2.4 Networking module

In this sectionwe describehe communicatiorbetweerthe 2D imageprocessingprogram
(whichwe call the“client”) andthecentralestimator(the“server”).

2.2.4.1 Communication protocol

The network topology betweenthe clients and the sener is logically a “star”. Eachof
multiple clientsprocesseavideostreanfrom acamerandcommunicatewith onecentral
sener. Informationis passedetweenthe client andsener via TCP/IP paclets over the
Ethernet Eachclient/camerdiasa uniquename;whenanew clientmakesa connectiorto
thesener, it needdo tell thesenerits name.The sener maintainsalist of currentclients
to which it is connected Whenthe sener is running,new clientscanjoin andold clients
candisconnectwithoutrestartinghe sener.

In normaltrackingsituationsthe signalflow is oneway from the client to the sener.
Packetssentfrom aclientto the sener contain2D featureinformationsuchasthe number
of obseredfeaturestheirlocations sizesandthetime whenthey areseen.(In the caseof
heterogeneousamerasparametersf individual cameraslsoneedto be sentfrom client
to the sener at systemstartup.) Although this is sufficient to enablethe tracking func-
tionality of the whole system this simple protocolhaslimitations with respecto making
the systemsuficiently robust and practical,especiallywith mary clients/cameraphysi-
cally spreadover a wide area. For example,sometimeghe thresholdfor the 2D feature
detectionprocesseeddo beindividually adjustedor differentcameraslit would bevery
time consumingto log onto variousmachinesand do that one by one. More important,
the client could alsobenefitfrom informationonly availableat the sener, suchasthe 3D
velocity of the target, which could be usedto directa 2D featuresearchsuchasfor 2D
positionpredictionasproposedn Section2.2.2. Basedon theseconsiderationsye make
the communicatiortwo-way andallow the sener to sendinformationbackto the clients.
In the currentM-Trackimplementationthe sener cansendcommandsuchas*“restart”,
“increase/decreagtrreshold”,“sendme raw video ratherthan2D features”,etc. Conse-
guently theinformationthata client sendgo the sener canvary dependingntheclient’'s
stateandwhatthe senerrequestsFigure2.7 lists someof the command®r requestghat
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Figure2.7: A snapshobf the“client command’menuof the sener, which lists the com-
mandsthata sener cansendto aclient.

asener canissueto aclient. For amorespecificexample,seeFigure2.8. Notethatpartof
this picturemaylook muchlik e Figure2.3, but theimportantthing to keepin mind is that
thisthresholdnformation,whichbelongdo aclient,is now availableandadjustableonthe
senerside.Also, asmentionedn Section2.2.2,the 3D velocity estimateprovidedby the
Kalmanfilter onthe sener couldbe sentto theclient for predictingthe 2D LED locations
andreducingthelateng in 2D featuredetection.

2.2.4.2 Timing issues

As describedn Section2.2.1,we have madethe conscioushoiceof not synchronizingll
of thecamerasAs aresult,obserationsfrom differentcamerasrenot necessarilynade
atthesametime, but thedynamicmodelin the Kalmanfilter keepghemcorrelatedn time.
However, the useof the Kalmanfilter doesrequirethatall sampledave a universalnotion
of time, e. g. the client and sener programsneedto have the sameclock. This enables
measuremergamplego beaccuratelytime-stampedln addition,because€ommunication
betweerthe clientsandthe seneris TCP/IPbasedandon thelocal areanetwork, paclets
from differentclientsmight arrive at the sener out of order In this sectionwe describe
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Figure2.8: A snapshoobf the sener’s visualizationmodule , which updatesandvisualizes,
in real-time,all kinds of informationthatthe sener has. In normaloperatingmode,each
small subwindav of the top part of the window correspondg$o a camera,with camera
namesshavn as“Kate.fin”, etc. Eachsubwindav shovs its detectedeaturelocationson

theimageby thesmallcoloreddots. Thegrayareais thenon-actve areaof thescreenand

the big squarein the bottom half just shavs the zoomed-inview of a particularcamera.
But the sener canalsorequesthe client to sendotherkind of dataaswell. In this case,
the thresholdinformationon the client siderepresentetty a scanline.Theredline is the

capturedbackgroundthe greenis the perpixel thresholdbasedyiventhe backgroundand

thresholdingalgorithm;andtheblueis the currentvideo scanline .Notethatthe blue peak
correspondso the bright featurepoint thatcorrespondso the cyandot shavn in the sub-

window named‘Kate.fin”.
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how we handlethesetwo issues.

Keepingtime universalonall computers Mostof ourclientsrununderUNIX andsome
of themrununderWINDOWS. On bothof thesesystemssomepublicly availableprogram
implementingheNetwork Time Protocol(NTP)[67] canberun,ideallyto adjusttheclock
onthe computemwith respecto somestandardime sener. However, our experimentsand
measurementshav that eventhoughthe clock of mostclientscanbe keptwithin 10ms
of the others,someclient clocksstill drift muchfasteror slower thantherestof the client
clocks. Sincein the Kalmanfilter we only procesghe mostrecentpacletsanddrop the
“out-of-date”paclets,avery slow clientclock will causethedatafrom thatclientto never
to be used,anda very fastclock will adwancethe notion of time in thefilter too fastand
causedatafrom othernormalclientsto seemold andgetdropped.n bothcasesgdatafrom

certaincamerasvill nevergetusedanundesirablgghenomenothatwe call starvation To

correcttheclock drift, we have a separatéime daemorrunningonthesener. At runtime,

eachclientperiodically“asks”thesenertime daemorwhattime thesenerthinksit is, and
basedon that, estimatests time drift with respecto the sener. This valueof the drift is

thenaddedo subsequertimestamp®n all of the obsenationsthatthis clientreports.We
have verifiedin practicethatthis approacthasresultedin higherutilization of client data
andhaspreventedcamerastanation. As anexample,Figure2.9 shavs the time offsetsof

pacletsfrom variousclientsfrom the currentsener time, with or withoutthe correctionof

clockdrifts. It canbe seernthatthevarianceof time stampsaremuchreducedwith thedrift

correctionandthereis no client staneddueto a constantlock drift.

Handling of out-of-order packets Evenif the clockson all of the client computersare
perfectly synchronizedpacletsfrom differentclientscanstill arrive at the sener out of
order Thiscouldbedueto unevennetwork traffic delaysor couldbedueto acertainclient
computembeingloadedandthushaving slow processingA clientthatis consistentlyslower
(evenslightly) thananothercanstill stare, dueto the factthatthe serer only processes
the most “current” paclet, wherethe notion of “current” is definedby the mostrecent
timestampof a client paclet receved by the sener. Thereare severalways of handling
theseout-of-orderpaclets. Onesimplesolutionis to have a reorderbuffer. As illustrated
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Figure2.9: Effect of drift correction. The y-axis denoteghe relative offset of a paclet’s
timestampgivenby the clientfrom the currentsener time (a) without drift correctionand
(b) with drift correction.The x-axisdenoteghetime sincethe startof our experiment.Be-
causdhesener alwaysuseshe most“recent” paclet atary time instant,only the paclets
thatareatthebottomof eachgraphareusedby the senerto estimateargetmotion. In (a)
it canbe seenthatclientshave consistantime drift from eachother andsinceoneclient’s
clockis alwaysmuchaheadof the others,pacletsfrom that client would alwaysgetused
andotherclientswould be staned. And in (b), afteremploying drift correctionnocamera
is consistantlyaheadr behindothers anddatafrom all camerafhiave achanceo getused.
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Figure2.10: A reorderbuffer can be utilized by the sener to sort the paclets by their
timestampdgrom theclientsin orderto preventcamerastanation.

in Figure2.10,the sener readsthe last paclet from eachof the client queuessortsthem

by time, andfeedsall k£ to the Kalmanfilter. This approactpreventsthe camerastanation

problemandincreaseslatautilization, but introducesadditionallateng. Sincethe paclets

arefedto thefilter in a“batched’way, it takesthefilter longerto procesghewholebatch.
Whenthefilter getsto theendof thebatch,a significantamountof time hasalreadypassed
andthe dataat the end of the batchis already“old”, resultingin more inaccuratestate
estimates. In this situationthereis usually alreadya nev samplein the queuefor that

cameraandwe would like to usethe mostup-to-datesampleif possible. Thus,another
alternatve is, insteadof readingandprocessinglatafrom all availableclientqueuesvery

time, to randomlypick a cameraandonly readandprocesglatafrom thatcameraunless
thereis no datafrom thatcamergbecausehetargetis notin its field of view) andwe pick

anotherone. On averagewe will usedatafrom all camerasBecausenly datafrom one
cameras fed to thefilter, it takesthefilter significantlylesstime to process.Thefilter is

thereforemorelikely to be ableto keepup with the processindoad. This approachhas
beenverifiedin practiceto sufficiently improve datautilization, avoid camerastanation,

andresultin lesslateng.
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2.3 Applications

2.3.1 3D headtracking for the Interactive Mural

In thisapplicationwe useM-Trackto tracktheheadpositionof auserto drivetherendering
of a 3D graphicsdisplaysystem.The Stanfordinteractve Mural is a large formatdisplay
thatis drivenby a high performancegraphicsengineg[33, 32]. It candisplayboth2D and
3D contentin highresolution.In orderfor the userto have a morerealisticandimmersve
feel of the 3D content,it is preferableto renderthe 3D modelfrom the point of view of
theuser To enabletrackingof wherethe useris in 3D, the userneedso weara hatwith
someLEDs attachedasin Figure2.11. Tencamerasremountedon the ceiling to cover
thespacan front of theMural, asshavnin Figure2.12. Thecamerasreplacedandsetso
thatthe areacloseto the Mural screens coveredwith higherresolutionthanthe areathat
is fartheraway from the screen.Thereasorfor thisis thata changen the users position
would requirea muchlargerchangeonthedisplayif theuseris closerto thescreerthanif
he/shas fartheraway. For example thedisplayedcontentsaremoresensitve to theusers
positionchangdn thenearregion. Thereforethe camerasrearrangedo take thisuneven
sensitvity into account.

We modelthe users headasa singlerigid objectwith n featurepoints,andusethe
Kalmanfilter describedn SectionA.3 to trackits positionandorientationasusermoves
in front of the Mural. This informationis thensentto a 3D renderingprogramthat will
renderthe 3D scenefrom the point of view of the reportedviewer position,as shown in
Figure2.13.Eachcamerds samplingthe sceneat up to 60Hzandthelateny betweerthe
digitizationof thevideoto the outputof theusers positionis about30ms.Thisapplication
demonstratethe potentialfor sucha real-timetrackingsystemasaninput technologyfor
virtual reality.

2.3.2 LumiPoint

LumiPointis anotheM-Trackbasednput systenfor the Interactve Mural. Thehighres-
olution of the Mural display(3796pixels by 1436 pixels) enableghe detaileddisplayand
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Figure2.11: A videoframefrom a camerashonving a persorwearinga hat mountedwith
brightredLEDs.

v
v
;.

(b)

Figure2.12: Camerasetupfor headtrackingfor the Interactve Mural. (a) A picture of
the physicalsetupon the ceiling in front of the Mural; (b) A planview visualizationof
locationsandorientationsof thecameras.
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Figure2.13: A users headpositionis beingtrackedto drive the displayof a “virtual mu-
seum”applicationon theInteractve Mural.

(b)

Figure2.14: Colleaguegollaborateon, andinteractwith, awall sizevisualizationsystem.
In theright image,multiple usersusea laserpointerasa pointing/writingdevice to jointly
solveajizzaw puzzlethroughthe LumiPointsystemwhich cantrackmultipleindependent
tracesof thelaserpointers
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Figure2.15: Laserpointersare usedasinput deviceson a wall sizedisplay An arrayof
cameraandCPUsplacedbehindthe screerdetectshe projectedaserspots.Information
from individual camerags aggregatedinto a streamof strokes by the centralestimator
Finally, filtereduserinputis providedto visualizationapplications.

explorationof complex datasets;the large physicaldisplaysurface(6 ft. by 2 ft.) accessi-
ble by agroupof peoplemakessharingandcollaboratve interactionwith thedatapossible.
LumiPointis aninput systemthatis designedspecificallyfor multi-usercollaborationon
sucha largeformatdisplay It allows any numberof usersto interactsimultaneouslyvith
thelargedisplay andscalesvell with displaysize,resolutionandnumberof users.

In thissystemgeachindividualusesalaserpointerto directly manipulatedatadisplayed
onthescreen.Camerasrientedtowardsthe displaysurfaceobsere all laserspotson the
displaydirectly. Eachcamerais connectedo a CPU that digitizes the incoming video
streamsand finds all laserspotlocationswithin the camerafield of view at eachtime
instant. This datais communicatedo a centralestimatorthat determinesbasedon time
coherenceind motion dynamicswhetherthe laserspotis the beginning, continuationor
endof a stroke. A stroke is the continuouspath of a laserspot on the display surface
from the appearancef the spotto its disappearanceThis information,togetherwith an
estimateof theposition,velocityandacceleratiomf eachactive stroke, areavailablefor use
eitherdirectly by a visualizationapplicationor indirectly after interpretatiorby a gesture
recognitionmodule.An exampleof how severaluserscancollaborateusinglaserpointers
ontheMuralis shavnin Figure2.14. Thefactthatalaserpointeris by definitionapointing
device, andthatit is usuallyshapedikeda pen,makesit a naturalandintuitive device for
interactionwith awall-like display
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The overall hardware andsoftware architecturébehindLumiPointis basicallythe M-
Trackarchitecturewith multipleimage-spacdetectorgonefor eachcamerajpndacentral
estimator asshavn in Figure2.15. The only differencelies in the specificmodelsand
algorithmsusedin the centralestimator

First of all, comparedo the 3D rigid objecttracking example,the statevectornow
containgustthe positionandvelocity of the laserspoton the 2D screen.Sinceeachcam-
eraclient effectively measureshe 2D quantitydirectly?, thematrix H in the measurement
modelin equation(A.2) is trivially theidentity matrix, asopposedo thenon-linearprojec-
tive mappingin the 3D rigid objectcase.

The secondssuethat we needto addresss the supportof multiple users. By using
the dataassociatiortechniquepresentedn Section2.2.3.2for automaticallyaddingand
deletingpoints,the centralestimatoris ableto reportto the applicationsstroke-begin and
stroke-endevents,aswell asthe currentlocationsof the continuingstrokes,asshavn in
Figure2.16.However, how dowe distinguishandsupportmultiple users?

Our early multi-userapplicationgendedto assumehat eachuserwould be identified
uniquelybasedn laserpointercolor. We have bothredandgreenlaserpointers,andaddi-
tionally experimentedvith makinglight pensfrom a variety of LED colors. While thisis
themoststraightforvardway to retrofit existing singleuserapplicationsmary interactions
do not actuallyrequireknowledgeof which physicalpointeris actively in use.Ratheythe
contect within whichthestrokesareplacedin theapplicationis of primaryimportance For
example,theremay be no needto identify which userselectedan optionfrom a menuor
editedadocumentpnly thattheactionoccurred Furthermoresomeinterfacetechnologies
arefundamentallycontext free. For instanceBier et. al. [8] discussedlick-through-tools.
This interactiontechniqueexplicitly replaceghe standardisertool palettewith on screen
transparentensesthat affect underlyingdatawhena userclicks on them. Additionally,
evenwhenapplicationsstorecontext suchaspreferencesn a peruserbasis physicaltags
maynotbetheonly wayto disambiguateontet. For instanceRekimoto[70] usegempo-
ral coherencef strokesto determinewnhich of severalidenticaluserstyluseshasgenerated
astroke onthewhiteboardn the Pick-and-Dropsystem.

2To putit moreprecisely theimage-spacelient reportsthe 2D locationof the laserspotin the camera
imageplane,but the corversionfrom cameraimage coordinatego the screenis simply a linear mapping
calledhomography{a 3x3 matrix multiplication),whichis pre-measured.
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Figure2.16: Thecentralestimatorassociatekserpointsobseredby thetrackingsubsys-
temwith pointspredictedby existing Kalmansystemgstrokes).Matchedpointsrevisethe
relevantstroke state while unmatchegointscausestrokesto be addedor deleted.

Giventhevariety of userinteractionmethodologieswvailableto applicationsye aban-
donedthe assumptiorthata physicalidentifieris required. Currently in additionto laser
color eacheventis taggedwith an ID field, indicatingto which stroke it belongs. Al-
thoughthe userapplicationmaynot know from which physicallaserpointera stroke orig-
inates,userapplicationscanresole consistentlick anddragsequencesvenwhenmul-
tiple strokesof the samecolor areactive in a singleregion of the work space.Currently
whenmultiple userganteractusingour systemtheprimarymodalityis with redlaserpoint-
ersonly. More detailson the design,implementatiorandperformancealiscussionganbe
foundin [23].

To summarize the LumiPoint applicationdemonstrateshe potentialof M-Track to
supportmulti-targettracking.
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2.3.3 Simultaneousbody and face motion capture

In mary situationsit is desirableto capturedetailedmotion embeddedn a large volume.
For example,in the entertainmentndustry the capturedbody motion aswell asfacial
motionof anactor/actressanbe usedto drive the animationof a virtual figure. However,
dueto the fundamentakrade-of betweenthe field of view andresolutionof a camera,
currentcamera-basethotion capturesystemscan usually only operatein one scale. In
otherwords, camerasare either spreadout to capturethe body motion; or they are set
to be more closeup to capturea persons facial motion. Moreover, while capturingthe
facial motion, the actors headcan only move within a very small region andin a very
restrictedvay, sothatcameragsanseethewholeface.Thisrestrictve mechanisnfor facial
capturinglimits the possibility of acquiringrealisticfacialmotionbecauseertainmotions
will only occur when the actor can move and act freely in a larger volume. Recently
therehave beena few examplesof foveated systemsn which one or multiple steerable
pan/tilt/zoomcamerasare guidedto follow the moving objectand zoomedin onto the
interestegortionof the object[66, 6, 9, 30, 20, 73]. However, thelocationof the moving
objectwithin the large working volumeis eithermanualandrelieson a humanoperator
(suchasthe Eyevision systemusedin broadcastinghe 2001 Superbwl [81], or is based
on 2D informationfrom anothersinglewide-anglecamerawhich tendsto oftenlosetrack
of thetargetdueto occlusionin thescenewhile thetargetis moving.

We have developeda new 3D model-basednixed scalemotionrecovery system that
cansimultaneouslyrack the motion of a humanbodyin a wide areaandcapturethe per
son’s facialmotionwhile he/sheis moving. An overview block diagramof this systemis
shavnin Figure2.17.A multi-camerawide-areasubsystentracksthe LED featureonthe
tamget’s bodyandreportstheir 3D positions.Basedon this information,the foveatedcam-
eracontrol subsystendeterminesvherethe pan/tilt/zoomcamerashouldbe pointing at
andsteerghemasrequired.Videostreamdrom thesefoveatedcamerasarethenrecorded
andanalyzedo recover the persons facialmotion. The detaileddesignprinciples,issues,
solutionsandperformancevaluationof this systemarethe subjectof a separatélocument
[22, 21]. Whatwe would like to point out hereis thatthe M-Track architecturas usedto

3Theword “foveated’comesfrom “fovea”, which is a smallrodlessareaof the retinathataffords acute
vision. It is usedto describerackingsystemshatprovide a smallbut high-qualitysub-working volume.
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Figure2.17:Overview of themixedscalemotionrecovery system M-Trackis usedfor the
large-scalemotionrecovery.
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Figure2.18: Simultaneousaceandbody motionrecovery usingour mixed scalesystem.
M-Track providesthe wide areatrackingfor body motion andthe roughlocation of the
person$ head.Pan-tilt-zoomcamerasrethenguidedto pointto thethe persons faceand
recordthe facial movementin higherresolution. Recordedvideo streamsrom multiple
pan-tilt-zoomcamerasarelateranalyzedo recover thefacialmotionof the person.
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build thewide-areasubsystento trackthevariousLED featurepointsonthepersons body.
Themultiple camerasotonly provide wide coveragerange but alsoreducethelik elihood
of total lossof track of the target causedoy occlusion. This is morerobustthanthe 2D
basedoveatedsystems.Furthermoreusingthe ExtendedKalmanfilter andits ability to
track multiple pointsand maintaintheir time correspondenceye areableto “lock” onto
a particularfeature(say the LED on the persons head),and have an automaticway to
directthe guidablecamerasin addition,becausave have a dynamicmotionmodelin the
centralestimatorof M-Track,the positionandvelocity estimateof thetargetis usedby the
foveatedcameracontrolunit to predicta futuretargetlocationfor the foveatedcamerago
look at, in orderto compensatéor the lateny in physicallysteeringthe camerago their
desiredconfigurationsFigure2.18shawvs anexampleoutputof this mixedscalesystem.

2.4 Discussion

M-Trackis an scalablearchitecturespecificallydesignedo do real-timemotion tracking
with a large numberof asynchronougyossiblyhomogenousameraslt usesmary client
CPUsto perform2D mageprocessinglistributedly andusesacentralsenerto integratethe
2D informationfrom theclientsandestimateghetargetmotion. Thecentralestimatorbased
on extendedKalmanfiltering, is not only ableto incrementallyassimilateasynchronous
inputs, but alsoableto track multiple featuresand enablethe continuousand automatic
labelingof thesefeaturesoncethey arelabeledin theinitial frame. The centralestimator
also allows the continuoustracking even when somefeaturepoints are temporarily oc-
cluded. Threeend-to-endVR andmotion captureapplicationsnamelythe headtracking,
LumiPointandsimultaneou®ody/facecapture areimplementedo demonstratéhe effec-
tivenes®f thearchitecture The numberof camerasisedin thesethreeapplicationgange
from 8to 26, all of themareasynchronoudn bothLumiPointandsimultaneoud®ody/face
capturesthereare multiple independentarget points appearingand disappearingeither
dueto occlusion,or dueto the users consciousactivationanddeactvation. And M-Track
cantrackall of themreasonablyeliably. ThefactthatM-Trackis ableto trackall targets
accuratelyandrobustly enoughto enablethe fulfillment of thefinal taskdemonstratethe
validity andeffectivenesof thearchitecture.



Chapter 3

Calibrating Distrib uted Camera
Networks

3.1 Intr oduction

Many applicationsof trackingandobsenationrequireoperationover awide area,suchas
monitoringthe traffic flow of vehiclesin a parkingstructureor peoplein a building. In
suchcasesasinglecameras unlikely to be sufficient. Ratheranetwork of interconnected
camerass required,eachof which functionsover only a smallsubsebf thetotal area.In
orderto build sucha system,oneimportantissuethatmustbe addressedk calibrationof
the camerasnto the sameglobal coordinatesystem. In this chapterwe addressamera
calibrationin awide areasensingernvironment.Wide areasystencalibrationis muchmore
challengingthan calibrationof a single camera. In single cameracalibration, the usual
methodinvolves placementof a carefully instrumentedcalibrationtarget in the field of
view. Basedon correspondencdsetweenknovn 3D featureson the target andtheir 2D
locationsin theimage,calibrationcanbe obtained. If multiple camerasareactve in the
sameworking volume,theneachcanbe calibratedndividually usinganidenticalprocess.
The caseof wide areacalibrationintroducesa numberof difficulties. Camerasach
cover only a smallsubsebf thetotal working volume. A calibrationtargetcanbe moved
sothateachcameras calibratedseparatelyHowever, the usualmethodfor globalcalibra-
tion acrossall camerasequiresknowledgeof all calibrationobjectpositionsin acommon

48
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referenceframe. This is difficult to obtainwithout expensve instrumentation.The syn-
chronizationof camerasassumedy the usualmethodposesan additionalproblem. In
large systemswith mary heterogeneousamerasjt becomedifficult to ensurethat all
camerasecordobsenationsat exactly the samemoment.

In this chapterwe introducea methodthat calibratesa systemof asynchronousam-
erasinto a singleglobal coordinatesystemwithout requiringphysicalmeasuremertf the
positionof a calibrationobject. A roughestimateof eachcameras pose(i.e. locationand
orientation)is obtainedusingstandardstructure-from-motiotechniquesTheroughcam-
eracalibrationcanbe usedto track the pathof a point moving throughthe entireworking
volume. This pathdefinesa virtual calibrationobject, which canbe usedto improve the
estimateof camergposein the globalcoordinatespace Iteratingthe above procesgesults
in cornvergenceto a preciseestimateof camergposeaswell asthe point pathdefiningthe
virtual calibrationobject. We evaluateour methodby comparingt to traditionalcalibration
techniquesFurthermorewe demonstratés effectivenessn wide areasettingsoy calibrat-
ing a multi-camerandoortrackingsystemwherecamerasover disjoint viewing regions,
amorechallengingsituationwheretraditionalmethodscannotbe easilyapplied.

Therestof the chapteris organizedasfollows. Section3.2 providesbackgroundand
discussepreviouswork. Section3.3describe®ur proposednethodandSection3.4 gives
experimentakesultsfor relevantapplicationscenarios.We summarizen Section3.5. (A
conciseversionof this chapteris publishedn [15]).

3.2 Background

3.2.1 Basisof traditional cameracalibration
Cameramodel

Sinceoneof thegoalsof computewisionis to performmetricmeasurementfsom images
which are acquiredusing camerasijt is importantto have quantitatve modelsfor these
measurementievices. One model, called the pinhole cameramodel, is widely usedin
computervision andits measuremennechanisntanbe easilymodeledbasedon simple
geometry
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M(xy.2)

Figure3.1: Thepinholecameramodel. Thefocalplane(z, y) is theplanethatgoesthrough

cameracenterC' andis parallelto theretinal (image)plane(u, v). Thedistancef between
thetwo planess calledthefocallength.An arbitarypoint M in 3D spacewith coordinates
(z,y, z) is projectecthroughC' ontotheretinal planewith imagecoordinategu, v).

The pinhole cameramodelis depictedin Figure3.1. It consistsof a plane R called
the retinal planeor image plane in which the imageis formed,anda point (pinhole)C,
calledthe optical center locatedat a distancef from the retinal plane. For an arbitrary
point M in 3D spaceijts imagem in theretinal planeis formedby the intersectiorof the
line < C, M > with theplaneR. f is calledthefocal lengthof the optical systemandthe
planegoingthroughthe opticalcenterC andparallelto R is calledthefocal plane

Thelocationof point M in 3D spacecanbedescribedy its coordinategz, y, z) rela-
tive to some3D world coodinatesystem The locationof its imagem in theimageplane
canbedescribedy its coordinate$u, v) in some2D coordinatesystenontheimageplane.
Thecamerameasuremergrocessanbeviewedasamappingfrom 3-D spacecoordinates
(z,y, z) to 2D imagecoordinategu, v), andcanbe describednathematicallyas

(3.1)

n <
[
e

— N e K
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andwherevectorthe (U, V, S)T is called the homa@eneouscoordinatesof a 2D image
pointandthevector(z, y, z, 1)T isthehomogeneousoordinate®f a 3D point. Thedetails
and origins of homogeneousoordinatesare beyond the scopeof this brief tutorial. It
sufficesto know that they are intermediatequantitiesto useso that a linear relationship
exists betweerthem,asshowvn in Equation(3.1). Theactual2D imagecoordinategu, v)
arethencomputedrom (U, V, S) usingtherelations

u=U/S,v=V/SifS#0 (3.2)

In theabove formula, P is a3 x 4 matrix calledthe prospectiveprojectionmatrix and
canbeviewedasthe productof two matrices.ThereforeEquation(3.1) canbewritten as

— HK (3.3)

» <

x
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whereK is an4 x 4 matrix describingthe position and orientationof the camerawith
respectto the world coordinatesystem,andH is a 3 x 4 matrix with elementghat are
functionsof cameraparametersuchasthe focal length, centerof the imageplane,etc.
Theseparameterdo notdependnthepositionandorientationof thecameraandarethus
calledintrinsic; and by contrast,camerapositionand orientationdescribehow the local
cameracoordinatesystemrelatesto a global (external) coordinatesystem,andthus are
calledthe extrinsic parametersA cameracanbe consideredasa systemthatdependson
boththeintrinsic andextrinsic parameters.

Cameracalibration

Camerecalibrationis the processf estimatingthe intrinsic andextrinsic parametersf a
cameraj. e.estimatingmatricesH andK andtheir associategparametersMuch previous
work hasfound thatintrinsic calibrationis bestperformedon camerasndividually since
it is not dependenon the global coordinatesystem.Many calibrationmethodsexist that
areappropriatdor asinglecamerasuchasthoseproposedy Tsai[84] andHeikkila [36].
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After theintrinsic parametersredeterminedhow to find the extrinsic parametersf each
cameran away thatis globally consistents thefocusof therestof thischapter Therefore,
it will beassumedhatintrinsic calibrationhasbeencompletedor all cameras.

Mathematicallyextrinsic calibrationis quitestraightforvard: accordingo Equation(3.3),
andgiventhatH is alreadyknown, aslong aswe know enough3D points(z;, y;, z;) and
their correspondingmagecoordinategu;, v;), we cansolve for K usingeitherlinear or
non-linearparameteestimatiortechniques.

However, in practice,the questionis how to obtainthe setof known 3D coordinates
easily Traditionally this usuallyinvolveshbuilding a so-calledcalibration objectthathas
(visually) detectabldeaturepoints and physically measuringhe locationsof the feature
pointsrelative to the local objectframesin advance.To calibratea camerathe calibration
objectis placedin front of thecameraandapictureis taken. The2D coordinate®f thefea-
turespointsin theimagearethenlocatedandcorrespondencés their 3D coordinatesre
found. Now thatwe have a setof 3D to 2D correspondencesgularparameteestimation
techniguesanproceedandtheextrinsic parametersanbe determined.

Note that, becausehe 3D coordinatesf featurepoints are measuredelative to the
objectcoordinatdrame,the solved camergposition/orientatiorarealsorelative to the cal-
ibration objectframe. Therefore whenthereare multiple camerasthe calibrationobject
mustbe placedat alocationwhereall cameraganseeit, andthe solvedcamergposesare
all relative to the objectcoordinateframe. Note alsothat, the largerthe numberof feature
pointsis andthe more spreadout the featurepointsarein the working volume, the bet-
ter the likelihoodis of good calibrationdueto lessneedfor dataextrapolation,which is
numericallymoreunstable.

Challengesof scalingto wide areacalibration

The basic calibrationtechniquesdescribedabove have partsthat involve somemanual
work, suchashbuilding physicalcalibrationobjectsand/orphysicallymeasuring3D point
locations. The amountof manualwork may be acceptablevhenthe numberof cameras
to be calibratedis small; however, it becomesunmanageablasthe numberof cameras
grows. Moreover, whencameragover awide working areaandall of the camerasieedto
be calibratedwith respecto a singlecoordinatéframe,thereareadditionaldifficulties,as
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Figure3.2: Camerasettingswith differentlevelsof difficulty for calibration.Left: asimple

multi-camerasettingwhereit is easyto build andplacea calibrationobjectthatall cameras
cansee;Right: An L-shapedcamerasetupis not so easyto calibrateusingthe traditional

calibrationprocedure- eithera large objecthasto be built, or adiitionalrelative positions
of multiple smallercalibrationobjectsneedto be measured.

describedelow.

As mentioneefore calibratingmultiple camerasvith respecto onecoordinatdrame
requireghatthecalibrationobjectbe placedsothatit canbeseenby all camerasilt is also
desirablghatthefeaturepointsof theobjectspanasmuchof theworking volumeaspossi-
ble. Thisis feasiblefor acamerasetupasshonvn ontheleft in Figure3.2. Butfor acompli-
catedwide areasettingsuchasthe L-shapedcorridorshovn ontheright in Figure3.2,the
constructionof a large calibrationobjectthat all camerasn the working volume cansee
would be costly andcumbersomeandwould not be portablewhenthe shapeandsize of
theworking volumechange Multiple smallercalibrationobjectsspreadacrosghevolume
canbeusedone-by-ondo calibratesubset®f the camerasbut to determineheglobalco-
ordinatesf eachobject,onewould have to measureherelative positionsof theseobjects.
This canbe a non-trivial andcumbersomerocess.Onecould alsousea smallercalibra-
tion objectandmove it around but similar to the multiple calibrationobjectapproachpne
hasto measurreciselythe objectmovementto be ableto putall camerasnto oneglobal
coordinateframe. Therefore moreefficient calibrationschemesieedto be developedto
handlewide areasystems.
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3.2.2 Previouswork

Therehasbeenagreatdealof researclin theareaof accuratecameracalibration.Generally
therearetwo maincateyoriesof methods.

Onecatgory of methoddgnvolvesthe physicalmeasuremerdf 3D points. Thisis usu-
ally donewith a calibrationpattern/objecivhosefeaturelocationsaremeasuredh adwance
andthenimagedby the camera.Featuresre extractedfrom theimage,andthe bestfit of
intrinsic camergparameterandextrinsic camergposeis obtained.Tsaiproposedawidely
usedmodel,but othermorerobustmodelsareusedaswell [84, 36].

RanderandKanadehave a systemof approximately60 camerasrrangedn adometo
obsere aroomsizedspace.In orderto calibratethesecamerasa large planarcalibration
objectis built andthenmoved preciselyto several vertical locations,in effect creatinga
virtual calibrationobjectthatcoverstheroom[68]. While this workswell, it canbe quite
costlyto ensurehe precisemovementof a calibrationobject,andit is noteasilyadaptable
whenthe shapeor sizeof theworking volumechanges.

The othercategory of methodsusuallydon't requirethe physicalmeasuremenaf 3D
pointfeaturelocations.Ratheythey try to jointly estimatethe 3D featurelocationsaswell
ascamergoses.

Azarbayejaniand Pentlandproposea methodfor calibratingthe relative position of
cameragd2]. An identifiable objectis waved in front of a synchronizedstereopair of
camerasandthe percameraimagelocation of the objectat eachtime stepis recorded.
A standardstructurefrom motion systemis usedto derive the relatve poseof the two
camerasTheirfocusis not wide areatracking,andsynchronougamerasvith acommon
viewing volumearerequired.

Steinproposes systemof camerago track vehiclesin anoutdoorernvironment[76].
By observingthe motionof objectsin videosequenceom multiple camerasanapprox-
imate cameraposeandtime offsetcanbe recoseredfrom severalasynchronousameras.
Imagefeaturesareusedo refinethecalibrationestimate Thissystenrequiresaflat ground
planein all of theimagesandsolvesthehomographyelatingobjectson this 2D plane.

GottschalkandHughegroposeframevork for auto-calibrationn wide areaspace$31].
Headmountedsensorsobsenre preciselytime-division-multiplexed beaconsmountedon



CHAPTERS3. CALIBRATING DISTRIBUTED CAMERA NETWORKS 55

the ceiling of their UNC lab. Datagatheredrom the sensorsanbe usedto estimateboth
the moving headlocationandorientation,andto refinetheinitially availablepositiones-
timate of the beacons.Like the methoddescribedn this chaptey they alsoemploy the
principle of iterative calibration. Welch later proposeda refinedestimationmethod[88].
However, thehardwaresetupandarchitecturen thatwork is quitedifferentfrom themulti-
cameranvironmentghatwe consider

Thecontritution of thework describedn the chapteris awide areacalibrationmethod
that addresseseveral previously ignoreddifficulties. A large numberof asynchronous
camerasanbe calibratedin a singleconsistentoordinatesystem.This canbe achieved
evenwhensomecamerasarearrangedvith non-overlappingworking volumesandwhen
noinitial estimateof camergoseis available.In addition,themethodrequiresno complex
instrumentationandis easilyadaptableo working volumesof variablesizeandshape.

3.3 ProposedMethod

An outline of our methodis shavn in Figure 3.3. After the separatealibrationof intrin-
sic cameragparameterspur methodbegins by obtaining2D imagecorrespondenceslhe
pairwiserelative posebetweencamerasanbe found usingstructurefrom motion. Then,
a unification processringsthesepairwiserelationshipanto a single global space. The
roughestimateof globalposecalculatedy the precedingtepscanbeusedto initialize the
following iterative procedure A 3D traceof anobjectmoving throughspaces estimated
usingan extendedKalmanfilter (EKF). This tracecanbe usedasa virtual calibrationob-
jectby correlatingt with cameraobsenations.Usingtraditionalcamereacalibration,a nev
setof camergposeestimatess obtained.Iterationproducesa globally consistentamera
calibration.

3.3.1 |Initial extrinsic calibration
Pairwise calibration using structur e from motion

To obtaina globally consistenextrinsic calibrationof camerasyve startby searchingor
pairwiseregistrationbetweennearbycamerasn our system. To do this we borrow the
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Figure 3.3: The main stagesof our calibrationmethod. Boxes representomputational
stagesltalicizedtext shavs dataflow.
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solutionto the well-known structurefrom motion problem. In this problem,a camerais
movedfrom locationA to locationB, andacquiresanimageof the samescenerom each
of the two locations. Due to the cameramotion, the samefeaturepoint would appearat
different2D locationsin the two images. A variety of algorithmsexists to estimatethe
3D locationsof thesefeaturepointsaswell asthe relative posebetweernhe two cameras,
giventheir correspondin@D locationsin thisimagepair [64, 63, 75, 62, 59, 35, 82]. Our
calibrationproblemis similarin thatwe alsohave views of the samescendrom camerast
differentlocations andwe areinterestedn computingtherelatve camergose thoughwe
have morethantwo camerasHowever, givencorrespondin@D imagepointsin a pair of
cameraviews, a structurefrom motionalgorithmwill recovertherelatve poseof acamera
pair. Thereforewe usea publicly available structurefrom motion implementatiorfrom
Zhang[93]. An easilyidentifiableobjectis movedsothatovertime it coverstheworking
volumeof oursystemWe useanLED or flashlightin adarkenedroom. Sinceeachcamera
seesonly a subsetof the working area,not all camerasobsenre the objectat arny given
location. At this stage however, only pairwiseregistrationis required.The corresponding
2D obsenationsfor all relevant pairs of camerasare recorded,and the relative poseis
estimatedor eachpair of camerasvith sufficientoverlapin their respectre fields of view.

It shouldbe notedthatsincethe camerasarenot synchronizedor simultaneousnput,
no pair of camerawwill actuallyobsene the point at exactly the samelocation. At this
stagewe make anapproximatiorthatwill berefinedin alaterpartof our algorithm.Since
the objectis known to move continuously we discretizetime into small intervals. We
use36ms,sincethis is approximatelythe time requiredfor two NTSC videofieldsto be
processetby our 60Hz camerasObsenrationsoccurringduringthe sametime interval are
approximatedas co-locatedboth temporallyand spatially Giventhis approximationand
theresultingsetof pairwiseimagecorrespondencegje canemploy structurefrom motion
to obtaina setof pairwisecameraegistrations.

Global unification

Thepairwisecameraegistrationthathasbeenobtainedprovidesonly therelative rotation
andtranslationup to an unknonvn scalefactor For ary given pair of cameraghat have
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sufficiently overlappingfieldsof view, saycamerasi andC' in Figure3.4, structure-from-
motion would find the directionof vector/ﬁ, but not the lengthof it. If we denotethis
directionusingZ’s¢ (the“hat” indicatesa unit vector),we know thatcameraC' lies onthe
line in the direction of TAC but don't know its exact location,i. e. we do not know the
scalefactoror lengtha 4c. Similarly, we mayalsoknow 7'z, Tsc, Ten, Tap, etc,but not
the correspondingcalefactors.Note alsothatthesevectorsarerelative to differentlocal
coordinaterames.e.g. T is with respecto the coordinaterameof camerad, and7¢p
is with respecto the coordinateframeof cameraC'. The goal of thethis stepis not only
to determinghelocationsof all of thecamerashut alsoto do sowith respecto onesingle
coordinatdrame.

Somegeometricanalysigevealsthatthis goalis not hardto achieze. As anexample,if
we have pairwiseregistrationfor camergpairs(B, (') and(A, C'), i. e.we know C' should
beontheline AC definedby vectorTAc, andonline BC definedby vectorTBc, andwe
alreadyknow the exactlocationscamerasd and B (i. e. a4 is known), thenthelocations
of cameraC' on the two lines, (or equvalently, the scalefactorsa - and azc) canbe
easilyfound by the intersectionof the raysm andBC. In practice,dueto imprecision
anderrorsfrom the structurefrom motion procedurethe raysmay not intersect.We use
the pointwith the minimumdistanceo bothraysasthe approximatentersectiorpoint.

Oncethescalefactora or 5 is computedthegloballocationandorientationof camera
C canbe derived basedon the global location and orientationof eithercameraA or B.
We usethefollowing notation. Thetranslationof cameraA with respecto B’s coordinate
systemis denotedoy T4 . The normalizedvectorfrom B to A is 754 . Similarly the
rotationof A relatveto B’s coordinatesystems Rp 4 . UsingW to notatetheworld, or the
globalcoordinatesystemandarbitrarily picking cameraA asabasewe have:

Twe = Twa+aac-Rwa-Tac (3.4)
Rwe = Rwa- Rac (3.5)

Similarly, oncetheglobalpositionandorientationof cameraC' arefound,we candeter
minethelocationof cameraD by intersectinginesﬁ andCD. Incrementallyapplying
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Figure3.4: Globalunificationof all camerasA setof globally calibratedcamerass shovn
connectedy solid lines. The locationof cameraC canbe calculatedusingthe pairwise
relationshipawith A andB, whoseglobalposesarealreadyknown, i. .73 anda 45 are

known.
theabove procedurdocatesall camerasn asingleglobalcoordinatesystem Naturallythis

globalcoordinatesystemhasanorientationbasedntheinitial camergA) andanarbitrary
scale(a ). We take afew realworld measurements orderto determinethe transform

to aphysicallymeaningfulcoordinatesystem.
It shouldbe notedthatthe pairwiseregistrationobtainedusingstructurefrom motion
is not of equalquality in all cases.Camergpairsplacedin degeneratgositionsarelikely
to causeerrors,asaresolutionsdeterminedrom only a few imagepoint correspondences.

Using the residualerror returnedby structurefrom motion, we can rank the quality of
pairwiseinformation. This rankingcanin turn be usedto addcamerago the globalsetin

preferentiabrder thusimproving the estimateof globalcalibration.

Sourcesof error

Ourinitial global calibrationprocessontainsa numberof approximationandsourceof
error. The discretizationof time resultsin errorsboundedby the velocity of the object
andthediscretizationnterval. Theincrementamethodusedto addcamerago the global
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setis alsoa sourceof error. Sincethe globalposeof eachadditionalcameras dependent
on the previously estimatedglobal poseof othercamerassmall errorsmadeat eachstep
canaccumulate Eventhoughthe errorsmadeat eachstagemay be small, camerasadded
nearthe end of a large collectionare likely to suffer from a greatdeal of accumulated
error However, theapproximatealibrationobtaineds a goodinitial guesdor theiterative
methodthatis the coreof ouralgorithm.

3.3.2 lterati verefinement
EKF basedphysical point tracking

Givena globally calibratedsetof camerasan objectcanbe tracked continuouslythrough
theentireworking volume. A numberof technique®xist for integratinginformationfrom
diversesensordanto a single estimateof objectbehaior [14, 42]. We choseto usean
extendedKalmanfilter (EKF) becausét is simpleandefficient. As describedn Chapter2
andAppendixA.3, our EKF is configuredwith a constanvelocity modelandestimateshe
positionandvelocity of thetracked point. As anobjectmovesthroughspacepbsenations
from camerasare usedto updatethe EKF estimate. The resultingtraceis a continuous
estimateof objectmotionovertime. Notethatthereis norequirementhatcameraprovide
obsenationsat simultaneousnoments.The EKF parameterandinternaldynamicmodel
provide thetemporalconstraintsiormally dervedfrom simultaneousbsenation. Details
of appropriateEKF parameterandmodelsareapplicationdependenthut well knowvn [14,
5,13].

Theinitial estimateof camergposeusingstructurefrom motionrequiresghatanidenti-
fiable objectbemovedsothattheworking spaceas covered.Sincetherequirementarethe
samefor tracking,the datagathereckarliercanbe reused.Ratherthandiscretizingobser
vationsinto time intervals,an EKF processethe obsenationsinto a continuous3D object
path.

Virtual object creation

Trackinga 3D objectover awide areaprovidesa methodfor obtainingalarge virtual cali-
brationobject. A conventionalcalibrationobjecthasfeaturesdistributedspatially Ideally
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thesefeaturesaredistributedin sucha way thatthey are easilyidentifiableandcover the
working volume. For largeworking volumesit is impracticalto build a preciselymeasured
physicalobjectfor the purposef calibration. The virtual calibrationobjectdefinedby
the estimateD objectpathhasfeaturesdistributedtemporally Eachtemporalmoment
relateso a singlepositionin space.

Even with correctly calibratedcamerasthe objecttraceobtainedpreviously will not
be perfect. Inadwertentmotion into a region obsened by a single camerawill leave the
systemunderconstrained.Occlusionscan causecompletelossof the object,andsudden
acceleratiorwill notfit our EKF model. In orderto ensurean accuratevirtual calibration
object,we discardtracepointsthatare seenby only onecamera.In addition,we discard
tracepointsfor two secondsftertime periodsin whichno cameraobseresthepoint. This
providesa chancdor the systemto settlebackinto amorereliablestate.

Sincealmostany locationonthepathcanbeusedalargenumberof calibrationfeatures
canbeconstructedlf the pathof the physicalobjectthroughspacdraversesll portionsof
thedesiredworking volume,thenexcellentcoverageis obtainedaswell.

Recalibrating cameraextrinsics

Thevirtual calibrationobjectcanbeusedto individually calibrateeachcamerawith respect
to the globalcoordinatesystem.A givencameraeportsa sequencef 2D imageobsena-
tions. Thetime of obsenationrelatesthis 2D obsenationto a correspondin@D feature
pointin the virtual calibrationobject. Theresultingsetof 2D to 3D correspondencesan
be usedto find the externalcameragpose. As for calibratingtheinternalcharacteristicef
our camerawe usea standardnethod[36].

Iteratingthe above stagesmprovesthe estimateof bothcamergoseandvirtual object
location.More accuratevirtual objectsprovide bettercameracalibration andbettercamera
calibrationallows the virtual objectpathto be determinednoreaccurately We have ob-
tainedcorvergencefor highly over-constrainecgervironmentsn five iterations,with more
generalwide areasettingsrequiringup to forty iterations.
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3.4 Results

Evaluatingthe effectivenesof a calibrationmethodis nottrivial. It is sometimedglifficult
to obtaingroundtruth datafor the cameran question.In addition,sincewe have proposed
a calibrationmethodfor usein wide areaernvironmentsgeneraktomparisonsvith existing
techniguesreimpossible.

We first discussan appropriatemetric with which to evaluateour results. Next we
considercalibrationin a restrictedsetting,in which comparisorwith existing techniques
is possible.Finally, we shav that our proposednethodfunctionsas expectedon a more
generalwide areacalibrationtask.

3.4.1 Evaluation method

Camerecalibrationis oftendefinedin termsof projectionerror. In atraditionalcalibration
task,known 3D locationsare projectedonto the cameramageplane. The distancefrom
the projectedpoint to the obsenedimagelocationis known asthe projectionerror. Given
asetof correspondencethe bestcamereacalibrationis the onethatminimizesthis error.

Anotherformulationprovidesonly 2D imagecorrespondencdsetweemmultiple cam-
eras. In this case,in additionto cameraparametersthe actual3D point locationis un-
known. Thebestfit of thesevariabless oftendefinedasaminimizationof projectionerror.
If camerasrepoorly calibratedn relationto oneanotherthenoneexpectsprojectionerror
to bequitehigh.

Sincethe camerasisedin ourapplicationarenotsynchronizedwe slightly modify this
method. An objectis tracked usingan EKF aspreviously described.At thetime of each
cameraobsenation,the EKF providesa predictedobjectlocation. The predictedocation
canbeprojectedontothecameramageplane.Thedistancebetweerthepredictedocation
andtheobsenedlocationis recordedasprojectionerror Notethatthiserrormaybecaused
in partdueto aninadequatd&eKF systemdynamicmodel. In our casewe usea constant
velocity model;thus,any acceleratiorappliedto the objectwill appeamlsprojectionerror.
However, this errorwill be presennly during acceleration Extendedconsistenbiasin
the projectionerrorcanbeattributedto poorcamereacalibration.
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Figure3.5: Restrictedsettingin whichall cameraganseeacommonarea.A configuration
suchasthis allows comparisorwith existing calibrationtechniques.

3.4.2 Comparisonwith existingtechniques

In orderto compareour proposectalibrationto existing methodswe have constructedn
examplein amorerestrictedsetting.By arrangingnultiple camerasothatall mayobsere
asingleregion of spacetraditionaltargetbasedcalibrationcanbe performedFigure3.5).

We calibratethe camerasystenmusingtwo methodsthe oneproposedn this paperand
onethatusesa physicaltarget. In orderto isolatepotentialnoise,the tagetbasedcalibra-
tion useshesamelED featureaswasusedto build avirtual calibrationobject. This LED
featureis now placedattheendof aFarodigitizing arm[27] thatreturnsthepositionof the
tip of the armwith sub-millimeteraccurag. By arrangingfor simultaneousriggeringof
thedigitizing armandcameraye canobtaincorrespondencésetweertheglobal 3D loca-
tion of thefeatureandthe obsened 2D imagelocation.While only afew correspondences
aretheoreticallyneededye useapproximatelyb0to obtainrobustexternalcalibration.By
repeatinghis procesgor eachcameraa completesetof calibrationsn a singlecoordinate
spaces obtained.

To evaluateour methodfairly, we gatheredanew objecttraceunrelatedo ary previous
tracesusedduringcalibration.It isimportantnotto reuseprevioustracesduringevaluation,
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Figure3.6: Comparisorof projectionerrorof apointtraceusing(a) traditionaltargetbased
calibration,(b) structurefrom motiononly, (c) oneiterationof virtual objectcalibration,(d)
five iterationsof virtual objectcalibration. Note thata virtual calibrationobjectperforms
aswell astraditionalcalibration.

sincewe wantto ensureagainstoverfit solutionsthat matchthe input dataset,but do not
actuallyprovideacalibratedsystenof camerasFigure3.6containsasetof graphsshawving
projectionerrorin the trackingprocesdor a particularcamera.(Datafrom othercameras
in the systemis similar.) Usingthe calibrationobtainedwith a traditionalphysicaltarget
resultsin trace(a). The averagepixel errorin a meansquaredsenseover all camerass
relatively low, only 4.4 pixels. Theroughglobalcalibrationobtainedusingstructurefrom
motionresultsin trace(b). Notethatthe meanerror hasgreatlyincreasedo 33.8 pixels.
After building a virtual calibrationobjectandrecalibratingthe cameraswe obtaintrace
(c). Using a virtual calibrationobjecthasreducedthe meanerrorto 14.4 pixels. After
fiveiterationsof building virtual calibrationobjectsandrecalibratinghecamerastrace(d)
results. The meanerrorhasbeenfurtherreducedo 3.9 pixels,approximatelyequalto the
known reliable calibrationobtainedwith a target. Someerror remains,but asmentioned
earlierthis maybedueto objectacceleratioror imagefeatureextractionnoise.

3.4.3 Examplein awide areasetting

Thewide areacalibrationtechniquedescribedn this chaptercanbe generalizedo awide
variety of applicationssensorsandervironments. An understandin@f a representate
sideareatrackingsetupin ourlabmayproveillustrative. This setupcansupporiavarietyof
trackingapplicationssuchas3D headrackingfor thelnteractve Mural (seeSection2.3.1)
andsimultaneouvody andfacemotion capture(seeSection2.3.3). The trackingsystem
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(b)

Figure3.7: (a) Ceiling mountedcamerasreusedto track usersarounda wide areaervi-
ronmentin front of thelarge display (b) Camerasrearrangedsothatobsenationof the
entirespacads possible althoughno singlecameraobsenesthe entireworking volume.

(@)

hasten ceiling-mounteccamera®rientedto obsere a4.0x 4.5 meterarea.Coverageex-
tendsfrom approximatelya half meterto 2 metersfrom thefloor. Thewide-anglecameras
in thecornerscoverthevolume.In addition,sinceour applicationrequireshighertracking
resolutionright in front of the display a few morenarravly focusedcamerasreinstalled
to increasethe resolutionin that area. Individual cameraobsere only a portion of the
volume.In aggregate however, they coverthespace Figure3.7 shavsaphotograplof the
trackingspaceanda planview of camergplacementNote thatin orderto ensurecorrect
estimate®f obsered objectposition,it is requiredthatat leasttwo camera®bsenre ary
givenregionin space However, thereis no singlepointthatis obseredby all cameras.
In the wide areasettingdescribedabove, we canverify thattheiterationprocesson-
vergesasit doesfor themorerestrictedsettingdescribedn Section3.4.2.Figure3.7showvs
final cameraplacementwhile Figure 3.8 shavs cameraocationsafter calibrationusing
only structurefrom motion. Notethatthesdocationsareapproximatelycorrect. However,
refinements required. For example,the threecamerasn the middle are expectedto be
collinear Figure3.8 alsoshaws a planview of the temporalpathusedto build a virtual
calibrationobject. Notethatthe pathtraverseghefield of view of all camerasgoveringthe
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Figure 3.8: Top view of estimatedcamergpositionsafter applyingstructurefrom motion
only. Theobjectpathshovn definesavirtual calibrationobjectthatcanbe usedto improve
camerecalibration.

working volumebetterthana singlephysicalcalibrationobject.

As describedoreviously, projectionerroris expectedto decreasasquality of calibra-
tion improves. A new traceunrelatedto tracesusedfor calibrationwas captured. Fig-
ure 3.9ashows the projectionerror of a single cameraafter the coarseglobal calibration
of all camerasausingstructurefrom motion. As before,the meanerroracrossall cameras
is quite large, about16.3 pixels. Holesin the graphindicatetime periodsin which this
particularcameradid not obsene the object,sono errormeasuras available. (Of course
metricsareavailablefor othercameraghatdo seethe point duringthis time period). Fig-
ure 3.9bshavstheimprovementafterthreeiterations.Forty iterationsof building a virtual
calibrationobjectresultsin a low projectionerror, 1.3 pixels,showvn in Figure3.9c. Pro-
jection error lower thanthat obtainedin the previous examplecanlikely be attributedto
improvementdn intrinsic cameracalibration. A plot of pixel errorvs. iterationscanbe
seenn Figure3.10.

An intuitive explanationfor the corvergenceof this algorithmis asfollows. As shavn
in Figure3.11,thereis ageometriaelationbetweerthe 3D positionof a point,thecamera
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Figure3.9: Projectiorerrorin awide areacalibrationtask.(a) Errorafterapplyingstructure
from motion. (b) Error afterthreeiterationsof calibrationusingavirtual calibrationobject.
(c) Significantlyreducederrorafterforty iterationsusinga virtual calibrationobject.
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Figure3.10: Projectionerroris greatlyreducedafterapplicationof theiterative calibration
process.
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Figure3.11: Intuition behindcorvergence.3D point positionis anaveragequantitybased
onmultiple camergposeqandthe 2D projectionsontheimageplane).Thevarianceof 3D
positionis lessthanthevariance(error) of individual camergposesdueto averaging.Less
erroneous3D positionsin turn improve camergposeestimationin the recalibration.And
thuscorvergenceis concevable.

pose,andthe 2D projectionof the point on the cameramageplane. The 3D positionof a
pointis essentiallydeterminedyy the intersectionof back-projecteataysfrom eachcam-
era. Whentherearemultiple camerasasin our systemthe Kalmanfilter thatassimilates
measurementsom all camerasactsasalow-pasdilter, andthe 3D positionit generatess
essentiallyan“average’basedon datafrom all camerasSincethe varianceof anaverage
guantityis smallerthanthe varianceof eachindividual quantitywithin the average even
thoughtheinitial camergposesarecoarseandhave largererror(variance)the3D positions
basedon all of the coarsecameraposeshave lessvariancedueto averaging. In turn, the
improved 3D positionsare usedto recalibratethe cameraswhich generates betteresti-
mateof the cameraposes. Using theseimproved cameraposeswe canrun the Kalman
filter to track 3D positionagain,which againreducesrariance.As the processterates,it
is not surprisingthatit corverges. Fromthe experimentswve have run, we have obsened
empericallythat,the moreoverlapthereis amongcamerasfields of view, the moreaccu-
ratetheinitial camergposegobtainedfrom structure-from-motionare,andthe fasterthe
iterative refinemenprecessornverges. Thenumberof iterationsfor corvergenceshownn in
Figure3.10is for oneof the slower cases.
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3.5 Conclusions

Calibrationof camerasn a wide areaernvironmentintroducesnew challengedgo the cal-
ibration process. Since individual camerasobsere only a small fraction of the whole
environment,determinatiorof reliable global relationshipgs difficult. Typical previous
approachesuchasbuilding calibrationobjectsthatspantheobsenationspacedonotscale
well to wide areaervironments.

We have introduceda methodsuitablefor calibrationof camerasunderthesediffi-
cult conditions. Intrinsic camerapropertiesare calibratedusing existing methods. Next
pairwiseextrinsic relationshipsaaredeterminedisingstandardstructurefrom motiontech-
niques. Thesepairwiserelationshipsallow usto derive anapproximateglobal calibration
involving all camerasTheinitial estimateof globalrelationshipss not precise.However,
it canbe usedto initialize aniterative calibrationtechnique.Trackinga known physical
objectasit movesthroughthe environmentallows a virtual calibrationobjectto be built.
Thisvirtual calibrationobjectcanbeusedasif it wereagiantphysicalcalibrationobjectto
improvetheglobalcameracalibration.lteratingtheabove procesdeadsto our final camera
alignment.



Chapter 4

Determining Optimal Camera
Configurations

4.1 Intr oduction

In designingavision-basedrackingsystemit is importantto definea metricto measurehe
"quality” of agivencameraconfiguration.Sucha quality measurénasseveralapplications.
By usingthe metric in an optimizationprocesswe can automatethe cameraplacement
processanddo betterthana humandesignerespeciallyasthe trackingenvironmentgets
morecomplex andthe numberof camerasncreasesAlso, thereareclasse®f applications
wherecameraconfigurationschangedynamicallyandsomemetricis neededo guidethe
automaticchoiceof bestconfiguration. For example,in a multi-target tracking system
with multiple pan-tilt camerasit may be desirableto dynamicallyfocusdifferentsubsets
of cameragon eachtarget. Otherapplicationsmight requiredynamicconfigurationdue
to bandwidthor processopower limitations. For instancen a systemwith hundredsof
cameraspnly a subsebf thecameraganbeactve. In thesesituationst is crucialto have
aquality metricsothatthecameraconfiguratiorthatenableshebesttrackingperformance
canbefound.

In amotioncapturesystemmultiplecamera®bsere atagetmoving aroundn awork-
ing volume. Feature®n thetamgetareidentifiedin eachimage. Triangulationor disparity

70
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canbe usedto computeeachfeatures 3D position. In sucha system performancealegra-

dationcancomefrom two majorsources(1) low resolutionwhich resultsin poorfeature
identification;and(2) occlusionwhich resultsin failureto seethe feature.Occlusionmay

bedueto eitherthetargetitself or otherobjectsin thescene Whennotenoughcamerasee
afeaturejt is difficult orimpossibleto calculatets 3D position.In fact,theprimaryreason
commerciaimotioncapturesystemsonsistof mary camerass to reduceocclusion rather

thanto increasaesolutionor coverage.In orderto achieve accurateandrobusttracking,

both occlusionandresolutionmustbe considered.A quality metric for placingcameras
shouldreflecttheimpactof bothfactors.

In this chapterwe proposea quality metric that accountsor both the resolutionand
occlusioncharacteristicef a cameraconfiguration.lts targetapplicationis the automatic
placementand control of cameragor motion capturesystems. It can be usedboth to
designstaticcameraarrangementgnddynamicallyfocussubset®f camera®on different
tamgetsin a multi-targettrackingsystem.The metric computeghe uncertaintyor errorin
the tracking systems ability to estimatethe 3D positionsof features.This uncertaintyis
causedy limited 2D imageresolutionaswell asocclusiondueto theervironmentand/or
the moving targetitself. The errordueto imageresolutionis computedoy projectingthe
2D imageerror of eachcameranto 3D spaceandmeasuringhe sizeof the resulting3D
errorvolume. The uncertaintydueto target occlusionis estimatedoy samplingthe space
of possibleoccludersandcomputingthe probabilitythatpointsareoccluded.

The quality metric for multi-cameraconfigurationancludesa probabilisticocclusion
model. This metric allows camerago be placedmore robustly than previous resolution-
only metrics. It modelsthe target self-occlusionbehaior that can be commonlyfound
in feature-basednotion capturesystems. In addition, the use of samplingin the met-
ric computatiorallows for easyadaptatiorto tracking scenariosvith disparateocclusion
characteristics.

The restof the chapteris organizedasfollows. Section4.2 describegprevious work
relatedto camergplacementSection4.3describeshe metricwe proposefocusingspecif-
ically on how dynamicocclusionis modeled.Section4.4 describeshe experimentaketup
andresultsfor the verificationof our probabilisticocclusionmodel. Section4.5 showvs
simulationresultsthatillustratethe impactof resolutionandocclusionon optimalcamera
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placement.Theseexamplesillustratethe usefulnes®f the metric,andprovide insighton
thelocationof "good places”to put camerador accurateandrobusttracking. (A concise
versionof this chaptercanbefoundin [16]).

4.2 Relatedwork

The cameraplacemenfproblemcan be regardedas an extensionto the well-known art-
gallery problem[65]. Both problemshave the goal of coveringa spaceusinga minimum
numberof camerasandin boththe solutionsaregreatlyaffectedby thevisibility relation-
ship betweenthe sensorandthe target space. However, thereare significantdifferences
betweenthesetwo problems. The art-galleryproblemfocuseson finding the theoreti-
cal lower-boundson the numberof guardsfor spacesf various(possiblyvery comple)
shapesBoth thetargetspaceandthelocationsof guardsarerestrictedo 2D. Additionally
the visibility modelis very simple. It assumeshat the guardhasa 360-dgyreefield of
view (FOV) andthatthereis no resolutiondegradationwith viewing distance.The cam-
eraplacemenproblemthat we consideris a practicalproblem. The camerahasa more
complex modelwhich includes3D projection,limited FOV, andlimited imageresolution.
Althoughthespaceo coverin practicalcamerglacements usuallygeometricallysimple,
thereare usually constraintson allowable cameraplacementsuchas ceilingsandwalls.
In our work, the goalis not necessarilyo find the absoluteglobal optimum, but ratherto
enablethe evaluationandcomparisorof a subsebf potentialsolutions.

Thereis someprevious work in automaticsensorplanningin the areaof robotic vi-
sion[78, 79, 83, 92], motion planning[50], andimage-basednodeling[29]. To alarge
degree,the previous work sharesour view of cameraplacementisan optimizationprob-
lem, andthatanimportantsteptoward automaticsolutionsis the constructiorof a quality
metricto evaluatevariouscameraconfigurationsHowever, the problemdomainandgoals
of the previous work are quite differentfrom ours. Their targetis usuallya staticobject
whosegeometryis assumedo be known a priori, andthe taskis to find a viewpointor a
minimum numberof viewpointsthatexposeghefeaturesof intereston thetargetasmuch
aspossible.Thereis usuallyonly onecameran the systemandthe quality metricincludes
the targetgeometryexplicitly. The camergplacemenproblemfor motion capturediffers
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becausehetargetis moving andits geometryandmotionarenot known a priori. In addi-
tion, therearemultiple camerasvorkingtogetheiin thesystemandthesystenperformance
is affectedby their relative pose.

A few researcherfiave proposeduncertaintyanalysisfor placing multiple cameras.
OlagueandMohr [61] approximatedheprojectvetransformatiorof acameraisingTaylor
expansionanduseda scalarfunctionof the covariancematrix asthe uncertaintymeasure.
Wu etal. [91] proposeda computationatechniqueo estimatethe 3D uncertaintyvolume
by fitting anellipsoidto the intersectiorof projectederror pyramids. Both work consider
limited imageresolutionasthe only causeof 3D uncertainty However, occlusionis fre-
guentlypresentn feature-basedotion trackingsystemsandis sometimeshe dominant
sourceof error The quality metric presentedn this chapterestimateghe 3D uncertainty
causedy bothocclusionandimageresolution.This metricis ableto modelthe dynamic
andprobabilisticcharacteristicef a moving tamget, aswell asthe mutualresolutioncom-
pensatioramongmultiple cameras.

4.3 Construction of the quality metric

In this sectionwe definethe ideal quality metric for a multi-cameraconfigurationwith
respecto aworking volume.Sinceit is basednthenotionof 3D positionuncertainty we
first describethe possiblecause®f positionuncertaintyandhow it is relatedto the layout
of all of the cameradn the system. We then proceedto describea generalformulation
to constructthe metric, and using a top-davn order describethe variouspiecesneeded
in the metric. We describespecificallyhow to modelthe effect of limited cameramage
resolutionandtarget occlusionon the positionuncertaintyof a point. We thenextendthe
formulationto a volumeandput all of piecestogetherto give the final formulationof the
quality metric.

4.3.1 Causesof 3D position uncertainty

In orderto determinethe 3D position of a featurepoint on a target, one needsto know
two piecesof information: the completecamergparametersaindthe 2D featurelocations
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Figure4.1: Determinatiorof 3D position.

ontheimageplane. Camergparametericludeintrinsic parametersndextrinsic param-

eters. Theseparametersogetherspecifywherea cameras located,how its imageplane

is oriented,andwhatthe 2D locationon the imageplaneshouldbe givenits 3D position.

The 2D positionof afeatureis usuallydeterminedn two steps:classificatiorandlocation

calculation.In the classificatiorstep,pixelson theimageareclassifiedaseithergenerated
by thefeatureof interest,or not. For example,if thefeatureis abrightpoint, pixelsthatare

brighterthana certainthresholdareidentified; if the featureis anedge,thenthosepixels

with large neighboringgradientareidentified.

As shavnin Figure4.1,giventheknowledgeof camergparameterandthe2D location
of afeatureseenby atleasttwo camerasthe 3D positionof thefeaturecanbe determined
by the intersectionof raysoriginatingfrom the cameracenterand going throughthe 2D
featureon theimageplane. Of course,n practice,dueto variouserrorsandnoisesthese
raysmay notintersectat onepoint, andthe 3D positionis usuallydefinedasthe point that
hasthe shortestlistanceo all back-projectedays.

Somepracticalsystemdave moresophisticate@lgorithmsto determingarget3D po-
sition thanthe simpletriangulationwe just describedabore. For example,if multiple fea-
tureson atargetneedto betracked,featureson the samerigid partsof thetargethave fixed
distancedbetweerthemandthis informationcanbe usedto further constrainthe position
estimationpr sometemporaimodelsuchashow fastthetargetcanbe moving canbeused
to correlatefeaturesin differentframes. However, the determinatiorof 3D featurepoint
positionstill reliesonthebasicinformationwe describedbore, whichincludesthecamera
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parameterand2D imagemeasurements.

Basedontheabove descriptionwe canseethatthereareseveralfactorsthataffecthow
accuratelywe candeterminghe 3D positionof a featurepoint. The cause®f 3D position
uncertaintyinclude:

Cameraparameters Thesencludeboththeintrinsic parametersuchaslensparameters
andextrinsic parametersuchaspositionandorientation.Theproces®f determining
theseparameterss calledcameracalibration,andinacurratecalibrationwould cause
in accurate8D positions.

Image measurements Poorimagemeasurementsanresultfrom a poor featureidentifi-
cationprocessMoreover, evenwith agoodidentificationalgorithm,imagemeasure-
mentsaresubjectto limited camergixel resolution andwherethe cameras placed
relative to thetarget. For example,atargetthatis far avay from a camerahasworse
resolution(pixel perunit objectdistanceYhanatargetthatis closethethe camera.

Occlusion Occlusionis the phenomenonvhenthe featureis blocked from a cameraby
someobject(s)calledoccluder(s) An occludercanbe non-varyingwith time (i. e.
static) suchasa pillar or wall in the ervironment,or dynamic(i. e. time-varying)
asthe taget moves. We classify dynamicocclusioninto two types: self occlusion
andinter-objectocclusion. Self-occlusionrefersto occlusionwherethe featureis
occludedoy thesurfacethatit is attachedo; inter-objectocclusiorrefersto occlusion
wherethefeatures occludedoy othermoving partsof asameargetor anothetarmet.
Figure4.2illustratesthedifferenttypesof occlusion.Whenocclusionoccursandnot
enoughcameraseeafeaturejt is difficult orimpossibleto calculatets 3D position.
It is obviousthatthe occlusionbehaior of amulti-camerarackingsystemis heavily
affectedby therelative positionandorientationof all cameras.

Therefore,n orderfor a trackingsystemto have goodaccurag in 3D positiondeter
mination, it is importantto have accuratecameragparameteinformation,accuratemage
measuremenbformation,andminimal targetocclusion.The determinatiorof camerga-
rameterss thegoalof cameracalibration,whichwasdiscussedn Chapter3. Accurate2D
imagemeasuremerdepend®n having agoodfeaturedetectioralgorithm,andalsoonthe
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Figure4.2: Varioustypesof occlusionbasedon the occluderbehaior. Staticocclusion
shawvn point A sinceit is blocked by a staticobjectin the scene;dynamicself-occlusion
shown for point B sinceit is blocked the surfaceit is atttachedo; dynamicinter-object
occlusionfor point C sinceit is blocked by other partsof the target. Note whenwe talk
aboutthe possibleocclusionthat canhappento a point over a period of time, the points
arespatial pointsin the working volume, not attachedhe tarmget, andthe occlusiontypes
they canhave dependon the configurationof the target. For example,point A canalso
have dynamicself-occlusionf the personsarmor otherpartsmove to a differentposeand
blockit from a camera.But thelampwill alwaysbein betweertheleft cameraandpoint

A.
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locationof the cameraselative to thetarget. Theamountof occlusionis alsosignificantly
affectedby wherethe camerasrelocatedrelative to thetarmget.

4.3.2 Quality metric of a cameraconfiguration: generaldefinition

We definea camen configuation C asthe collection of cameraparameter®f all cam-
eras. Thatis, C = (Cy,Cs,,...,Cy), whereC; is a vectorcontainingthe (intrinsic and
extrinsic) parameter®f the ith camera. (We will alsousethe word “layout” or “place-
ment” interchangeablwith “configuration”in this chapteybut keepin mind thatthis also
includescamerantrinsic parametersuchasfield of view.). Thequality metricof acamera
configurationis definedasa scalarvalue g that measureshe 3D positionuncertainty as
a function of a cameraconfigurationC with respecto a working volumeV" in which the
targetis moving, i. e.

q=Jv(C) (4.1)

Equation(4.1) basicallysaysthat positionuncertaintyis a functionof camerdayout. But
whatdoesthisfunctionlook like,or in otherwords,how doescamerdayoutaffect position
uncertainty?Basedon Section4.3.1we know thatthe configurationof camerashot only
affectstheimageresolutionof thetarget, but alsohasa significantimpacton the occlusion
behaior of the target. Both imageresolutionandtarget occlusionaffect how accurately
androbustly 3D positionis determinedn a motiontrackingsystem We shalldescribenow
to modeltheir effectson the quality metricin thecomingsections.

4.3.3 Uncertainty of a point with resolutiononly

As is well known in the vision community one major sourceof errorin determining3D
positionis limited 2D imageresolution.Mostvision-basedrackingsystemgerformsome
sortof triangulationon raysfrom two or morecamerasSometargetfeatureis detectecn
theimageandtheray definedby its 2D locationandthe cameracenteris back-projected
into 3D space.Theintersectiorpoint of raysfrom multiple cameraglefinedby the same
featureis the 3D locationof the feature,asdescribedn Section4.3.1. However, onecan



CHAPTER4. DETERMINING OPTIMAL CAMERA CONFIGURATIONS 78

Camera Center

Intersection of
Ray Pyramids

A Pixel

A

=

Image

Plane D;]

(b)
(@)

Figure4.3: (a) The 3D uncertaintyvolumeof a singlecameradueto limited 2D resolution
onits imageplanecanbe modeledasa pyramidof rays.(b) The3D uncertaintyvolumeof
multiple camerass theintersectiorof ray pyramidsof all cameras.

only determinethe 2D locationof a featureon animageto a certainprecision,aslimited
by thefeaturedetectionprocessaandtheimageresolution.Thuseach2D obserationfrom
a cameragivesrise to a coneof rayswith someprobability densityratherthana single
ray. This conecanbe approximatedasa pyramid of rays. As showvn in Figure4.3, the
intersectiorof ray pyramidsfrom multiple cameragorm a 3D volumeratherthana point.
Theactualtargetpointhasahighprobabilityof beinglocatedanywherein theerrorvolume.
Thebiggertheerrorvolume,the highertheuncertaintyin the point’'s actualposition.

It shouldbe notedthatthe sizeof theuncertaintyvolumeis notisotropic:it varieswith
direction. In orderto estimatethe size of the volume,we measurets dimensionin a set
of sampleddirectionsandthenaggreatethe errorin all directions. To computethe 3D
uncertaintyfor a givendirection,we first computethe 3D errorin thatdirectionfor each
cameraWhentherearemultiple camerasthe camerahaving betterresolutionwill cutthe
errorvolumeandmalke it smaller Thus,thecombineduncertaintyof all thecamerass the
minimumof all.

Conceptually without being very specificor precise,U,.(P), the 3D uncertaintyat
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point P dueto limited imageresolution canbe expressedy thefollowing:

Ures(P,0) = norm, (glﬁig(L(P, d, C))> (4.2)
where (P, d, C) is thelengthin directiond of the 3D ray pyramid of cameraC at point
P, asshavnin Figure4.4. Thefunction norm, () aggr@atesheuncertaintyoverall direc-
tions, andthe choiceof k is userdependentUsually the function normy () canbe max()
(i. e. k = o0) or mean-square-errdr. e. £ = 2) dependingon whetherthe userwantsto
evaluatethe worst-casescenaricor an averagescenario.The emptysetsymbol() denotes
thatthis U, is computedvith no (dynamic)occludersn thescenej. e.thismeasurdakes
into accountuncertaintydueto limited imageresolutiononly. Staticocclusionis directly
takeninto accountby notingin the above formulationthatonly unoccludeccamerason-
tribute to a reductionin 3D uncertaintyat point P. Thisis a simplified caseof the model
describedn thenext subsectionln thenext subsectionve will considethesituationwhere
thereis dynamicocclusionj. e. thesetof dynamicoccludergs notempty

4.3.4 Uncertainty of a point with dynamic occlusion

Dynamicocclusionoccurswhenatargetpointis notvisible from acameralueto occlusion
by the moving targetitself in the scene.The challengeto computingthe error causedy
thistypeof occlusionis thatwe do notknow a priori wherethetargetor occluderwill beat
ary time, andthe exactshapeof the target, either Without the knowledgeof targetshape
andlocationit is impossibleto arrangecamerasuchthat the targetis guaranteedo be
visible.

We investigatethis issueby assumingfor the moment,that we do know wherethe
occluderis, asshavn in Figure4.5. As canbe seenpoint P is only visible from a subset
of the cameragsiueto this occluder As aresult,the 3D uncertaintyvolumeis formedby
theintersectiorof theray pyramidsof only thoseunoccludeccamerasi. e.

Ures(P, 0c1) = normy, (min (L(P,d,C)u(P, C,ocl))> (4.3)
all d all C

wherevisibility factorv = oo if P is occludedfrom cameraC' given occluderoc; and
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Figure4.4: Estimatingthe size of the uncertaintyvolumeof a point. L(P, d;, C;) is the

lengthin directiond; of the 3D ray pyramid of cameraC; at point P. For eachdirection,
the best(minimum) L out of all camerass picked asthe estimatedsize of the uncertainty
volumefor that direction, becausanultiple camerascompensatéor eachother’s uncer

taintiesin determiningpoint P’s position,asshowvn by the red line for directiond; and
the blueline for directiond,. The overall uncertaintyfor the point consideringall direc-
tionsis definedto be eithertheworst(maximum)or someaverageof the uncertaintyof all

directions.
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v = 1if P isvisible. Therefore,if a cameracannotseeP, its ray pyramid size L will
have a hugeweightv andwill not be countedin the min(e) evaluationthatcombineshe
effectof all camerasA differentoccluderoc; (with differentposition,orientationor shape)
would leadto a differentuncertaintyvalueU,.( P, ocz), andsoon. If we wish to evaluate
the uncertaintyfor a whole tracking sessiorandwe know preciselyall the positionsand
orientationsof the occluderin the trackingsessionye could evaluatethe visibility factor
for eachoccluderandaggreatethe uncertaintyvaluesfor all occluderdo getanestimate
of theoverall positionuncertaintyat point P for agivencameraconfigurationj. e.

Ures(P) - Z* Ures<P7 OCi) (44)

oc; €O

where© denoteghe setof occludersover all positionsandorientationsand " denotes
somegeneralaggregation function that mapsan ensembleof values{U,.(P,oc;), ...,
Uses(P, 0cy)} ontoa singlenumber (This aggreationcould be a simplesummationav-
erageweightedaverage or morecomplex mappingdependingon theapplicationanduser
specification.We will discusshow to choosethis generalfunction later) However, this
methodwill not be very usefulfor designinga real tracking system. In reality, the path
that a target takes could vary greatly and cameraconfigurationsoptimizedfor one spe-
cific pathmay be poorfor otherpaths.Sothe next questionis, how canwe find a camera
configurationthatavoidsocclusionfor all possiblepaths?

Insteadof simulatinga precisepathwhencalculatingocclusion,we cantake a proba-
bilistic approachThoughwe maynotknow exactly wherethe“occluders™will be,we may
have someideaasto how likely it is thatthey will be at certainpositionsandorientations,
i. e.if we have the probability distribution for the occludey we cangenerateossibleoc-
cludersby drawving samplegrom thedistribution. For eachpossibleoccludeywe calculate
how mary camerasare obstructedrom observingthe target point P. The resultsacross
occludersthat are sampledfrom the distribution are aggreatedinto a single estimateof
occlusioncharacteristicsThe more often occlusionoccursandthe more cameraghatget
occludedthegreatetthe3D uncertainty Samplingthespaceof all possibleoccludersyives
usanocclusionmetricfor a particularcameraconfiguration.In otherwords, we canstill
use Equation(4.4), but insteadof having the occluderpositionsand orientationsdravn
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Figure4.5: Effect of an occluderto the 3D uncertaintyvolume. The point canbe seen
by cameraB andC but not cameraA. ThereforeA doesnot contrilute to reducingthe
uncertaintyvolume of the point. In general,the 3D uncertaintyvolume at point P of

multiple camerasvhenthereis anoccluderpresents the intersectionof ray pyramidsof

thesubsebf camerashatarevisible or unoccludedrom the point.
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Figure4.6: Approximationof an occluder:dynamicself occlusionis modeledasa plane
attachedo the 3D pointof interest.

from ana priori known path,they aredravn from someknown probability distribution.
Theprobabilisticdescriptioraddressethe problemof having no preciseknowledgeof
the occluderpath, but anotherchallengethat we faceis that we do not know the precise
shapeof the occluder We addresghis problemby looking at the variousocclusionphe-
nomenan motioncapturedeterminingvhatoccursmostcommonlyandbuilding amodel
that describeghe occlusionphenomenauficiently but is still computationallymanage-
able. As describedn Section4.3.1,we seethattherearetwo typesof dynamicocclusion,
I. e. occlusiondueto the moving tamget, in a typical point-featurebasedmotion capture
system.Oneis self-occlusionwherethe featurepoint is occludedby the very surfaceit
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Figure4.7: Worst-caseccluder The occludedregions(shavn shadedpf threeoccluders
that are locatedat variousdistancedrom a point P. The shapeof the occludedregion

is dependenbn both the size and orientationof an occluder But for the sameoccludey

thecloserit is to thetarget point, the morecameraghatwill be occluded.A conserative

estimateof the occludedregion canbe madeby assuminghatthe occluderis very close
to point P. In this casean entirehemispheref cameraocationswill not be ableto see
the point. Noticethe durality of this figuresvs. Figure4.5. Herethe shadedegion is the

occludedregion where camerasannotseethe point, whereasin Figure 4.5 the shaded
regionis thevisiblewherethe cameragsansee.

is attachedo; anothertypeis calledinter-objectocclusion,wherethe featureis occluded
by otherpartsof thetarget or othertarget(s). Our assumptions thatthe major sourceof
occlusionfor a pointis the surfaceto which it attachesWe usea planeto approximatehe
surface,asshown in Figure4.6. We believe thatthis is areasonablenodelbecausefirst,
in currentmotion capturesystemspointsareattachedo a surfacethatcanbe viewed as
a planelocally, andself-occlusiordoeshapperall the time; secondsincea planealways
occludesawhole hemispheref cameraseffectsof otherpossible(inter-object)occluders
in thathemispherénave alreadybeenaccountedor. Thusthis approximatioralsomodels
partially the effect of inter-objectocclusion. Anotherbenefitof usingthis modelis that,
becausdhe planegoing throughpoint P givesthe worst-caseocclusionwith respectto
P of all otherplanepositions(seeFigure4.7), only planesgoing through P needto be
consideredn occlusioncalculationgo give a conserative estimateof theimpactof occlu-
sion. Thatmeanghatonly orientationis neededo parameterizéheseplanes.This leads
to a simplercomputationand samplingprocessan the overall uncertaintyestimation,as
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Figure4.8: The quality metric with respectto a whole 3D volumeis definedto be some
normof the perpoint 3D uncertaintyof all of the sampledoointsin thevolume.

Equation(4.4) canbefurthersimplifiedto

UP)= 5 UlP plane,) (4.5)

plane, €T'(P)

whereI'(P) is the setof planesgoingthroughpoint P with all possibleorientationsand
the orientationgnormals)of the planearedravn from a distribution.

4.3.5 Uncertainty of a volume

Equation(4.5) estimatedhe 3D positionaluncertaintyof a point P. Giventhat,it is not

difficult to extendthis notionto a whole volume. The uncertaintyof a whole volume V'

canbeconsideredo be somenormof theuncertaintyaluesof all points P in thatvolume
(seeFigure4.8), andthatis definedto be the “quality” with respecto V' givenacamera
configuration:

q = normy, U(P) (4.6)
PeV
whereU ( P) istheuncertaintyfor apointP asdefinedn Equation(4.5),and norm,, denotes
thekth normof aset. Thereareaninfinite numberof pointsin avolume;thereforejn actual
computationwe evaluatea discretenumberof pointsby draving themfrom a distribution
thatdescribesiow likely atargetis to beat point P within volumeV'.
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4.3.6 Non-uniform distrib utions

Note that, in orderto evaluateEquations(4.5) and (4.6), the probability distribution for

occluderorientationsandthe probability distribution for target positionsneedto be known

a priori. Whatdistributionsshouldwe use? The answeris thatit is applicationspecific
andit depend®n how muchinformationaboutthe tagetmotionandthe trackingsession
is known. If onehasno otherinformation, a uniform distribution can be used. If one
hasmoreinformation,morespecificdistributionsshouldbe used. For example,asshovn

in Figure4.9, in an VR applicationwherea persons headpositionis tracked to drive

a display more accuratetrackingis neededwvhenthe personis nearthe display sincea

slight movementcloseto the screenwould causea hugemovementof the contentson the

display Anotherexampleis thatwhenthe featurepoint is at the top of a persons head
andwe know thatthe headwill notfacedownward,we canlimit the occluderorientation
distributionto includeonly thosedirectionspointingupwards.This shavs thatonebenefit
of using samplingin our quality metric formulationis that it easily allows application-
specificconstraintand/orrequirements$o beincludedin the quality evaluation.

4.3.7 Summary of our proposedmetric

Basedon the analysisof the previous section,we summarizehefinal versionof our pro-
posedquality metricas:

g = normy Prob(P)U(P) 4.7)
PeVv

= normy Prob(P) Z* Prob(plane;) Uyes( P, plane;) (4.8)
Pev

plane; €T'(P)

whereProb(X) denoteghe probability distribution of a randomvariable X andI'(P) is
the setof planesgoing throughpoint P of all possibleorientations. Both the pointsin
the working volume and the occluder(plane) orientationare dravn from somea priori
distribution.

Theassumptionthatwe have madearethatall featurepointsareindependenandthere
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Figure4.9: Examplef usingnon-uniformdistributionsin the computatiorof the quality

metric. Left: uniform andnon-uniformspatialpoint samplingin the animmersve room,

a users positionis useto drive a display on one side of the wall (marked by a thicker

blackline). In orderfor the displayprogramto have uniform responsen termsof screen
pixels, moreaccuratdrackingis requiredwhenthe useris closeto the displaybecause

slight movementcloseto the screenvould causea hugemovementof the contentson the

screenThereforeregionsnearthescreeris samplednorefrequentlyto givethemaheavy

weightingin the quality metric. Right: uniform and non-uniformsamplingin occluder
directions.An examplescenariovherethe non-uniformdistributionis usedfor trackinga
featurepointonthetop of apersons head andwe know thatoccluder(thetop of thehead)
will notfacedownward.
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is only oneoccluderat atime; thusinter-objectocclusionis ignored.

4.3.8 Practical issues

The quality metric definedabove is the theoreticalquantity that we would like to useto

measurecameraconfigurations.However, ascanbe seenfrom its formulation, in prac-
tice therearea few componentsn the definition which are up to the systemdesignerto

specify suchaswhich normto useto combinethe perpoint uncertaintyvalue,andwhich
generalfunctionto useto aggreatethe effect of multiple occluders.The decisionis very
applicationdependentFor example,for the choiceof the k-normwith which to combine
the spatialsamplesjf onewantsto evaluatethe worst-casepne shouldusethe infinity-

norm, which is the max() function. If onewantsto evaluatethe averagequality, 1-norm
(mean-error)r 2-norm(mean-squared-errocan be used. If onewantsto combinethis
metric with somegenericoptimizerto obtainan optimal solution,it shouldbe notedthat
the infinity-norm resultsin flat regionson the function landscape.Therefore optimizers
which rely on gradientsin the landscapevill not work optimally. We have foundthata
2-normworkswell in practice.

The choiceof the generalfunction " to aggre@atethe effect of all possibleocclud-
ersis even moreflexible andapplicationdependentln otherwords,the function chosen
shouldreflectwhat the designer‘wants” or whatis “desirable”basedon the application.
For example, a straight-forvard and physically intuitive choiceis againsomesort of k-
norm, indicatingthe final quality is an “average”basedon all occluders.In fact, 2-norm
will alsobeusedfor >"" in the simulationspresentedaterin this chapter But this aggre-
gationfunction cantake on a more complex form thana simple k-norm, andis up to the
systemdesigner The main contritution of this work is to provide the “components”of
the quality metric, e. g. the resolutionbaseduncertaintyL( P, d, C) andthe visibility test
resultv(P, C,oc) in Equation(4.3), anda framevork to put themtogether But the sys-
temdesignercanchoosethe specificwaysto meige thesecomponentsnto afinal quality
metric.

For example theway thatEquation(4.3)is definedimpliesthatif a pointis beingseen
by no cameraor only one camerathe size of the uncertaintyvolumeis infinity because
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thereis onedirectionthat hasinfinite uncertaintyi. e. instanceswvhereat leasttwo cam-
erasseea point will getfinite (and probablysmall) uncertaintyvalues. This agreeswith
physicalprinciples,but for certainapplicationgheremay be otherreasonsvhereit is de-
sirableto have at leastthreecamerasseea point. In this casethe systemdesignercan
completelyignorethedefinitionof U, in Equation(4.3),andsimply countthe numberof
instancesn which 0, 1, 2, 3, etc.cameraganseethe point. A very “bad” scorecanthen
begivenfor thecasesvherefewerthanthreecameraseethe point; thefinal metriccanbe
theindividual scoredor thenumberof unoccludedamerasveightedby theirfrequeng of
occurencesAnotherexampleis that,in Equation(4.3),theresolution-onlybasedheuncer
tainty (P, d, C) anduv( P, C, oc) aremultipliedtogether Thishasaphysicalinterpretation
thatthe overall uncertaintya pointis theresolution-onlybaseduncertaintyconditionedon
it beingseen.In otherwords,oncethe pointis occludedy is infinity andtheoveralluncer
tainty is infinity, no matterhow smalltheresolution-basedncertaintyis. Whatthis metric
meansis that, quantitatvely, having occlusionis much more severe thanbadresolution,
whichis physicallycorrect. However, if in certainapplicationghe systemdesignemwants
to guaranteecertainminimum resolutionand occlusionis a secondaryconcern,what he
probablycando is to evaluatecandidateconfigurationausing the resolution-onlymetric,
thenout of the configurationghatsatisfyhis resolutionrequirementhe canevaluatethem
againusingour metricwith the occlusionmodelandpick the leastocclusionproneconfig-
uration. How to configurethe quality metricto satisfynon-physicallybasedequirements
by certainapplicationsis non-trivial and requiresmore future researchandthis will be
discussednh Chapterb.

4.4 Experimental verification

Even thoughwe formulatedof our quality metric basedon physicalprinciples,we have
madesomeassumptionsndsimplificationsduringthe courseof developmentandthere-
fore, we would like verify that the simplified modelstill reasonablyexplainsreality. In
orderto do that, we setup 256 differentcameraconfigurationsusingup to 8 camerasWe
selectvely disablesubsetof the 8 camerasso that we have one setupwith all cameras
activated,8 setupswith 7 camerasactvated,eachwith a differentcameradisabled,and
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28 (i. e. 8 choose?) setupswith 6 cameraactivated,etc. Thereforethe total numberof
differentsetupds 256. This way we only needto calibrateall 8 camera®nce(usingthe
methoddescribedn Chapter3) but areableto obtain256 differentcameraconfigurations
to compare.

For eachconfiguration,we attacheda bright LED on variouspartsof a humanbody
suchasthe head,shoulderknee,etc. We let the personrmove aroundin aworking volume
andby processinghevideostreamdrom thevariouscameraswe areableto countateach
sampledime instant,how mary cameraganseethe bright LED featurepoint. Aggregat-
ing the numberof “visible” camera®f all of the framesof all of the sessiongwith the
LED placedon differentbody parts)yields a histogramfor a given cameraconfiguration,
shaving how often how mary camerasan seea point attachedo a body. Sucha his-
togramis shawvn in Figure4.10. This histogramgivesus someideaof the characteristics
of the occlusionfor that particularconfigurationin motion tracking. Next we determine
the camergparametershroughour multi-cameracalibrationschemeandfeedthoseasin-
put to our quality metric. Given this configuration,we canalsousethe occlusionmodel
in our proposedjuality metricto predicthow oftena randompointin the volumeis seen
by 0, 1, 2, 3, etc. camerasandgeneratea predictedhistogramfor the numberof visible
cameras.Wuseda uniform distribution for both the occluderorientationsandthe target
positionsin theworking volume. A goodmodelshouldpredicta histogramthatis similar
to whatis obtainedirom the experiment.In orderto seethe “similarity” quantitatvely, we
usethecommonregressioranalysigechniqug57].

In orderto performtheregressioranalysispneneedgo comeup with a singlequantity
for eachexperimentallyobtainedhistogramandpredictechistogram Sinceit takesatleast
two camerago performtriangulationto determinethe 3D positionof a point, it is impor-
tantfor 3D trackingsystemdo have at leasttwo cameraseeingthe featurepoint asoften
aspossible. Therefore by summingup the numberof occurence®f 2 through8 visible
camera®nthehistogramandthendividing by thetotal numberof casesye areableto ob-
tain anestimateof the probability of atleasttwo cameraseeingapointfor agivencamera
configuration We computethis probabilityfor eachof the 256 cameraconfigurationgoth
from the experimentallyobtaineddataandthroughour simulation,andthe experimental
andpredictedprobabilitiesareplottedagainsteachotherin Figure4.11. A perfectmodel
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Figure4.10: Histogramof the numberof visible cameraf an 8-cameraconfiguration,
plottedfrom dataobtainedrom 12 motioncapturesessions.
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Figure4.11: Correlationbetweenthe experimentaland the model-predictediata. Each
pointrepresentsa specificcameraconfiguration.The x-axisis the probability predictedoy
our dynamicocclusionmodel,andthey-axisis the measuregbrobability aggrgatedfrom
all 12 experimentadatasets.
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Figure4.12: The predictedprobability (shovn by ’x’ s) andexperimentallyacquiredprob-
ability (shovn by ' s) vs.thenumberof camerasn the configurations.

would generatea straightline from (0, 0) to (1, 1), shaving perfectcorrelation. But the
predictionfrom our modelis quite goodaswell. The correlationcoeficient betweerthe
experimentand predictionis 0.968, quite closeto 1. Moreover, the correlationbetween
the experimentaldataitself is 0.98,which meanghattherearevariancesn the dataitself,
andthereforethata correlationof 0.98is the upperboundof how well the experimental
datacanbe predicted.Giventhat, we concludethatthe simplified occlusionmodelin our
guality metricpredictstheactualocclusionbehaior quiteadequatelyThesmallvariances
that this modeldid not accountfor are probablydueto the fact that we useda uniform
distribution for occluderorientationandtarget position,which is not really true. A more
specificandaccuratedistribution is expectedio improve the correlation,andis the subject
of futureresearch.

The samedatain Figure4.11 canalsobe shavn in anotherform in Figure4.12,in
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whichthepredictedandexperimentallyacquiredorobabilitiesareplottedagainthenumber
of camerasn the configuration. This graphshows thatthe more cameragherearein a
systemthelessoftenocclusionoccurs.

4.5 Cameraplacementexamples:impact of dynamic oc-
clusion

The major way that we ervision thesemetricsbeingusedis in conjuctionwith someop-
timization process. The metric’s role is to tell whetherone configurationis betterthan
another However, it is even moreinterestingandusefulto obtainsomegeneralintuition
andguidelinesasto whatkind of cameraconfigurationsare”better” thanothersby analyz-
ing variouscameraconfigurationsThis is a morechallengingask,sincereachinggeneral
conclusiongequiresa lot of analysis,synthesisandverification,andit is alsonot clear
whethersuchageneratrendexists. However, basedntheresolution-onlymetric,previous
researchersn computervision have performedsomeanalysison a few simpleconfigura-
tionswith 2-4 camerasindhave developedsomeintuition asto whatkind of camerasetups
arepreferableover others[91, 60] in termsof uncertaintydueto limited imageresolution
only. In this sectionwe seekto do something similar. We considerseveralsimplecamera
configurationsand evaluatethemusing both our quality metric, andthe resolution-only
metric. The objective of doingthisis, first, to understandhe interactionof resolutionand
occlusion,andwhetherthey have similar or differentrequirement®n cameraplacement
patterns. Second,our previous intuition on cameraplacementvas basedon minimizing
resolution-onlybaseduncertainty but sinceocclusionmustalsobe consideredn placing
cameragor motioncapturetasks,it is importantfor usto build intuition basedon our new
metric,thattakesaccouniof theimpactof bothresolutionand(dynamic)occlusionon po-
sition uncertainty More specifically in the following examples two differentmetricsare
usedfor evaluation. Oneis the resolution-onlymetric, which is basedon Equation(4.7)
with U (P) definedby Equation(4.2). Anothermetricis theresolution-occlusiosombined
metric, asdefinedby Equation(4.8). For both metrics,2-normis usedfor all aggreation
functions.Forthecombinedmetric,theprobabilitydistributionsusedfor dynamicoccluder
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directionsandspatialpoint samplingareuniform distributions.

Thefirst exampleshowns theimpactof occlusionon a camergplacemenpattern.Cam-
erasareconstrainedo move on anoutersphereandbothhave afixedfield of view (FOV)
thatis enoughto cover the tamget sphere,as shaovn on the left of Figure4.13. Because
of symmetry the parametethatreally independenthaffectsthe quality is the relative an-
gle 6 betweenthe two cameras.We plot the quality for ds from 0 to 180 degrees,with
andwithout consideringocclusion. If we considemresolutiononly, the bestconfiguration
occurswhenthe two camerasare orientedperpendiculato eachother sincethe "good”
directionof the 3D errorof onecameracancelghe”bad” directionof the other However,
whenthe combinedmetric with dynamicocclusionis used,the bestconfigurationis with
the two cameradacingoppositeto eachother becausehis increaseshe probability that
thereis atleastonecameraseeinghetargetspacdor occluderswith arbitraryorientations.
Notethatin generaltheresultasto whatis a "preferable”patternis closelytied to how
the metric is defined,so ary resultshouldbe interpretedin this context. Sincewe use
2-normwhenaggreatingthe uncertaintyvaluesin variousdirectionsin Equation(4.2) as
well asin Equation(4.3), it is a mean-squared-erroConsequentlywhena point is not
seenby ary camerathe uncertaintyin all directionsis infinity (a hugenumberin prac-
tice), sotheoverall U, is huge. Whena pointis seenby onecamerapnly onedirection
(theline connectinghetargetpointandcameracenter)hasavery large uncertaintyalue;
the uncertaintyvaluesin the otherdirectionsarefinite andrelatively small, thereforethe
overall (average)uncertaintyaluefor this pointis small. Whatthis meanss thatby using
2-norm,a point seenby onecameras betterthana point seenby no cameras.Basedon
this assumptionwhendynamicocclusionis considerediwo camerashatlook oppositeto
eachotherarepreferred.If in anapplicationa point seenby onecameras no betterthan
oneseenby no camerasthenthe metric needsto be configuredto reflectthat by usinga
max() functionin Equationg4.2) and(4.3).

The secondexampleillustratesthe impact of occlusion‘on the numberof cameras
neededo cover a certainspace.As in the first example,the taskis to cover a spherical
space;camerasare constrainedo stay on an outer spherewith fixed FOV. We usedan
evolutionaryalgorithmbasedoptimizer[85] to find the bestquality achiezablefor a given
numberof cameras Figure4.14plotsthe bestquality vs. the numberof cameras.t can
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Figure4.13: An exampleof placingtwo camerasLeft: Two camerasonstrainedo move
on an outer spheretrying to cover a inner sphericaltarget space;the anglewith which
they intersectthe spherecenteris 6. The occlusionandresolutionmetricsareminimized
at differentangles.Center: 3D uncertaintyvs. 6 consideringeesolutiononly. Right: 3D
uncertaintys. 6 consideringocclusiononly. (¢ is from 0 to 180degrees.)

beerseerthat,if resolutions theonly considerationthebestqualitydoesnt improvemuch
afterthe spaces coveredby two camerasHowever, if dynamicocclusionis considered,
addingmorecameragontinuego improve the quality.

The next exampledemonstratethe impactof occlusionon the settingof camerafo-
cal length (or equialently, the FOV). Two typical extremeconfigurationsare considered
(Figure4.15). Oneconfigurationhastwo clustersof cameras.Eachclusterconsistsof 4
narrav-anglecameraseachcovering only one-quarteof the tamget space.The two clus-
tersare placedso thatthey are 90 degreesaparton the outersphere. This configuration
is analogougo usingtwo perpendiculahigh-resolutionrcamerasThe otherconfiguration
consistof 8 cameraspreadevenly aroundthe sphereln this configurationreachcameras
FOV is wide enoughto coverthewhole spherelf no occlusionis consideredthe narrav-
anglesolutiongivesthe bestoverall resolution.If occlusionis consideredthewide-angle
configurationis bettersinceit is morerobust. In the wide angleconfigurationeachpoint
is obsered by eight cameragatherthantwo. This exampleshaws that resolutionim-
provementandocclusionreductionhave conflictingrequirement®n the FOV of cameras.
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Figure4.14: Quality vs. numberof cameras.(a) N camerasonstrainedo move on an
outerspheretrying to cover ainnersphericalkargetspace;(b) 3D uncertaintys. number
of camerasError dueto resolutiononly is nearlyminimizedby only two camerasMany
morecamerasareneededo ensurerobustnessagainstocclusion.Also notethatthe exact
numberof cameraneededo reducethe3D uncertaintyto aresonablysmallvaluedepends
on therelative radiusof the spheressothe”7” onthe graphis nota magicnumber The
largertheinnerspherecomparedo the outerspherethemorecamerasreneededecause
it is harder(or lesslikely) to ensurethata point on the surfaceof the innerspheres seen
by atleasttwo cameras.

Thus,givenlimited cameraresourcestrade-ofs have to be madebetweerthe importance
of resolutionandrobustnesslependingon the specificapplication.

In the next examplewe demonstratéow onecanapplythe proposednetricin amore
practicalsettingto automatethe cameraplacementprocessand the impact of dynamic
occlusion.

We combinethe metric with the evolutionary-algorithm-basedptimizerin orderto
automaticallyfind a placemensolution. This optimizeris choserbecausé is robustwhen
function landscapesarediscontinuousandalsobecausef its ability to allow constraints
onthevariableshatwe wantto optimize.

Firstwe try to placethreecamera®f fixedfield of view to coverasquareloor, consid-
eringresolutiononly. The camerasreconstrainedo be on the ceiling. As showvn in Fig-
ure4.16(a),oneof the configurationghatthe optimizergeneratedhatgivesgoodoverall
resolutionputstwo cameragar enoughapartto just coverthewholefloor, with therelative
orientationbetweenthemapproximately90 degrees.What's interestingis the poseof the
3rd camera.In the solutionshawn, it is placedon the ceiling looking straightdowvn and
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Figure4.15: Effectof differentFOVs. Left: Two cameraclustersseperatetby 90 degrees.
Eachclusterconsistsof 4 narrav anglecamerasgquvalentto a single high resolution
cameraRight: All camerasrewide-angleandevenly spreacaroundthespheren 3D. The
diagramis a visualizationonly; the camerasarenot coplanar Theresolutiononly metric
prefersthe formercasewhile themetricwith occlusionconsideregrefersthelatter.

coveringthe”back” regionrelatve to theothertwo camerasThis makessenséecauseve
know thatthe uncertaintyregion for eachcameras an”ellipsoid” with theworst(longest)
directionbeingtheline connectinghetarget pointandcameracenter Whentwo cameras
arepointingin approximatelyperpendiculadirections the two baddirectionscanceleach
other andthe resultinguncertaintyvolumefor a pointis like a spherewith more-orless
evenuncertaintyin all directions.However, thevalueof this uncertaintyis largerfor points
thatarefartheraway from the two cameras.Therefore theregion thatis fartherfrom the
two cameragredandblueonesin Figure4.16)hasworse3D uncertaintydueto resolution.
To compensatehe 3rd camerds placedclosesto thatregionto provide higherresolution.

In contrastjf ourgoalis to optimizefor theleastprobability of occlusion by applying
themetricwith ahighocclusiorweighting,theplacementhattheoptimizerfoundis shavn
in Figure4.16(b).As canbeseenthisarrangementasall threecameradacledoff sothat
eachof themcoversthewholesquarej. e.everypointonthefloor is coveredwith all three
camerasThis matcheur intuition thatthe morecameragherearethatseethetarget, the
lessoftenocclusionmight happen.
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Figure4.16: An exampleof placingthreecameras.Optimal placemenpatternsof three
cameragonstrainedo beontheceilingtrying to cover a squareloor. Colored’shadavs”
aredrawvn andsuperimposedn the floor to shav the camerascoverage.(a) in termsof
resolutiononly. The purpleparton the floor is the part coveredby both the red andthe
blue camera.(b) in termsof the combinedmetric with dynamicocclusion. The cameras
arebacledoff andevenly distributedaroundthe patch.Every pointonthepatchis covered
by all threecameras.

It is interestingo notethatwe have askedpeoplein ourlabto proposecameraconfigu-
rations.No oneproposed designsimilar to the optimizers optimalresolutionplacement;
however, onceeveryonesan thecomputergeneratediesignall agreedhatit makessense.
Thisillustratesthe necessityof a quantitatve approacho camergplacement.

4.6 Conclusions

In this chaptemwe have proposedimetricto evaluatethe quality of amulti-cameraconfigu-
ration,in termsof bothresolutionandocclusion.lt includesaprobabilisticocclusionrmodel
thatreflectsthedynamicself-occlusiorbehaior of thetargetwhichis commonlyfoundin
feature-basedhotion tracking systems. The computationof the modelis sample-based,
makingit easilyadaptabldo applicationswith variousocclusioncharacteristicsin addi-
tion, a metricthat takesinto accountboth resolutionand occlusionallows the previously
ad hoc processof placingmultiple camerago becomean automatedjuantitatve process.



CHAPTER4. DETERMINING OPTIMAL CAMERA CONFIGURATIONS 99

Theinclusionof the probabilisticbasedcclusionmodelmalkesit especiallyusefulfor de-
signingmotioncapturesystemsandotherocclusion-dominantrackingsystemsin simple
situationsjt shoulddo aswell asa humandesigners intuitive solution. In morecomplec
situationsjt enableghe automatiogeneratiorof solutionsthatmaytake a humandesigner
alongtimeto find. Moreover, it enableghefinding of optimalcameraconfigurationsvhen
the placemensolutionhasto be automaticallygeneratedWe have verifiedthe validity of
theocclusionmodelby experimentaldata.We alsohave demonstratetiow this metriccan
helpusin understandinghe designtrade-ofs of camergplacement Additionally, camera
configurationscan be designedautomaticallyor semi-automaticallyor trackingsystems
with variousrequirementaindconstraints.



Chapter 5

Summary and Futur e Work

5.1 Summary of contributions

Thenon-intrusve natureof camerasnakesthemaveryattractve choicefor sensorgor mo-
tion tracking,whichhasnumerouspplicationsn sureillance entertainmersandmedicine.
Recently asthe costof imagingsensoraswell asprocessorslecreasearge scaletrack-
ing systemautilizing mary camerasareemeging becausehey allow for a largerworking
volume, highertrackingaccurag, morerobustnessandgreaterflexibility. However, the
addedcompleity of suchsystemamalesit difficult to calibrateall of the camerasnto a
singleglobalcoordinatdramein a scalabldashion.It alsointroduceghe problemof how
to optimally place(or configure)camerago maximizethetrackingperformance Another
guestioris how thehardwareandsoftwarearchitectureshouldbedesignedo accommodate
thelarge numberof camerasn a scalableandflexible manner

Theoriginal contributionsof this dissertatiorare:

First,we have developeda novel wide-areanulti-cameracalibrationschemeA system
of mary (possiblyasynchronousjameraganbe calibratedwith respecto a global coor
dinatesystemin minutesby simply waving a brightlight in theworking volumeobsened
by the cameras.This schemealoesnot requirephysicalmeasuremeruaf 3D positionsand
thusis easyandquickto carryout; themethodis adaptabléo working volumesof ary size
andshapeandscalablao thenumberof camerasMoreover, it caneasilycalibratecamera
setupswherenot all camerasiave anoverlappingfield of view, a situationthattraditional
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methodscannomot handle.

Secondye have proposediquantitatve metricfor evaluatingthetrackingquality given
a multi-camergplacementonfiguration. Eventhoughocclusionof tracked objectshasa
hugeimpacton motion tracking, previous work only usesthe 3D uncertaintycausedoy
limited imageresolutionof camerago evaluatequality. Our metric considersothimage
resolutionand the likelihood of target occlusion. In the formulation of the metric, we
have proposeda novel probabilisticmodel that estimateshe dynamic self-occlusionof
targetsandhave verifiedits validity throughexperimentaddata.Usingthis metric,we have
analyzedvariouscameraplacemenpatternsand shovn the impacton cameraplacement
requirementsvhenconsideringeitheronly resolutionor bothresolutionandocclusion.

In addition, we have designedandimplementedV-Track, a scalabletracking archi-
tecturefor real-timemotion trackingwith tensof cameras.lts one-processegpercamera
desigrenablegheparallelprocessing@f high-bandwidtimagedata. Theemploymentof a
centralestimatombasedn extendedKalmanfiltering allows the smoothandasynchronous
integration of informationfrom camera-processqrairs. Sincecamerasare not required
to be synchronizedthis architectureresultsin easierdeployment, and enablesthe em-
ploymentof heterogeneousensorsncludingcamerasvith differentresolutionsandframe
rates.Thecentralestimatoralsoenableghetrackingof multiple featuresandthe continu-
ousandautomatidabelingof thesefeaturesoncethey arelabeledin theinitial frame. In
addition,it allows the continuougrackingevenwhensomefeaturepointsaretemporarily
occluded.Threeend-to-end/R andmotioncaptureapplicationspnamelyLumiPoint,head
tracking, and simultaneousody/facecapture,are built uponthis architectureo demon-
stratethevalidity andusefulnessf thesystem.

5.2 Futurework

Many-camerasystemshave only recentlybeencommercializedandthey canonly be af-
fordedby large, well-fundedinstitutionsin the governmentor the entertainmenindustry
dueto high-endrequirementsnnecessargomponentandhighoperatingcosts(comple-
ity andmanuallabor). Many-camerasystemswith commoditypartshave just becomédea-
siblerecently;thearchitectureandcapabilitiesof thesesystemsarestill anactive research
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areabecausamary openproblemsremainto be solved. This dissertatiorhasaddressed
issuedn camerecalibration,placementandsystemdesign.Certainlymorecanbe doneto
elaborateon the work reportedin this dissertationandeven morecanbe doneto address
otherissuesn mary-camerarackingthathave notbeenthetopic of this dissertation.

Calibration

Severalavenuesanbe pursuedo enhanceur proposednulti-cameracalibrationscheme.
Oneis to enabledynamicauto-calibration. Currently camerasare calibratedstatically
in the sensehatthey arecalibratedonceafterthey areinstalled,andif afternardssome
of their poseschange(e.g. when bumped),a humanoperatorneedsto notice that the

systemis now miscalibratedand repeatour proposedcalibrationprocess. It the system
needsto be runningall thetime, it is desirablefor the systemto dynamically“notice” a

mis-calibrationfrom the inconsisteng amongcamerasandautomaticallyre-calibratethe

mis-alignedcamera(spasedon obsenrationsobtainedthusfar. Anotherenhancemens

to enablescalableintrinsic calibration. Our currentmethodsonly dealwith the scalable
calibrationof extrinsic parameters.Although extrinsic parametergéendto changemore
frequentlythenintrinsic onessinceary movementof camerasvould resultin a change,
intrinsic parametecalibrationis still carriedoutonapercameraasisandcanbetiresome
whentherearea lot of cameras.It would be desirableto develop a scalableschemethat
calibratesothextrinsic andintrinsic parameters.

Placement

As mentionedin Section4.2, therehasbeenrelatiely little work on cameraplacement
issuesfor motion trackingapplications. The quality metric describedn this dissertation
senes as a first steptoward the final goal of optimal cameraplacement. A numberof
avenuescanbe pursuedo carrythis work further.

Firstof all, it would bevery usefulto build a userfriendly interactve camergplanning
systemthat utilizes this metric. The main contribution of our metricis to provide an ap-
proximatemodelto predictdynamicocclusion(i. e. the probabilitiesof target beingseen
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by0,1,2,...,cameraspandto demonstratéhe impactof consideringocclusionon cam-
eraplacementn additionto imageresolution.We have seenthatresolutionandocclusion
sometimewill resultin conflictingrequirement®n camergplacemenpatternsWe have,
in our examplesJumpedtogetherthe effect of thetwo usingthe notionof 3D positionun-
certainty which is basedon physicalprinciples. However, in practicalcamergplacement,
useranighthave otherwaysto specifytheirrequirementsandsometimesherequirements
arenotphysicallybasedFor example,‘l want3D resolutionof atleastr whenapointdoes
getseenandonly whenthatrequiremenis satisfieddo| careabouthaving lessocclusion”.
Or “l wantto maximizethe probability of a featurepoint beingseeby at leastthreecam-
erasratherthantwo, andl wantthe scorefor pointsbeingseenonly by two camerasnuch
worsethanthoseseenby three”. Statementéik e thesereflectrelative weightingsbetween
resolutionandocclusionthataredifferentfrom the physically-basedneimplied in the3D
uncertaintyformulation. Thereforethe final single-\valuedmetricwill alsobe different. It
is importantfor a practicalcameraplanningtool to provide a suitableinterfacefor users
to specifytheir particularneedsandrelative weighting,andthento “translate”thesénto a
singlemetric. This metricwill still consistof variouscomponentslevelopedin this dis-
sertation,suchasthe variousocclusionprobabilities,but they will just be combinedin a
userdefinedfunctionratherthanthe physically-oriente®D uncertaintyformulation.

Secondtheperformancgredictionmodelin our currentmetricassumethatall feature
pointsareindependentHowever, featurepointsareactuallycorrelatedn quiteafew prac-
tical systemsgspeciallythe oneemploying more sophisticatedlgorithms. For example,
pointsaretemporallycorrelatedn a systemwhereoccludedpointsareinterpolatedrom
their positionsin previous andlater frames;pointsare spatiallycorrelatedf arigid body
or articulatedfigure modelis imposedon pointsseenin the sameframe. In both of these
casestheocclusionof singlepointwould not causeasdisastrou®f aresultasin asystem
with multiple independenpoints. Therefore the performanceenaltydueto thatocclu-
sion shouldnot be ashigh. More elaboratemodelsshouldbe developedto handlethese
situations.

Anotherusefuldirectionof researchs to obtainmore preciseprobabilisticmodelsfor
humanmotion. As canbe seenfrom the formulationof the quality metricin Section4.3,
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moreaccuratgredictionof the occlusionbehaior would requiremorespecificprobabilis-
tic modelsfor targetmotionin termsof their directionalandspatialdistributions.

Moreover, it would be desirableto develop quality metricsthat evaluateotheraspects
of thetrackingsystemperformanceesides3D positionalaccurayg, asa functionof cam-
eraconfigurationparameter#n additionto positionandorientations.For example,frame
ratecanbe anothercamergparametethatcanbeincludedin a cameraconfigurationand
lateny is animportantperformanceneasurdor mary interactve systems.It would be
desirableo developa comprehensie modelto allow designerso evaluatevariousconfig-
urationsandto choosehebestonethatminimizeslateng.

Systemdesignand generaltracking

Onegoalfor the systemdescribedn this dissertations to provide a working prototypeto
supportend-to-endpplicationsandatestbedfor furtherresearchn multi-cameraracking.
Becausef this, in termsof systemdesign,morefocuswasgivento developingaworking
end-to-engsystenthatis adequatéo supportour requiredapplicationsaandflexible enough
to beenhancethter Ourarchitecturehoiceonly representapointin thedesignspaceand
furtherexplorationonalternatve designshouldbecarriedoutto find moreefficientsystem
solutions.Specifically themary-to-onestartopologybetweerthe clientsandsenerwould
notbeableto scalewell whenthenumberof camerasncreasesnuchfrom thecurrentevel,
anda fully distributedsolution,whereall camera-processqrairs cancommunicatewith
eachother would be very desirabldf we areinterestedn building systemswith hundreds
of cameras.Another promisingdirectionwould be hybrid tracking systemshatinclude
othertypesof sensorgsuchasacousticor magneticones)besidesoptical cameras.The
hopeis thatthe differenttypesof sensorcancomplemeneachotherin termsof lateng,
range rate,etc. A fully-distributed,wide areasensomnetworkwould be our ultimategoal.



Appendix A

Kalman Filtering: Theory and
Implementation

In this appendixwe first give backgroundnformationon the discreteKalmanfilter andits
non-linearvariation,the extendedKalmanfilter. Thenwe proceedo describethe detailed
modelsandfilter implementationsn M-Track. Lastly we describehow we setthe filter
parametersMore detailson Kalmanfiltering canbefoundin [14] and[5].

A.1 ThediscreteKalman filter

SinceR. E. Kalman publishedhis paperin 1960[47] describinga recursve solutionto
estimatethe stateof a linear discrete-timeaandomprocessthe setof recursve equations
he presentedthe Kalmanfilter, hasbeenthe topic of extensve research.Extensionsand
variantshave beenproposedhat have beenwidely usedin applicationsrangingfrom the
GlobalPositioningSystemto financialmarket prediction.

Thefilter operatesn a cycle of predictionandadjustmentlt predictsthe processtate
(the parametershatwe areinterestedn) basedon a modelof the processdlynamics,and
then adjuststhis predictionbasedon the discrepanciebetweenthe predictedstateand
someactualmeasuementof thetarmget. The measuremertanbe a direct measuremerf
the states,or anindirect measuremenf quantitiesthat are affectedby the states.Both
thedynamicpredictionprocessandthe measuremergrocessareassumedo be corrupted
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by someadditve Gaussiamoisewith known variance. The filter maintainsthe first two

statisticalvariantsof the processstate: the meanandthe variance. The final estimateof

the stateis usuallysomeweightedaverageof the predictedstateandthe measuredtate,
wherethe weightsreflect(inversely)how muchuncertaintythereis in the dynamicmodel
andin themeasuremenhodel. The Kalmanfilter is optimalin the sensdhatit minimizes
the expectedmeansquarederror betweenthe estimatedand the “true” states,if certain
conditionson the processmodelsand measurementare met. Thoughin practicethese
conditionsareseldommet, the Kalmanfilter hasbeenshown to be ableto generateobust
andsatishctoryresultsin mary less-than-ideatircumstances.

A.1.1 Mathematical models

TheKalmanfilter musthavetwo mathematicainodelsfor prediction.Thefirstisadynamic
modelthatdescribefiow the currentstateis evolvedfrom a previousstate,. e.

Xpi1 = ApXp + Wi, (A.1)

The seconds calleda measuremenmnodelwhich describeshow the measuremernt
derivedfrom thecurrentstate,. e.

Zp — Hka + v (AZ)

Thenotationandtermsusedfor the vectorsandmatricesn EquationgA.1) and(A.2) are
specifiedasthefollowing:

xi: (n x 1) statevectorattime ¢,

A,: (n x n) matrixrelatingx;, to x;. 1 in theabsencef anexternalforce or disturbance
(or statetransitionmatrix if eachelementf x,, is a sampleof a continuougrocess,
seeAppendixA.3.2).

wi: (n x 1) processoisevector Eachelemenif wy, is assumedo be awhite sequence
with known covariance. A white sequences definedasa sequencef zero-mean,
uncorrelatedandomvariablesg. g. thediscreteanalogof a continuous-timeandom
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process.Thatis, the randomvariableswithin a given sequencévector) have zero
meansandaremutuallyuncorrelated.

zi: (m x 1) measurementectorattime ¢

H,: (m x n) matrix describingthe noiselesselationshipbetweenthe measuremerdand
the statevectorattime ¢,

vi: (m x 1) measurememoisevector Eachelementof v, is assumedo be a white
sequencavith known covarianceandis uncorrelatedvith the elementf w;,

TheKalmanfilter modelsthe uncertaintiesn thedynamicpredictionandthe measure-
mentprocessesstwo independentadditive white noises. More precisely the elements
of boththe processoisevectorw; andthe measurementoisevectorv, areassumedo
be white sequencesMoreover, the sequencewithin v, areassumedo have zerocross-
correlationwith the correspondingequencewithin w,. The covariancematricesof vec-
torsw, andv, areassumedo beknown as:

. 1=k

Elw,wl] = Qe 4 (A.3)
0, ik

BlvpT] = | B 0=k (A.4)
0, i#k

Elwgv]] = 0, forallkandi (A.5)

A.1.2 Derivations of the filter equations

Beforethefilter canbegin to operateandestimatea processtatefrom somemeasurement,
two moreassumptionmustbe made.First, we needto assumehatatthis pointwe already
haveana priori estimateof theprocesstate x, , basednourknowledgeabouttheprocess
prior to ;. (The “hat” denotesestimate.) We also assumehat we have someidea of
the accurag of this estimate.Thatis, we definethe estimationerror to be the difference
betweerthe“real” stateandthe estimatedstate:

e,: = Xi — )A(,: (A6)
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andwe defineits associate@rrorcovariancematrix to be
P = Elege;'] = Bl(xk — %) (xx —X;)"] (A7)

This covariancematrix reflectsthe filter’'s own estimateof its stateuncertainty Note also
thatany changen the stateestimatex would resultin a changen e, whichin turn would
changeheestimationcovarianceP. Thus,P needdo beupdatedeverytime x is updated.

Giventhe prior estimatex, , we now seekto usethe measurement;, to improve the
prior estimate.Specifically we chooseto let the updated(a posteriori) estimatex; bea
linearblendingof the prior estimatex, andthedifferencebetweeranactualmeasurement
z;, anda predictedneasuremert, x,. asdescribedy theequation

whereK,, is definedasthe blendingfactor or gain that minimizesthe error covariance
matrix P, associateavith theupdatedestimatex;,

P; = Bleer] = B[(x), — %i) (x — Xi)"] (A.9)

(Thejustificationfor choosingthe specificform of Equation(A.8) is beyondthe scopeof

this shorttutorial, andcanbefoundin Section5.8 of [14]). This minimizationis achiered

in severalsteps.Firstwe substituteEquation(A.2) into Equation(A.8); next we substitute
the resultingexpressionfor x; into Equation(A.9). Thenwe take the derivative of the
tracé of matrix P, with respecto K, setthe derivative to zero,andsolve for K. The
resultingoptimalgainis

K, =P H; (H,P_H} +Ry)™" (A.10)

This particularK;, thatminimizesthe mean-squarestimationerroris calledthe Kalman
gain. It is interestingto note from Equation(A.10) that, asthe prior estimateerror Py,

1Thetraceof amatrixis its majordiagonal.
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approachegero,the gain K, approachegeroandasaresultthe updatedestimatex; ap-
proachesheprior estimatex, . Ontheotherhand asthemeasuremerdrrorR;, approaches
zero, K, approache#l; ' andconsequentlythe updatedestimatex;, approache#l; 'z,
which can be interpretedas the statethat is mappedback from the actualmeasurement
usingtheinversemeasuremenhodel. The smallerthe measuremerdrrorR, is, themore
“believable”theactualmeasuremens andthe moretheactualmeasuremerdgontritutesto
theupdatedstateestimatepntheotherhandthesmallertheprior (predicted)estimatesrror
P, is, themorewe believe the predictedstateandthe morethe predictedstatecontributes
to thefinal stateestimate.

We now have a way to obtainan improved estimateof the statewith the additional
informationprovided by the measuremerdt time ¢,, usingof Equation(A.8) with K, set
to the Kalmangain. This requiresthe knowledgeof x;  and P, , andsimilarly we need
to know x, , andP,, atthe next stepin orderto processa nev measuremerdtt; ;.
Theprior statefor thenext stepx,  , canbeeasilypredictedhroughthe useof theprocess
modelgivenby Equation(A.1), andtheassociateérrorcovarianceP,, , canbeevaluated
by pluggingx,_, , into Equation(A.7) andperformingtheindicatedexpectation.

To summarizethe Kalmanfilter is a setof equationghatassimilatediscretemeasure-
mentsinto optimalstateestimatesn arecursve fashion.Thefilter operatesn a prediction-
adjustmentycle. Theequationsn the predictionstageprojectforwardin time the current
stateto obtainthe a priori estimatefor the next time step,andthe equationsn the ad-
justmentstageincorporatemeasurementst the next time stepinto the a priori estimateto
obtainanimproveda posterioriestimate . The completesetof equationdor the prediction
stageandadjustmenstagearelisted below?.

Predictionequations:

% = Ap iR (A.11)
P, = AP AL+ Qi (A.12)
2, = Hi, (A.13)

2All of the Kalmanfilter equationscanhave several mathematicallyequivalentforms. We will just list
oneform here.
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Adjustmentequations:
K, =P, H/ (H,P,H} + R;)™" (A.14)
P, =(I-K;H,)P, (A.16)

A.2 The extendedKalman filter

Theoriginal Kalmanfilter assumesneardynamicsandlinearmeasurememnhodels.How-
ever, mary practicalapplicationshave non-lineardynamicsand/omon-linearmeasurement
relationshipsandit is importantto have a way of linearizingthe problem. This canbe
handledby anextensionof the original, calledthe extendedKalmanfilter (EKF). An EKF
linearizeghemodel(s)aboutatrajectorythatis continuallyupdatedvith thestateestimates
resultingfrom the measurementd.houghthe EKF is sub-optimaldueto thelinearization,
it hasbeensuccessfullyusedin numerousapplicationswvith non-linearmodelsin the past
andcontinuego be oneof the mostimportantandwidely-usedextensionsof the Kalman
filter. As with the discreteKalmanfilter, the EKF alsooperatesn a prediction-adjustment
cycle. Thefilter equationgor the predictionstageandadjustmenstagearelistedbelow:
Predictionequations:

X, = [(Xp-1) (A.17)
P, = A PraA] |+ Qi (A.18)
7 = h(Xy) (A.19)

Adjustmentequations:
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K, =P, H/ (H,P,H} + R;)™" (A.20)
X, =%, + Ki(zr — h(Xy,)) (A.21)
P, = (I - K,H,)P; (A.22)

The basicoperationof the EKF is very similar to that of the linear discreteKalman
filter, exceptfor afew differences.

1. A non-linearfunction f(e) relatesthe stateat time ¢, _; to the stateat time ¢, and
anothemon-linearfunction(e) relateshe stateto the measurement.

2. Thedefinitionsof A, andH, aredifferent. They arenow Jacobianmatrices.A;, is
the Jacobiammatrix of partial derivativesof f(e) with respecto x;, andH;, is the
Jacobiamatrix of partialderivativesof 1.(e) with respecto x;. Thatis, theelement
attheith row and;jth columnof the matricesaregivenby

R
Aidl = ol (A.23)
H,li.j] — 8Xf[j]hm<xk> (A.24)

Intuitively, Jacobiammatrix A ;, represent®ow muchchangeoccursin the next stategiven
a unit amountof changein the currentstate,i. e. the sensitvity of the next stateto the
currentstate;similarly, Jacobiamrmatrix H, describeshesensitvity of themeasuremernb
aunitamountof changen the currentstate.
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A.3 The Kalman filter implementationin M-Track

In this sectionwe describethe (extended)Kalmanfilter implementedn M-Track. We
shalldescribehedetailedstatevector dynamicmodel,measurementector measurement
model, and the associatechoise covariancematrices. We shall summarizehe complete
filter cycle includinganadditionalstepcalleddata associatiorthatwasnot presenin the
theoreticalfilter cycle but is unavoidableandnecessaryn practice.We shallalsodescribe
how filter parameteraredetermined.

A.3.1 The Kalman filter cyclein M-Track
The statevector

In the currentM-Trackimplementationtherearethreetypesof targetswith differentas-
sociatedKalman statevectos. The target canbe a single point, in which casewe only
needthe positionandits derivatives (velocity, accelerationgtc.) to describeits motion.
Thetamgetcanalsobe arigid objectwith multiple LEDs mounted. In this casewe need
boththe positionandorientation(aswell astheir derivatives)to fully describethe motion.
Thereis alsothecasewherethetargetis afull articulatechumanbodywith multiple LEDs
mounted.Eventhoughit is possibleto represenits motionusingoneabsolutepositionto-
gethermwith a setof relative anglesbetweerinkageswith known lengths(for example,see
[12]), we chooseo treatthis caseasmultiple independensinglepoints,eachwith a posi-
tion vector Thisis mostlyfor implementatiorsimplicity becauseisingthis representation
we canleverageour implementatiorof single point trackingand extendthatto multiple
instance$ Sincea singlepointis just a degenerateaseof arigid body (with no needfor
orientation)n this subsectionve will describehe Kalmanmodelsandparameterssedio
tracka singlerigid body. The approachthatwe took to extendthe singletargetalgorithm
to trackmultiple tamgetsis describedn Section2.2.3.20f the maintext.

Sincethe positionandorientation(andtheir derivatives)completelydescribethe mo-
tion of arigid body, we could just includethemdirectly in the Kalmanfilter statevector

3Sincewe aremostlyinterestedn trackingarchitecturéssuesn thiswork, we considerarticulatedigure
modelinganorthogonalssue.Interestedeadersanfind relatedwork in [12, 37, 69, 54, 26, 51, 25, 58, 72,
10, 24, 45].
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x. The 3D Cartesiancoordinatep = (z,y, z) andthe Euleranglesr = (¢,0,1) are
commonrepresentationfor positionandorientation,respectrely. However, to avoid the
non-linearitiesandsingularitiesassociateavith Euleranglesjn actualimplementatiorwe
maintainthe orientationasa quaternionexternally to the Kalmanfilter, asin [13, 1, 88].

More specifically in the internalfilter statevectorx, while we maintainthe target posi-
tion directly usingits Cartesiarcoordinate®, for orientationwe maintainthe change in

Euleranglesor theincrementalbrientationusingsmall EuleranglesAr = (Ag¢, A0, Av)

aroundthe (z, y, z) axis. At the endof eachfilter cycle, the updatedncrementabrienta-
tions(A¢, Af, Avp), whichrepresentheinterframerotation,are“addedonto” theexternal
quaternionq = (qu, ¢, gy, ¢-) to obtainthe updatedglobal orientation,andthen zeroed
beforethe next filter cycle asshown in Equation(A.41). Thus,theincrementaEuleran-
glesarelinearizedfor the EKF, centeredaboutzero. ThesencrementaEuleranglesdo not
overparameterizeotationand are approximatelyindependentandthereforecanbe used
for reliablelinearization.In addition,theinternalstatevectoralsoincludesthefirst derva-
tives of target position and orientation,i. e. the velocitiesin 3D and angularvelocities
aboutthe (x,y,z) axis. (The angularvelocitiesareincludedin the statevectordirectly be-
causethey behare morelik e independentectorsanddo not exhibit the non-linearitiesof

theEulerangleshemseles). Thereforewe have

X = (p7 p) Ar? r)T = ('CU7 y? z? i‘? y) 2':7 AQS AH? A¢7 QB, 97 ¢)T (A25)
asthecompleteEKF statevectorfor arigid body Theglobalorientation

q= (Qwa%a(]yaqz) (A26)

is maintainedexternallyandusedin thelinearizationat eachfilter step.

The dynamic model

The dynamicmodelin a Kalmanfilter describeshow the procesgo be estimatedvaries
with time whenno externalforce is exerted. In M-Track, the procesgo be estimateds
themotionof thetarget, wherethetamgetis eitherhuman-heldbjectsor anactualhuman.
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u(t) s(t) s(t)
el Bl
White noise Velocity Position or
with or angular Euler angles
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FigureA.1: Continuous-timeonstanwelocity dynamicmodel. For eachelements in the
positionand orientationstatevector {z, y, z, ¢, 0,1}, u is the correspondingvhite noise
that drivesthat element. The linear and angularaccelerationgre thus modeledas zero-
meanwhite noise. As a result,the linear and angularvelocitiesare modeledas random
walks (integratedrandomnoise),andpositionandorientationareintegratedrandomwalks.

Modelingpreciselythedynamicsof humanmmotionis achallengingon-goingresearclprob-
lem in fieldsincluding bio-mechanic&and medicine. In Kalmanfiltering, we arelooking
for modelsthataresimpleenoughto beimplementableyet still describehephysicalphe-
nomenorwith reasonablaccurag. In M-Track,we have choserasimpleconstant-velocity
modelto describeghedynamicsof targetpositionandorientation similar to previouswork
[13, 1, 88, 11] describingthe trackingof humanmotion. While employing a differentdy-
namicmodelmightimprove thetrackingperformancéor certainsituationssuchmodeling
issuesarenotthefocusof thisthesisandinterestedeadersanfind introductorymaterials
in Chapterl0of [14].

The constantvelocity modelassumeshatthe velocity of the targetwill stayconstant
but is subjectto additive zero-mearrandomnoise, e. g. the acceleratiorof the tarmget is
assumedo be zero-mearnwhite noise. The velocity, asthe resultof the integration of
the accelerationjs a randomwalk, andthe positionis an integratedrandomwalk. This
modelis alsousedfor theorientation.Angularacceleratioms modeledaszero-meanvhite
noise, andconsequentlyangularvelocity is arandomwalk andorientationis anintegrated
randomwalk. Thisis shavnin block-diagranform in FigureA.1.

As seenin Equation(A.47) in AppendixA.3.2, for this constantvelocity model, the
statetransitionmatrix relatingthe elementpair (z, ) attwo time instantshatare At apart

1 At
are given by 0 1| and this relationshipholds for the remainingelementsof the

statevectorshavn in Equation(A.25). Thus,after aligning the stateelementswith their
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correspondinglerivatives,we obtainthecompletestatetransitionmatrix A (At) for thefull
12-membestatevectorx in Equation(A.25) as

13 AtIg 03 03

A(At) = (A.27)
0, 0; I, At
03 03 03 IS

wherels is the 3x3 identity matrix and0s is the 3x3 zeromatrix.

The processoise

Theprocessoisevectorw,, in Equation(A.1) modelstheuncertaintyin thetargetmotion.
Theelement®f thisvectorarewhite sequencethatmodeltheresponsesf thecorrespond-
ing elementof the statevectorx to the white noisesourceu (i.e. accelerationpver time
At. Eventhoughtheindividual white sequencewithin w, areuncorrelatedn time, there
arecorrelationdetweerthewhite sequencewithin w, atagiventimeinstantt, whichare
givenby the processhoisecovariancematrix Q. More specifically in our discretemple-
mentationpecauseachwhite sequences assumedo betime stationaryQ; is afunction
of thesampledurationAt only. Assumingthe varianceof the positionalacceleratiornis o7
in eachof the (z, y, z) directions,andthe varianceof the rotationalacceleratioris o2 in
eachof the (¢, 0, ) directions Q(At) canbeevaluatedanalyticallyfrom A (At) asshavn
in AppendixA.3.2,andis givenby

—(A;)Baf)lg _(A2t)20_12)13 03 03
B 521, (Aol 0 0
Q(At) 3 Opis ( )UP 3 At33 At23 (A.28)
03 03 %0’12.13 %0'12.13
03 03 @(712.13 (At)OIQ.Ig

Notethattheoff-diagonalelement®f Q(At) modeltheinstantaneousorrelationdetween
a position/angleeslementandits respectre dervative. The actualvaluesfor of, ando? are
determinedy empiricalexperimentswhich will alsobedescribedn AppendixA.3.2.
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The measuementmodel

Themeasuremennodelis usedto predictthe noise-freesensoresponsgiventhefilter’'s
currentstateestimateasin EquationgA.25) and(A.26). In M-Track, sincethe measure-
mentsat ary time arethe 2D imagecoordinate®f the LEDs on thetargetasobsened by
a particularcamerathis mappingdependslsoon the parameter®f the cameraaswell
asthe positionof the LED relative to thetarget coordinateframe. If thereareatotal of M
pointfeaturegLEDs) onthetaget,the 2D coordinateg. ,,, of themth LED ontheimage
planeof camera: is

Zem = he(x,qQ,¢,1,) +V (A.29)

wherec denoteghe parametersf camerac andl,, denoteshe 3D coordinate®f themth
LED relative to the tamget local coordinateframe. The function i(e) computesthe 2D
projectionof the mth LED from the completestateinformationx; andq;, aswell asfrom
camergparametersndlocal LED coordinates.The detailedexpressionfor h(e) is quite
involved, but canbe computedhrougha seriesof 3D and2D coordinatetransformations
andgeometrigprojectiong55, 28]. Sinceh(e) is non-linearthe extendedKalmanfilter is
usedandameasuementiacobianmatrix H.. ,,, is computedaccordingto Equation(A.24).
This Jacobiardescribeshesensitvity of themeasuremerb changesn theKalmanstates.
NotethatthematrixH, ,, hasdimensior2 x /N, andthatthereis a differentH, ,,, for each
differentcameraandLED pair.

The measuementnoise

Themeasurememtoisereflectsheuncertaintyin theactualreported2D imagecoordinates
dueto randomerror suchasimperfectfeatureidentification,noisein thevideosignal,etc.
Thenoiseonthemth LED isrepresentelly the2 x 2 measurementoisecovariancematrix
R,,,. Assumingthatour 2D featurelocationprocesss independenbn the two axesof the
imageplane,R,, is adiagonalmatrix

2. 0
R, — [ 7 (A.30)
0 o2
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whereo?; ando?; arethevariancesf our 2D measuremerin thex andy directionsof the
imageplane respectiely. Again,thevaluesof o2, andaji aredeterminecempirically (see
AppendixA.3.2),andcanvary amongcamerasf they areheterogeneous.

Measurementdata association

The full predictedmeasurementectoris the concatenatiomf all LED obserationsz,,,

1 < m < M. However, in actuality a cameramay not seeall of the LEDs dueto occlu-
sion. Thereforetheactualmeasurementectorz usuallyhasfewer elementghanz. More

importantin orderto computehemeasuremerttiscrepang or residualsn Equation(A.8),

we needto determinefor eachactualobsened 2D coordinatewhich oneof the M LEDs

hascausedt. This problemof finding correspondencdsetweerthe obserationsandpre-
dictions,known asthe dataassociatiornproblem,hasbeenanintensetopic of researchn

the trackingcommunityfor years[5, 18], andthereis not yet a completelysatisfyingand
robust algorithm. We have adopteda modifiedversionof the nearesneighboralgorithm
presentedn [5]. For eachobsened LED dot, we searchthroughall predicted2D loca-
tionsz,,, 1 < m < M, andassociatehe nearespredictedocationwith this obsenation.

Oncewe find the associateghredicteddotsfor all actualobsered dots,we canconstruct
the2m x 1 predictedmeasurementectorz by stackingup theappropriatendividual z,,,s

associateavith theactualmeasuremenilThe measurementoisecovariancematrix R and
the Jacobiarmatrix H for them obsereddotsareformedin a similar fashionby stacking
uptheappropriatR,,sandH,,s, asillustratedin FigureA.2. Sincethez, R, andH asso-
ciatedwith thesetof LEDs thatareactuallyseenareusuallysubmatrice®f thefull forms
associateaith all of the LEDs, we usea subscript‘sub” to distinguishthemfrom their

full counterpartsOhviously, the subsebf the featurepointsbeingseenvariesfrom frame
to frameandcamerao cameraThereforethesizesof z,;,, R.u,, andHg,;, varyfrom one
filter cycle to another

The initial statesand stateerror covariance

As describedn the previous section,the Kalmanfilter maintainsand updatesan x n
covariancematrix P that reflectsthe filter’s estimateof the uncertaintyin the states. In
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FigureA.2: Matchingthe setof actuallyobsened 2D dotsz,...., with the setof all pre-
dicted locationszg,;. Usually only a subsetof the predictedpoints are obsened. The
resultingpredictionvectorzg,, thatis usedin calculatingAz later only containsentries
correspondindo thoseobsered points. Consequentlythe R,,,;, and Hy,,;, matricesused
in computingthe Kalmangainarealsosub-matricegorrespondingo only thoseobsened
points. Notethatthe lengthof vectorAz is 2m, wherem is the numberof LEDs actually
obsenedby acamerdor thatframe. For the samereasonthesizeof Ry, is (2m x 2m),
with m (2 x 2) matricesR,,, onits diagonalandthesizeof Hy,;, is (n x 2m), wheren is
thelengthof the statevector
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orderto bootstrapaninitial valueof P needdo begivento thefilter, alongwith theinitial
valuesof the states. We startthe tracker by putting the target objectin somecanonical
location and orientation,and feed the canonicalposition and orientationto the filter as
theinitial states.In practice,thetarget objectdoesnot have to be preciselypositionedor
oriented andonly needdo becloseto thecanonicalocationandorientation.Welet P bea
diagonalmatrix with its diagonalelementsetto be somelarge numbey signifying thatwe
don't know muchabouttheactualpositionandorientationof thetarget. Theelementof P
becomesmallerasmoremeasuremenreincorporatednto thefilter, resultingin smaller
uncertaintiesn the stateestimates.

Summary of the completefilter cycle

The stepsinvolved in a completefilter cycle with the specificmodelsand parametersn
M-Trackis summarizedelow.

At the beginning of eachfilter cycle, thefilter alreadyhasthe knowledgeof the prior
internal stateestimatex;_,, its associatectrror covarianceP,_;, andthe prior external
orientationq;_1, for thetime instantwhichwasAt beforethe currentmeasurementNow,
to integratethe currentmeasuremerd from camera: with size2m for m obseredLEDS,
thefilter cyclesthroughthe following steps(the subscriptt is droppedfor all quantities
correspondingo the currenttime instantfor conciseness):

1. Predictthe stateanderrorcovariance.
X7 = A(AH)x, (A.31)
P~ = A(AH)P._1AT(At) + Q(AY) (A.32)
whereA (At) andQ(At) aregivenin equationgA.27) and(A.28), respectiely.

2. Predictthe measuremerdnd computethe measurementacobiarfor all M feature
points(LEDs) onthetarget.

im = hc m(ﬁi: Qa C, lm) (A33)
Hm = %(&* (AL C, lm) (A34)
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for 1 < m < M. Notethatthereis a differentz,, andH,, for every featurepoint.

3. Performdataassociation:for eachobsered LED dot find its associategbredicted
location. Constructthe correspondingpredictionvectorzy,, (of length2m), mea-
suremennoisematrix Ry, (of size2m x 2m) andJacobiamrmatrix Hy,;, (of size
2m x n) by constructingherespectre individual z,,,s, R,,sandH,,,s.

4. Computethe Kalmangain.

K=P H'(HP H' +R)* (A.35)

5. Computethe residualbetweerthe actualmeasurement andthe associategbredic-
tionS Zgp,.

AZ =7 — Zgy, (A.36)

6. Updatethe predictedstateestimateanderror covariancebasedon the measurement
residualandthe Kalmangain.

X = %X +KAz (A.37)
P — (I-KH,,)P~ (A.38)

7. Updatetheexternalorientatiorby factoringin theincrementatotation(A¢, A9, Av))
in the statevector Theincrementalotation,expressedn quaterniorform, is given
by

Aq = (VI—c A¢/2,A0/2, Avb)2) (A.39)

wheree = (A¢? + AG? + Av?) /4. Thisincrementalotationis thencomposeavith
the previousglobalquaterniorto obtainthe currentglobalquaternion

q=aq-1®Aq (A.40)
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FigureA.3: An examplestatetracegeneratetby thecentralestimatoyshaving thex (blue),
y (green)andz (red) positionsof atarget point moving alongarectangulapathin aplane
almostparallelto they-axis.

where® denotes quaterniommultiplication ([40, 41]).

8. Setthe incrementalrotation elements(A¢, A, Av) in the statevectorx backto
zero.

Ap=NA0=Ah=0 (A.41)

And x, P andgq becomehe priorsfor thenext cycle whena new measuremerdomesin.
As an example,Figure A.3 shaows the (z, y, z) position plot of a taget moving in a
rectangulapath.
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A.3.2 Determination of filter parameters

The Kalmanfilter requiresthatthe processoisecovariancematrix Q, andthe measure-
mentnoisecovariancematrix Ry, definedin Equations(A.3) and(A.4), be known prior
to operationof thefilter. In this sectionwe briefly describehow to setthe value of these
matrices.

If thediscretemodelof Equation(A.1) comesrom a sampleccontinuous-timeystem,
which is very commonin practice the covariancematrix associateavith w, canbe eval-
uatedanalytically from their continuousmodels. We begin with a a continuousprocess
describedy

x = Fx + Gu (A.42)

whereu is a vectorforcing function whoseelementsare white noise,and F and G are
the matricesrelating the derivative of the stateto the stateitself and the externalforce,
respectrely . We considerthe samplesof this processat discretetimesty, t1, ... ,lg,....
Statespacemethodg46] canbe usedto solve Equation(A.42) andrelatethe sampleof x
attimet;, with thesampleatt;:
te+1
X(tis1) = At ti)x(tr) + A(tgt1, 7)G(T)u(r)dr (A.43)
ty

where A, canbe evaluatedfrom the continuousmodelby usingthe inverseLaplace(do-
natedby £) transform

Aty ty) = [£7Y(sT — F) 1] (A.44)

t=t),
Equation(A.43) canbe equialentlywritten usinga moreconcisenotation,
Xp1 = ApXp + Wy,

It canbeclearlyseernthatthisis thesameasEquation(A.1), whereA ; is thestatetransition
matrix from ¢, to ¢, 1, andwy, is thedrivenresponseatt,.; dueto thewhite noiseinput
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u;, duringthe (¢, tx11) period.We canthereforeanalyticallyevaluatethe Q; matrix as

Qr = Elw,w]

te+1 te+1

— E{{ t A(tpr1,)G(Eu(E)dE]] A(tk+1a77)G(77)u(77)d77] }

k ti

_ /tk+1 t k1 A(tk:—H;€)G<§)E[U(QUT(UHGT(n)AT(tkH,n)dgdn (A.45)

The matrix E[u(&)u’ (n)] is basicallya matrix of Dirac deltafunctionsbecauset is the
covariancematrix of thesourcewhite noise,andtheamplitudeof thesedeltafunctionsare
presumabljknown from the continuousmodel.

As anexample,for the constant-elocity procesausedin our M-Track system(shovn
in FigureA.1), the continuougnodelfor anelementsayz, in the positionandorientation
statevector{z, y, z, ¢, 0,1}, in this cases

HEIHERE a6

We candeterminethe correspondingliscretemodel(i. e. A, andQy) for a samplingin-
tenal of At. In fact, we candropthe k& subscriptbecausematricesA and Q are only
dependentn At. First, thetransitionmatrix canbe evaluatedsimply as

Al = [£7(sT-F)7]

t=At
-1
— [,_1 s —1 :[’—l % s%
0 s 0 I
1 At
= 01 (A.47)

Next, giventhatwe now know A, andthat E[u(&)u(n)] = 025(¢€ — i), the covariance
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matrix Q(At) cannow beevaluatedusingEquation(A.45):

Q) /Om/omlé f”?]m(g—n)[o 1][717 ”dgdn

_ /Af /Af End(E — 1) 56(5—77)] dedn
no(€—mn) o(&—n)

(an? - (An?
_ 02[ 3 2

e L (A.48)

Theabore analyticalsolutionhelpsusto reducetheparameterto setfor Q(At¢) to only
settingthe covarianceof the noisesource,o2. In this example,it representshe variance
of the acceleratiorof the targetmotion. If thetamgetis moving slowly, a smallervalueof
o? shouldbeused;if thedynamicsof thetamgetchangeapidly, alargero? shouldbeused.
The exactvalueis determineddy anoffline tuning process.We recordthe measurements
of sometarget moving with a known trajectory We startwith someinitial guessof o>
andrun the Kalmanfilter offline with this valueto estimatethe targettrajectory Next we
calculatetheerrorbetweertheestimatedrajectoryandtheknown trajectory We thenvary
the valueof o2 andrun the Kalmanfilter againto obtaina differentestimatedrajectory
After repeatinghis for severaltimes,the onevalueof o2 thatresultsin the minimumerror
is selectedfor usein the actualfilter. This of course,assumeshat the dynamicsof the
targetusedin filter parameteturningis similar to thatof thetargetin actualtracking.

The settingof the measurememoisecovariancematrix R for 2D featurelocationis
basedon rationalanalysisratherthanempiricaltrial-and-error Sinceit is a 2 by 2 matrix
whoseelementgepresenthe covarianceof the uncertaintyin the z, y locationsin the 2D
imageplane,we candetermineghesevaluesby simpleanalysis.Basedon our 2D feature
detectiorprocesswe canassumehatthelocationof thex andy coordinate®f afeatureare
uncorrelated Thatmeanghatthe off-diagonalelementof R arezeros.For the diagonal
elementsagainbasedn the precisionof our cameragandour featuredetectiomalgorithm,
we concludethatthatwe canlocatea featurelocationwithin &, pixelsin the z direction
andk, pixelsin they direction. Thereforethetwo diagonalvaluesaresetto be 2 andk?,
respectrely.
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