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Abstract

Therearemany applicationswhereit is usefulto know the locationand/ororientationof

peopleor objectsasthey move throughspace.For example,headandhandpositioncan

beusedasinput to drive a virtual reality application,or the joint motionof a dancercan

becapturedto drive themovementof ananimatedfigure.Amongvariousmotiontracking

technologies,systemsusingcamerasasopticalsensorshave beenthesubjectof intensive

researchfor yearsdueto their non-intrusive natureandtheir immunity to ferromagnetic

distortion. A network of camerasallows for a larger working volume, higher tracking

accuracy, morerobustnessandgreaterflexibility , but alsointroducesavarietyof interesting

problems.Thearchitectureof suchsystemsneedsto bedesignedto bescalableto a large

numberof cameras.Theaddedcomplexity of suchsystemsmakesit difficult to calibrate

all of the camerasinto a single global coordinateframe in a scalablefashion,and also

introducestheproblemof how to optimallyplacecamerasto maximizetheperformanceof

thetrackingsystem.

In thisdissertation,wehavedesignedandimplementedM-Track,ascalabletrackingar-

chitecturefor real-timemotiontrackingwith tensof cameras.Its one-processor-per-camera

designenablestheparallelprocessingof high-bandwidthimagedata.Theemploymentof a

centralestimatorbasedonanextendedKalmanfilter allows thesmoothandasynchronous

integrationof informationfrom camera-processorpairs. Sincecamerasynchronizationis

not required,thisarchitectureresultsin easierdeployment,andenablestheemploymentof

heterogeneoussensorsincludingcameraswith differentresolutionsandframerates.The

architecturealso supportstracking of multiple featuresand automaticlabeling of these

features,evenwhensomefeaturepointsaretemporarilyoccluded.Threeend-to-endappli-

cationsarebuilt uponthisarchitectureto demonstratetheusefulnessof thesystem.
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Next, wepresentascalablewide-areamulti-cameracalibrationscheme.A largenumber

of asynchronouscamerascanbe calibratedinto a singleconsistentcoordinateframeby

simplywaving abright light in front of them.Thiscanbeachievedevenwhencamerasare

arrangedwith non-overlappingworking volumesandwhenno initial estimatesof camera

posesareavailable.Thereis no needfor theconstructionof a universallyvisible physical

calibrationobject,andthemethodis easilyadaptableto working volumesof variablesize

andshape.

Wethenproposeaquantitativemetricfor evaluatingthetrackingqualitygivenamulti-

cameraplacementconfiguration. Even thoughocclusionof tracked objectshasa huge

impacton motiontracking,previouswork only usesthe3D uncertaintycausedby limited

cameraresolutionto evaluatequality. Ourmetricconsidersbothcameraresolutionandthe

likelihoodof targetocclusion.In the formulationof themetric,we proposea novel prob-

abilistic modelthatestimatesthedynamicself-occlusionof targetsandverify its validity

throughexperimentaldata. Finally, we analyzevariouscameraplacementconfigurations

usingour proposedmetricandshow the impacton cameraplacementrequirementswhen

consideringeitheronly resolutionor bothresolutionandocclusion.
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Chapter 1

Intr oduction

1.1 Applications of motion tracking

Therearemany applicationswhereit is usefulto know thelocationand/ortheorientation

of peopleor objectsasthey movethroughspace.This typeof motiontracking,sometimes

called6 degree-of-freedom(DOF)positiontracking,hasbeenusedin military applications

for years1. Recently, motion trackinghasbeenfoundvery usefulfor virtual reality (VR)

andentertainmentindustryapplications.Themaindistinctionbetweenmotiontrackingin

VR andentertainmentapplicationsandin military applicationsis that the subjectsbeing

trackedareusuallyhumanor humanheldobjects.For example,in a VR application,the

headandhandpositionsof ausercanbeusedto controlcomputer-generatedimagessothat

they arealwaysrenderedfrom thepoint of view of theuserandin responseto the user’s

handgestures.In entertainment,sinceit is labor intensive to manuallyanimatefigures

whoseintendedmotionis complex, themotionsof anactorcanbeappliedto ananimated

figurevia trackingthemotionsof all relevantjointsandbodyparts.This trackingprocess,

calledmotioncapture in theentertainmentindustry, canalsobeappliedto otherdomains.

For example,thecapturedmotionof atopathletecanbeusedin trainingor sportsmedicine.

Figure1.1showsa few examplesof suchapplications.

The requirementson the performanceof real-timemotion trackingsystemsbasedon

1In this thesis,the term motiontracking refersto the trackingof target position,orientation,andtheir
derivativesincludingvelocity, angularvelocity, etc.

1
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(a)
(b)

Figure1.1: Exampleapplicationsof positiontrackers. (a) Motion captureof a dancer’s
movement;(b) Trackingof userheadpositionas input to drive the displayof a virtual
realitysystem.

accuracy, resolution,responsiveness,range,androbustnessareimportantfor mostapplica-

tions.VR andentertainmentapplicationshaveadditionalrequirementsdueto thevarietyof

environmentsin which thesystemsneedto bedeployed,includingmany typesof human-

inhabitedenvironments.Theserequirementsarebasedonnon-intrusivenessto thesubjects

beingtracked,supportfor multipletargets,andflexibility of deploymentandconfiguration.

A moredetaileddescriptionof theserequirementsis providedbelow:

Accuracy and resolution Theseareindicatorsof theexactnessof thereportedtargetposi-

tionsby asystem,whereatargetcanbeconsideredasadistinctobjector asaportion

of anobjectthatcanhave a distinctpositionor orientationrelative to therestof the

object. Accuracy is themaximumerrorof a reportedpositionfrom its realposition

andit measureshow “correct” it is. For example,a systemwith an accuracy of 5

millimetersindicatesthata reportedpositionis within
���

millimetersof theactual

position.This is oneof thekey measuresof performancefor a motiontracker, since

poorpositionaccuracy (andthuspooraccuracy of estimationof othermotionparam-

eters)cancauseerroneousresponsesfrom a VR systemor generationof distorted

motionfor animatedfigures.A relatedmeasureis resolution, which is theminimum

targetpositionchangethat thesystemcandetect.While goodaccuracy dependson
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goodresolution,goodresolutiondoesnot guaranteegoodaccuracy.

ReponsivenessThis is usuallymeasuredby thesystemlatency, thetime lag betweenthe

movementof the target andthe reportof the new position,andthe data rate, the

numberof computedpositions(andothermotion parameters)per second.VR ap-

plicationsareinteractive andrequirelow latency, while motioncaptureapplications

mustcapturedetailsof highspeedmovementsandrequirehigh datarates.

Non-intrusivenessA trackingsysteminevitablyneedsto deploy sensorsandotherdevices

in theenvironmentand/oronthetarget.However, whentrackingfor VR applications

or motion capture,the target being tracked is usuallyhuman,or objectsheld and

movedby humans(theseobjectsarecalled“props”). A systemwith a lot of cumber-

somedevicesandwiresattachedonor aroundthepersoncanbeverydistractingand

obtrusiveto his intendedmovements.In orderfor thesystemto befrequentlyusable,

it is importantfor the humanto beableto focuson his taskandmove freely. This

meansthatthetrackingsystemshouldbeinstrumentedandarchitectedsothatit is as

non-intrusiveaspossible.

Range This is thesizeof theworkingvolumein which themotionneedsto beaccurately

reported.Theexactrequirementson therangeareapplicationdependent.Sincethe

targetmotionin VR andentertainmentapplicationsis usuallyassociatedwith human

movements,the rangeshouldbe at leastroom size. Thereare many other future

applicationsthatrequirea muchlarger range,suchastrackingplayerson a football

field. Thetrackingsystemshouldbearchitectedto bescalableto any largeworking

volume.

Support for multiple targets Theability to monitor themovementof multiple targetsis

importantfor many applications.For example,an“intelligent” meetingroommight

needto observemovementsof multiplepeoplein theroomandrespond;or in motion

capture,usually the motionsof multiple body partsneedto be recorded.Systems

that permit the independentdeterminationof the positionsof multiple objectsare

desirable. Different applicationsmay also requiredifferent levels of multi-target

support.Thissupportcanvaryfrom simplytheoutputof multiplepositionsfor every
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frameto the distinguishing(or “labeling”) of eachtarget andthe determinationof

time-coherenttracesfor eachlabeledtarget.

RobustnessA practicalsystemmustbeableto withstandthenoise,interferenceandun-

certaintyof the realworld. Thesefactorscouldcauseerroneouspositionreportsor

eventhrow off thesystemtotally by causingit to loseor confusetargets. Onepar-

ticularly serioustype of interferenceis whena sensoris blockedor occludedfrom

receiving thesignalfrom theemitter. Noiseandinterferencemaynotonlycomefrom

objectsin theenvironment,but canalsocomefrom othertargets. It is importantto

designasystemto beresistantto theseerrorsources.

Flexibility This refersto all kinds of factorsthat affect a system’s ability to be easily

deployed andconfiguredfor variousapplicationsandits ability to be reconfigured

or upgradedover thecourseof its use.For example,applicationsmayhave variable

trackingresolutionrequirementsfor differentsubspacesof the working volume; a

systememploying multiplesensorsmaydesireto usesensorsof differentresolution,

speedandeven category. Thesesensorsalsomay not be synchonized.Moreover,

beforetrackingcanbeperformed,a systemneedsto beconfiguredwith priorssuch

assensorlocationsandotherparameters,a processthat is usuallytime-consuming

itself. Therefore,whenasensorneedsto beadded,replacedor removed,it wouldbe

desirableto beableto incrementallyreconfigurethesystem.Oneimportantaspectof

flexibility isscalability, asystem’sability toaccommodateincreasein varioussystem

parameterssuchasthenumberandtypeof cameras,numberof targets,range,etc.

To summarize,a goodmotion tracker for VR andentertainmentapplicationsshould

provide high accuracy, goodresponsiveness,large range,andsupportfor multiple targets

whilebeingnon-intrusive,robustandflexible. Thisthesisaddressesdesignof motiontrack-

ing systemsfor thesekindsof applications.

1.2 Sensortechnologies

Motion trackersusefour main categoriesof motion sensors:optical, magnetic,acoustic

andmechanical[52]. Currentlythetwo majorsensortypesusedin VR andentertainment
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applicationsareopticalandmagnetic.

Magnetictrackershavefixedemittersin theworkingvolume,andhavesensorsmounted

on thetarget.Thesetrackersestimatethepositionof thetargetby measuringthechangein

themagneticfield asthe target (sensor)is moving. Multiple targetsaresupportedby the

time-division multiplexing of multiple emitter-sensorpairs. However, the magneticfield

is subjectto distortionscausedby ferrometallicobjectsandobjectsthat generateelectro-

magneticfieldssuchastransformersandcomputerscreens.This distortionincreaseswith

emitterpower.

Optical trackersemploy optical sensorsto detectvisual features from imagesof the

target. Thesensorsvary from photodiodesto ordinaryvideocameras,andthesignalsbe-

ing detectedvary from emittedlightscontrolledby thetracker to readilyavailableambient

lights. Usually markers suchassmall bright light emitters,reflective balls, or paint of a

particularcolor needsto be attachedor appliedto the targetsto make themmoredistin-

guishablefor thesensor. Opticaltrackerscomputethe3D positionsof thetargetsbasedon

the geometricrelationshipbetweenthe detectedfeaturelocationson the image(2D) and

thesensorpositions(3D) known a priori.

Comparedto magneticsensors,optical sensorsaremorewidely usedfor VR anden-

tertainmenttrackingapplicationsfor the following reasons.They are(a) inherentlymore

accuratebecausethey don’t suffer from ferromagneticdistortion;(b) muchlessintrusive,

becausethemarkersattachedto thetargetareusuallymuchsmallerandlesscumbersome

than thosefor magnetictrackers; and (c) have bigger rangebecauseoptical signal can

reachfartherandemitterpower canbe increasedwithout the increaseof distortion. The

maindisadvantagesof systemsbasedon opticalsensorsarethat they aresubjectto occlu-

sionandthat they have difficulty distinguishingbetweenmultiple targets. However, they

arethepreferredsensortechnologybecauseaccuracy, non-intrusivenessandrangearevital

to theseapplications.Moreover, goodsystemdesignnot only canleverageandextendthe

advantagesof thesensors,but alsocompensatefor their limitations, thussatisfyingmore

advancedapplicationrequirements.Themaingoalof this thesisis to provide insightsinto

multiple facetsof systemdesignissuesfor camera-basedtrackers.
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1.3 Moti vation for a network of cameras

1.3.1 Benefits

Thoughindividual optical sensorshave perhapsthebestsensoraccuracy andrangeprop-

erties,advancedapplicationswith increasedaccuracy, rangeandrobustnessrequirements

necessitatethe useof many sensors,or a networkof sensors(or camerasin the context

of this thesis).Figure1.2 shows a conceptualillustrationof a trackingsystemwith many

cameras.A network of camerashasthefollowing benefits.

Bettercoverageandresolutioncanonly beachievedby employing many cameras.For

example,if onewantsto track the motion of a soccerplayer in a stadiumor to extract

the motionof peoplein a building with a complex floor plan, it is impossibleto perform

suchtaskswith only onecamera,sincea camerahaslimited rangeandresolution.Since

a camerahasa fixed numberof pixels,onecaneitherachieve larger coveragebut lower

resolutionby usinga wide anglelens,or achieve higherresolutionbut smallercoverage

with a narrow anglelens,but not both. In addition,thereis a distance-resolutiontradeoff:

asthe distancefrom a target to the cameraincreases,its sizeon the cameraimageplane

decreases,andasa resulttrackingresolutionandaccuracy decreases.Largercoveragefor

a givenresolutioncanonly beachievedby combiningtherangesof many camerasplaced

and/oraimedat differentlocations.By “many”, we meantensof camerasor evenmore.

Sincethe term “multi-camera”hasbeenusedin the computervision literaturemostly to

refer to 2-5 cameras,in this dissertationwe usethe term many-camera to refer to such

systemsto emphasizethe differentdesignspacefrom previously describedmulti-camera

systems.

Systemrobustnesscanalsobeimprovedwith theuseof many camerasbecauseof the

reductionof cameraocclusion. Occlusionis the phenomenonwherea featureis visually

blockedfrom a cameraby objectscalledoccluders. Occluderscanbeobjectsin thescene

or the target itself. Whenocclusionoccursandno cameraseesa feature,it is impossible

to calculateits 3D postion. It is intuitive that the morecamerasthat aredeployed in the

scene,the lessocclusionthereshouldbe,sincefeaturesoccludedfrom onecameracould

beseenby cameraslocatedelsewhere.In addition,in apracticalsystemotherfactors(such

aspower failure) couldcausea camerato stopfunctioning. More camerasprovide more
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Many-camera 
tracking
system

Video of targets

Target motion parameters
(positions, orientations, speed, …)

Application

Occluder

Priors 
(camera poses, 
focal lengths, ...)

Camera

Target

Figure1.2: Schematicof amany-cameratrackingsystem.Tensof camerasobservemoving
targets.Thetrackingsystemdeterminesthe3D positionsof thetargetsbasedon detection
of their2D positionsin thecameraimagesandonsomeprior knowledgesuchaswhereall
thecamerasarelocated.Camerascanbeasynchronousandhaveheterogeneousparameters.
They arealsosubjectto occlusion.
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redundancy. With asufficientnumberof cameras,propersystemdesigncanensurethatthe

failureof any oneor morecameraswill not resultin thefailureto trackthetargetanywhere

in theworkingvolume.

Anotherconsiderationfor usinga network of camerasis cost. Thoughonemayargue

thatfuturetechnologymightenableusto build a“super-sensor”with exceptionalrangeand

resolution,a systemcomposedof many off-the-shelfcommoditycamerasis usuallymore

cost-effective thanonewith asmallernumberof custom,highperformancesensors.

1.3.2 Issuesto besolved

As describedfrom the previous section,a trackingsystemcan improve someaspectsof

its performanceby employing a network of cameras.However, thereareissuesremaining

to be addressed.Moreover, the useof a network of many camerasalsointroducesother

challengesin systemdesign.Thesearedescribedbelow.

Thoughby employing many camerasone can extend the rangeand resolutionof a

system,the trackingaccuracy of a systemis dependenton many other factors. For one

thing,asmentionedandseenin Figure1.2,in orderto computetargetposition,thesystem

needsto know thepose(i. e. positionandorientation)andotheropticalparameters(such

asfocal length)of all camerasaspriors. Theprocessof measuringanddeterminingthese

geometricandopticalparametersis calledcalibration, whichusuallyhasto bedonebefore

theactualtrackingcanbeperformed.Theaccuracy of targetpositiondirectly dependson

theaccuracy of cameracalibration.For advancedapplicationswith largeandgeometrically

complex workingvolumes,traditionalcalibrationmethodsmaynothandlecertaincomplex

cameralayouts.Thereneedsto beacalibrationschemethatcanhandleawideandcomplex

coveragearea.

Targetpositionaccuracy alsodependson theaccuratemeasurementof 2D target loca-

tion on theimageplaneof a camera.However, camerasinherentlyhave a range-distance-

resolutiontrade-off, andthey aresubjectto occlusion.Poorerresolutionmeanslargererror

in themeasurementof thefeature’s 2D positionon the image,andthereforelessaccurate

3D position.Occlusionof a featurepreventsa camerafrom gettingany informationabout



CHAPTER1. INTRODUCTION 9

this featureat all. Both phenomenamaycausemoreerroranduncertaintyin thedetermi-

nationof the feature’s 3D position. FromFigure1.2 it is not hardto seethat theseverity

of thesephenomenaareaffectedby where camerasare locatedrelative to the targetsand

occluders,andby their othersettingssuchastheir fields of view. Therefore,in orderto

achieve accurateandrobusttracking,it is importantto explorewhatconfigurations2 to set

for all of thecamerasin orderto achieveminimum3D positionerror(or bestaccuracy) for

agivenmotiontrackingtask.

A third factorthataffectstheaccuracy is how asystemhandlesasynchronousmeasure-

ments.By “asynchronous”wemeanthatcamerasdonotall takepicturesat thesametime.

Many publishedmulti-cameratrackingalgorithmsassumethatall camerastake theirmea-

surementssimultaneously, whichrequiresphysicallywiring andsendingasynchronization

signalto everycamera.This is anon-trivial engineeringnuance,especiallywhenthenum-

berof camerasis large[80]. Asynchronousdatafrom multiple camerascausesalgorithms

thatassumesynchonizedcamerasto reporterroneousmotioninformation.Therefore,it is

desirableto have a trackingsystemarchitectureandassociatedalgorithmsthatareableto

supporta largenumberof asynchronouscameras.

Supportfor multiple targetsremainsan issuefor camera-basedtrackingsystems.As

mentionedin Section1.1, this is neededby many motion trackingapplications.However

thereis aninherenttrade-off betweendetectinga featurein a sceneandidentifyingit. For

example,a simplefeaturesuchasa point is easierandfasterto detectfrom animagethan

othermorecomplex typesof features,but is harderto distinguishfrom otherfeaturepoints.

Most currentmotioncapturesystemshave a low level of supportfor multiple targets: the

systemsjust outputa setof positionsper frame,and leave the labeling to manuallabor

later– a very tedious,time-consumingprocess.A systemarchitecturethat hasa higher

level of supportfor multiple targetsleadsto a moreefficient end-to-endmotion recovery

pipeline.

Flexibility , andespeciallyscalability, is an issuethatarisesandbecomesincreasingly

importantwhenthe numberof camerasin a systembecomeslarge. First, the calibration

2The configurationof a camerarefersboth the locationandorientationat which the camerais placed
aswell asits opticalparametersettings.For thesake of simplicity, we will usethe imprecisetermcamera
“placement”to referto thesettingof boththegeometricandopticalparametersof acamera.
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of many camerasusing traditional methodsquickly becomeslabor intensive and time-

consuming,which makesthedeploymentandconfigurationof a systemdifficult. In order

to deploy amany-camerasystemefficiently, thereneedsto beacameracalibrationscheme

thatcanscaleto supportof a largenumberof cameraswith minimumlabor. Second,with

many camerasit is possibleto allow variableplacementdensityof camerasso that spa-

tially varyingtrackingresolutioncanbeachieved,which constitutesoneaspectof system

flexibility . However, thereneedsto bea systematicandquatitativeway to computewhere

camerasshouldbe laid out to achieve suchvariablecoverageresolution.Third, in terms

of systemarchitecture,it is importantnot only to allow asynchronouscameras,but alsoto

allow heterogeneouscameras.“Heterogeneous”meansthat thecamerasmayhave differ-

ent ranges,resolutions,andframerates.As thenumberof camerasbecomeslarge,this is

not an unreasonableassumption.The useof heterogeneouscamerasnot only makesthe

thesystemmoreflexible, but alsocouldeffectively leveragetheadvantagesof eachkind.

Anotheraspectof systemflexibility is its upgradability. With a largenumberof cameras,it

is extremelyimportantto haveasystemarchitecturethatsupportstheincrementaladdition,

deletion,andupgradeof asubsetof thecameras.

Responsivenessis anotherperformancemeasurethat needsto beconsideredwith the

increaseof the numberof cameras.More camerasmeansmoreraw datato process,and

moreoverheadfor communication,thuspotentiallyleadingto eitherlongerlatency or an

increasein unprocessed(wasted)data.It is desirablethatthea systemis scalablein terms

of its processingpowerandmaintainsits responsivenessasthenumberof cameraincreases.

In this dissertationa scalablemany-cameratrackingarchitectureis proposed,together

with a novel cameracalibrationschemeanda formulationandstudyof the selectionof

optimalcameraconfigurations.This work addresseshow to improvethelevel of accuracy,

flexibility andmulti-targetsupportfor amany-cameratrackingsystemthroughgoodsystem

design,specificallythroughimprovedcameracalibration,cameraplacement,andsystem

architecture. Several applicationsare implementedto demonstratethe system’s overall

capability, and the variousperformanceaspectsdescribedearlier. Thoughsomecareis

takento assurethatthesystemis responsiveenoughfor thedemonstratedapplications,the

generalissueof systemresponsivenessis not thefocusof this thesis.
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1.4 Relatedwork

In thissectionwereview somepreviouswork in multi-cameratracking,especiallyfrom the

perspectiveof theamountof supportprovidedfor a largenumberof asynchronouscameras

andfor labelingof multiplefeaturesor targets.Previouswork directlyrelatedto calibration

of a network of camerasor cameraplacementis discussedseparatelyin Chapters3 and4,

respectively.

Computervision-basedhumanmotion trackingsystemscanbe divided into two gen-

eral types: thosethat aredevelopedby researchinstitutionsandthosethataredeveloped

andcommercializedby industry. Systemsdevelopedby the two communitieshave very

differentfocuses.

Themotioncapturesystemsthataredevelopedby computervisionresearchersareusu-

ally focusedon addressingissuesrelatingto themodelingaspectof theproblem.(A com-

prehensive survey from this perspective canbefoundin [53].) A usualassumptionis that

nomarker is attachedonthepersonto betracked;therefore,a lot of work is devotedto how

to segmentusefulfeaturesof the target from the backgroundbasedon solely the natural

appearanceof the target andhow to representthe segmentedentities. For example,the

extractedfeaturescanrangefrom edges[39] andsilhouettes[7, 71,34], to “blobs” thatare

regionsof coherentcolor [19, 43, 38] or inter-frameflow[44]. Onestateof theart system

is thePfindersystemandits extensiondevelopedby Wrenet al. [89, 90], in which thehu-

manbodyis trackedusingstatisticalmodelsto segmenttheimageinto blobs.Usingthese

naturalandcomplex featuresnotonly reducestheintrusivenessof thesystembut alsomay

make it easierto distinguishamongmultiple featuresbecausethey aredescribedby more

parameters.However, sincethesefeaturesaremorecomplex thanpoints,thesegmentation

andextractionstepstake significantprocessingandusuallydo not provide the framerate

thatVR andentertainmentapplicationsrequire.Becausethesefeaturesareusuallycoarse

andimprecise,they arelesssuitablefor applicationsthathaveahighaccuracy requirement

onthepositiondata,suchasthetrackingof auser’seyepositionto renderaimagefrom that

pointof view. Mostof thesesystemsconsistof only 2-5synchronizedcameraswith limited

rangeanddonotaddressthecamerasynchronizationissue.Neitherdothey addresstheuse

of heterogenouscameras.In addition,sincemostof thesesystemshavevery few cameras,
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targetocclusionis very likely to occur, but mostof thework reportsresultsfor caseswhere

all of thefeaturepointsareseen.It is not reportedhow oftentargetocclusionoccurs,and

how thesystemwouldperformin thiscaseof temporarylackof full informationaboutthe

target.Weconsiderocclusionanimportantandunavoidableissuein camera-basedtracking

andaddressit explicitly. We employ a largenumberof camerasandintegratetheir infor-

mationseparately(seeSection2.2.3.1),provide a way of predictingtarget motion in the

caseof temporaryfeaturepointocclusionthoughtheusea targetdynamicmodel(seeSec-

tion 2.2.3.2)andexplicitly designthecameralayout to reducethelikelihoodof occlusion

(seeChapter4).

Oneresearchsystemthatemploys many camerasis theVirtualizedRealitysystemde-

velopedat Carnegie Mellon University [56, 48, 68, 80, 74]. In thatsystemmorethan30

camerasare mountedon a dome-like structure(and later, in a room), and are synchro-

nizedto recordwhat is happeningin thework volume. Target informationsuchasshape,

motion,etc.arethenestimatedthroughpost-analysisof the recordeddatafrom the cam-

eras. Thoughthis systemis not intendedfor our desiredreal-timemotion tracking, the

experiencethat the researchersobtainedandreportednonethelessprovidesusefulinsight

into theissuesinvolvedin building a systeminvolving many cameras.Oneissuethatthey

specificallyreportedis how mucheffort was requiredto synchronizea large numberof

cameras[49]. This is thebasisfor our belief thatsupportof asynchronouscamerasis one

importantcriterionfor ascalabletrackingarchitecture.

A trackingsystemthatdoesaddressasynchronousinput is theheadtracker developed

at the Universityof North Carolina(UNC)[87, 86, 88, 4, 3, 31]. In this systemthe sen-

sors(photodiodes)aremountedon thepersonandobserveoutward infraredlight-emitting

diodes(orbeacons) mountedontheceiling. At any timeonlyonebeaconis seen,andthere-

fore only partial informationaboutthe target positionis received. Welch [88] proposed

a specificway of using the Kalmanfilter calledsingle-constraint-at-a-time(SCAAT) to

combinethesepartialobservationsthatareobtainedsequentiallyandasynchronously. The

researchersalsomentionedthatthis formulationwould alsoallow theuseof heterogenous

sensors.In our system,we usemany camerasthatlook inward at thetarget(s),sothesen-

sortypes,propertiesandmodelsarequitedifferentfrom theirs.Similar to SCAAT, wealso

employ a Kalmanfilter in a way that enablespartial measurementsto be integratedat a
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giventimeto deducetheglobalstate(motion)information.Thisenablesproperintegration

of measurementsfrom asynchronousandheterogenouscameras.However, unlikeSCAAT,

whichpurposelytakesasinglemeasurementat timeto generateastateestimateevenif the

measurementsweretakensynchronously, M-Trackgroupsmultiplemeasurementsthatare

indeedtaken simultaneouslytogether(but arestill subsetsof all possiblemeasurements)

andestimateglobal motion from thesemultiple measurements.In addition,the tracking

systemreportedin [88] hastime-division-multiplexedusageof beacons,e. g. at any one

time thereis only onebeaconon,soit is not clearif andhow multiple targetpointscanbe

supported.

Commercialmotioncapturesystems[17, 77] havea differentfocusfrom researchsys-

tems.Becausethey needto bedeployedandusedin a varietyof environments,thesesys-

temsarefocusedon beingreal-time,robust,andaccurate.They requiretheattachmentof

activeor passivemarkerson thetargetsothatthey cansegmentthesepoint featureseasily

andquickly, with asmallincreasein thesystem’sintrusiveness.They usuallyemploy many

(10sor 20sof) camerasto obtaina largeworking volumeandto reduceocclusion.How-

ever, camerasarestill requiredto besynchronized,andnot mucheffort hasbeenreported

in addressingasynchronousandheterogenouscameras.Moreover, thesesystemsprovide

very limited supportof trackingof multiplepoints.Pointfeaturesaresimpleandit is diffi-

cult to distinguishonefrom another. Mostsystemsusuallyjustoutputasetof 3D positions

perframeandleavethecorrelationandlabelingof thesepointsto post(manual)processing.

Many man-hoursareneededto manuallycorrelatethe3D positionsof oneframeto those

in a subsequentframe. This becomeseven morechallengingandtime-consumingwhen

somepointsdisappearandreappearfrom oneframeto thenext dueto occlusion.

Dueto thelargenumberof camerasthatoursystemneedsto supportandthepotentially

largeamountof datato beprocessedin real-time,wehavedecidedto adoptthecommercial

systems’basicapproachto usesimplepoint featuresin our system,the M-Track. This

allows fastandrobust 2D featureextraction. The M-Track hasalsobeenarchitectedso

that it canaccommodatea large numberof asynchronouscameras,andprovide support

of the automatictrackingand labelingof multiple points, resultingin greaterflexibility

andscalabilitythancurrentstate-of-the-artcommercialmotioncapturesystems.We have

alsodevelopedascalablealgorithmto efficiently calibratesuchsystems,andaquantitative
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modelto helpoptimizemulti-cameraplacementconfigurations.TheM-Trackarchitecture

is describedin Chapter2,andthecalibrationandplacementof many camerasaredescribed

in Chapters3 and4, respectively.

1.5 Contrib utions of this dissertation

Thecontributionsof thisdissertationincludethefollowing:� theformulationandexperimentalverificationof a many-cameracalibrationscheme

that enablesthe calibrationof a wide areasystemof asynchronouscameraswith

respectto a singleglobal coordinatesystem. It is simpleanddoesnot requirethe

physicalconstructionof a largecalibrationobject. This methodis especiallyuseful

for thecalibrationof amany-camerasystemin whichnot all camerasseeacommon

area,aconfigurationwheretraditionalmethodscannotbeapplieddirectly. Moreover,

the methodalsoallows incrementalcalibrationascamerasarebeingaddedto the

system.� theformulationandexperimentalverificationof a quality metricfor comparingvar-

iouscameraconfigurations,asa first andnecessarysteptowardoptimalcameralay-

out. The metric takesinto accountthe 3D positionerror causedby both occlusion

andlimited imageresolution.As partof theformulationof themetric,a novel prob-

abilistic modelis proposedthatestimatesthedynamicself-occlusionof targetsand

its validity is verifiedthroughexperimentaldata.� the determinationof designtrade-offs betweenresolutionand occlusionbasedon

simulationof variousmany-cameraconfigurationsusingtheabovequalitymetric.� thedesignof a systemarchitecturefor real-timemotion trackingthat is scalableto

thenumberof cameras.Its one-processor-per-camerastructureallows parallelpro-

cessingof high-bandwidthinputimagedata.Theuseof ancentralestimatorbasedon

ExtendedKalmanFiltering(EKF) notonly allowsasynchronousinput from multiple

cameras,but alsoenablessmooth,incrementalintegrationof informationfrom local

camera-processorpairs.This resultsin easierdeploymentthanfor systemsrequiring
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synchronizationamongall cameras,andenablestheemploymentof heterogeneous

sensors,including cameraswith differentresolutionsandframerates. In addition,

thetemporalcorrelationthatEKF providesallowsthecontinuousautomaticlabeling

of multiple featuresin subsequentframesoncethey arelabeledin thefirst frame.� thedevelopmentof severalmotiontrackingapplicationsutilizing a 2D trackingsys-

temor a3D wide-areatrackingsystembasedon theabovearchitecture.

1.6 Organizationof this dissertation

Theremainderof thisdissertationisorganizedasfollows: Chapter2 describesthehardware

andsoftwarearchitectureof the many-cameratrackingsystemandthe applicationsbuilt

baseduponthisarchitecture.Chapter3presentsthescalablecameracalibrationschemethat

workswell with wide-areamany-camerasystems.Chapter4 describesthequality metric

for cameraplacementandshows simulationresultsthat illustratethe impactof occlusion

andlimited resolutiononoptimalcameraplacement.Chapter5 discussessomeinteresting

futureresearchdirectionsin many-cameratracking.



Chapter 2

M-Track: A Scalable,Asynchronous

Ar chitecture

2.1 Intr oduction

As describedin Chapter1, a goal of this dissertationis the designof a trackingsystem

architecturethatmeetsthevariousrequirementsposedby VR andentertainmentapplica-

tions. In this chapterwe describeM-Track,a scalable,asynchronousarchitecturethatwe

have developedto meettheserequirements.Comparedto previouswork, it cantrackwith

a muchlargernumberof cameras,andthecamerasneednot besynchronized.It canalso

trackmultiple featurepositionsin real-timeandallows thecontinuousautomaticlabeling

of thesefeaturesin subsequentframesoncethey arelabeledin thefirst frame,whichmany

currentmotion capturesystemsdo not support. We have implementedthreeend-to-end

VR andmotion captureapplicationswherethe tracker is integratedwith othermodules

thatutilize its outputmotiondata. We demonstratethevalidity andusefulnessof this ar-

chitectureby showing that theperformanceof theenabledapplicationsmeetsapplication

requirements.

Therestof thechapteris organizedasfollows. Section2.2 describesin detail theM-

Track architecture,andhow it supportsasynchronousandheterogenouscamerasaswell

asmultiple targets.Section2.3describesthreeapplicationsthatuseM-Track. Section2.4

providesasummaryof thischapter.

16
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Figure2.1: Overview diagramof theM-TRACK architecture.

2.2 M-Track architecture

2.2.1 Generaloverview

A high level overview diagramof theM-Trackarchitectureis shown in Figure2.1.

A largenumberof camerasaredistributedacrossa wide working volumeto observe a

targetwith point features.Thevideostreamfrom eachcamerais digitizedandprocessed

by adedicatedCPU.Eachprocessorhasacomputervisionbased“featuretracker” running

on it that is in chargeof detectingandlocatingthetargetfeaturepointsin theimage.This

process,theclient, is 2D andhappensin theimage-spacefor eachcamera.Theclientneeds

to beableto do thefollowing:

1. It shouldbeableto distinguishtarget featuresfrom thebackgroundin a robustand

flexible manner. In our implementation,bright LEDs are attachedto the targets
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andthresholdingis usedto distinguishthemfrom the background.Becauselight-

ing changesin the operatingenvironmentcould changethe averagebrightnessof

the backgroundandotherbright objectsmay exist in the scene,a combinedabso-

lute/relative thresholdingschemeis usedto improve the robustnessof the feature

detectionprocess.

2. It shouldbeableto performreal-timetracking.To enablethis, subsamplingis used

to reducethelatency of the2D processingin thecaseof aslow processor.

The resultsof the 2D imageanalysisfrom variousclientsaresentasynchronouslyto

a centralprocessorcalledthe server. The centralserver runsan estimatorthat integrates

the2D informationfrom variousdifferentcamerasandestimatesthe3D stateof thetarget,

suchasits positionandorientation.This targetstateinformationis thensentto someend-

userapplication,suchasa visualizationprogram,that will updateits displayedcontents

accordingto thetarget’spositionor pose.Besidesthebasic2D to 3D inference,thiscentral

state-spaceestimatoralsoneedsto beableto do thefollowing:

1. It shouldhave somefiltering capabilityto smooththe input data,which inevitably

containsthermalnoisefrom thecameraandquantizationnoisefrom the2D process-

ing stage.

2. It shouldbeableto handleasynchronousinput. Sincethe2D informationfrom var-

iouscamerasarrivesat differenttimes,eachrepresentinga possiblypartialobserva-

tion of the target state,it shouldbeableto updatestateinformationin a sequential

fashion.

3. It shouldbeableto supportinput from heterogenousclients.

4. It shouldbeableto trackmultiple independenttargets.

5. It shouldintroduceas little latency aspossiblebecauseour goal is to do real-time

tracking.

Basedon theabove criteria,we have chosento useanExtendedKalmanFilter (EKF),

a well-known tool for parameterestimationfrom noisy data,asour estimator. This filter
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operatesin a prediction-updatecycle. It cantake 2D measurementsfrom onecameraat a

time,therebyenablingasynchronousandheterogeneouscamerasupport,andincrementally

estimatethetargetpositionandorientation.It cansmoothnoisydata,andtheincremental

updateprocessis time-efficient. Most important,thetemporalcorrelationbetweenfeature

pointsof differentframesenablesthe supportof asynchronouscamerasandthe tracking

andlabelingof multiple independentpoints.

Thenetwork interconnectingtheclientsandtheserver musttake the following issues

into accountaswell:

1. Sincethemultipleindependentlyrunningclientsandtheserverneedto communicate

with eachothervia a regular packet-switchednetwork, a commoncommunication

protocolneedsto be designedto enableexchangeof dataandcontrol information.

Theprotocolalsoneedsto supportconvenientmanualconfigurationof thesystem.

2. ThoughKalmanfiltering doesnotrequirethatall clientsperformtheirmeasurements

synchronously, it doesrequirethat all clientshave a universalnotion of time. The

techniqueusedfor providing thisuniversalnotionof timemustbesufficiently robust

to preventtimedrift betweenany clientandtheserver.

3. Thevariabledelaythroughthenetwork alsocausesout-of-orderpacketsarriving at

theserver. An approachmustbeusedto preventuseof out-of-orderpackets,keeping

in mind that the real-timetrackingrequirementon the server placesa premiumon

low latency.

In thefollowing sectionswedescribein detailthevariousmodulesof theM-Track: the

2D featuretrackingin image-spaceatdistributedclients,thestate-spaceestimator, andthe

networkingmodule.

2.2.2 Distributed image-spaceprocessing

Theinput endof M-Trackconsistsof a numberof clients,eachbeinga camera-processor

pair. Eachcameraobservesa fraction of the working space,but all camerascombined

observe the wholespace.Video streamsfrom eachcameraaresentto the processorand

a computervision algorithmis run to locatethe interestingpoint features.The locations
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Figure2.2: A video framefrom a camerawith the detectedLEDs marked with yellow
crosses.Thebackgroundappearsto bevery darkcomparedto theLEDs becausewe have
put a redfilter in front of eachcameralenssothatmuchof the light outsidethepassband
of theLED is attenuated.Theuseof only anabsolutethresholdis not flexible, andtheuse
of only a relative thresholdcanresultin a very low thresholdsettingthat is not robust to
noise.

of thepoint featuresin theimage,aswell asotherinformationaboutthepoint featurethat

couldbeusefulfor laterstages,suchassize,color, etc.arethensentto theserver.

In our implementation,a large numberof NTSC camerasare mountedto cover the

working area.Videostreamsfrom thecamerasaredigitizedup to 60Hzeitherby anSGI

Indy or aMatroxMeteorII digitizing boardonaPC.Bright redor whiteLEDsareattached

to variouspartsof thetargetasthe“markers” to bedetectedby theclient software. Since

the LEDs usuallyappearmuchbrighterthanthe backgroundobjects,the basicalgorithm

to locatethe featurepointsis very simple. We canjust usethresholdingandclassifyany

pixel that is brighterthana threshold� as“bright”. As imagesof LEDs typically occupy

morethanonepixel on thecameraCCD,weadditionallyaggregateregionsof neighboring

“bright” pixels into a singleobserved measurement.We then take the meanlocationof

participatingpixels as the observed location. If needed,the sizeof the aggregatedarea

canalsobecalculated.Figure2.2 shows thevideoof onecamerawith thedetectedLED

locationsoverlaid.

In practice,two issuesneedparticularattentionwhentheabove basicalgorithmis put

into use:thresholddeterminationandlatency reduction.

As previously mentioned,a pixel is classifiedasa potentialmarker if its pixel valueis
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larger thana threshold.But whatshouldthe thresholdvaluebe? Thechoiceof anabso-

lutevaluein advancedoesnotwork well becausetheaveragebrightnessof thebackground

variesdependingon the lighting conditionof the trackingenvironment. For example,a

low thresholdmight not work whenoneturnson all the lights in the room. Background

brightnessalsovariesspatially. For example,a monitor in theenvironmentcanappearas

bright asthe LED in the image. Onecould alsousea relative thresholdscheme,where

a backgroundimage is taken at the beginning of the tracking programwhen no LED

is in the scene. The backgroundimagebecomesthe basisfor a per-pixel thresholding

scheme.In otherwords,pixels areclassifiedif they arebrighter than their correspond-

ing backgroundimagepixels by ��� . But in the casewherethe backgroundis very dark,

the could result in a very small threshold.The dangerof having a very low thresholdis

that this causesspuriousmarker detectiondue to slight lighting changeor noisein the

background.Givenall theseconsiderations,weuseacombinedrelative/absolutethreshold

scheme.More specifically, let thebackgroundimagebedenotedas �	��

����� , where
 and� arethe2D imagecoordinates.At trackingtime, a pixel ����
������ is classifiedasanLED

pixel if ����
���������������� �	��
������"!#���$����%&� wherewecall ��� therelativethresholdand�'% the

absolutethreshold.Whatthis formulasaysis thatanLED pixel mustbebrighterthanthe

backgroundby ��� , andbeat leastasbright as ��% . Figure2.3 shows a scanlineof a back-

groundimageand,giventherelative andabsolutethresholds,thefinal per-pixel threshold

function.

Theuseof background-basedthresholdsworkswell in mostsituations,aslong asthe

brightnessof thebackgrounddoesnotvarygreatlywith time. However, thisschemedoesn’t

work whentherearecomputermonitorsin the background.This is becausethe content

on the monitor is time-varying. Areasof the monitor that aredark at the time whenthe

backgroundpicturesaretakencanlaterbecomeverybrightandcauseerroneouspixel clas-

sification. In order to get aroundthis problem,we have an interactive tool to allow the

userto specify“blind” regionson the imageplaneof a client, andany pixel in thosere-

gionsis considereduselessandis simply discarded.Consequently, neithera monitornor

anLED would getdetectedasa marker if its imagefalls ontothoseregions.But our hope

is that,sincetherearemultiplecamerasdistributedthroughthescene,thatLED will fall on

non-blindregionsof othercamerasandgetdetected.
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Figure2.3: Settingtheper-pixel threshold.Thex-axis is the imagex-axis,andthey-axis
is the pixel intensity(between0-255)of the red channel(becausewe useda red filter to
increasethe LED/backgroundcontrast,asseenin Figure2.2). The red line is a scanline
takenat systemstart-uptime with no LED in thescene,andis thereforeassumedto bethe
“background”.Thegreenline shows theper-pixel threshold,givena relative thresholdof
20 andan absolutethresholdof 25. It is the greaterof the backgroundintensityplus the
relativethreshold,andtheabsolutethreshold.Theblueline is ascanlineatagivenruntime
with a bright LED in thescene.Thethresholdshouldbesetsothat the it is alwayslower
thanthebluepeakformedby theLED andhigherthanthenoisesin thescene.
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Latency 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. Eventhoughamorestate-of-the-artCPUcan

processsuchdataat leastat 30 Hz, the sameproblemwould ariseif a higherresolution

camerais used. In thesecasesimagesubsamplingis neededto reducethe total datathat

mustbe processed.The subsampling-basedmechanismthat we useis a multi-resolution

approach.We searchevery ( pixelsto seeif thereis any bright pixel. Oncewe find any,

wesearchtheneighboringregionof thisbrightpixelusingafinergrid to find any additional

brightpixels.Theassumptionis thattheimageof anLED is largeenoughthatit fallsonthe

roughsearchgrid. Obviously, if the initial coarsegrid is chosento betoo large,we could

missfindingtheLED. Sinceevenwhen ( is setto 2 wecutdown thecomputationby 75%,

andtheLED sizesin theimagesareat least4 pixels,wecanreducethelatency agreatdeal

andnot suffer from losingtrackof theLED. An enhancementto this mechanismis to use

predictionfrom thepreviousframesto guideour searchfor theLED in thecurrentframe.

For LEDs foundin thepreviousframe,their respective velocitiescanbeapproximatedby

simplydifferentiatingthepositionsin thelasttwo frames1. Thisinformationis thenusedto

predictthelocationof theLED in thecurrentframe.Thepredictionlocationsarethenused

astheseedof oursearchin thenew frame.Only theneighboringregionsof thesepredicted

locationsaresearchedinitially, andonly whenthesesearchesyield no LEDs do we fall

backto a full frame(grid-basedmulti-resolution)search.Ourexperimentshave foundthat

onecanuselesssubsamplingwith this enhancementwhenLEDs don’t move fast in the

image,andthusdon’t go in andout of thefield of view of a camerathat frequently. This

meansthatit worksbetterwith wideanglecameras.

Figure2.4showsoneimageseenby acamerawith thedetectedLED locationoverlaid.

Thepredictedlocationandthesurroundingsearchregion is alsoshown.

1Thevelocity estimatedby this simpledifferentiationby a singlecamerais not very accuratedueto all
kindsof noisein themeasuringprocess.A moreaccurateandsmoothvelocity estimatebasedon datafrom
multiplecamerascanbeprovidedby theserver, andwill bediscussedin Section2.2.4.1.
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Figure2.4: An NTSCvideofield from acamerawith two detectedLEDsandtheirpredic-
tion regionsshown in blue. In thenext frame,theclientwill searchin thepredictionregion
first for brightLEDsratherthansearchingthewholeframeexhaustively.

2.2.3 Central state-spaceestimator

In thissectionwedescribethecentralestimatorandhow it estimatestarget3D motionfrom

2Dinformationprovidedby themany featuretrackers.Wewill focusonhow, byemploying

anEKF properly, it canenabletheuseof many asynchronousandheterogeneouscameras,

andhow it supportsthetrackingandlabelingof multiplepoints.

2.2.3.1 Tracking usingasynchronouscameras

In this sectionwe describehow the centralestimatortracksmotion using many asyn-

chronouscameras.It is ableto utilize inputsfrom many suchcamerasby employing the

Kalmanfilter in a non-conventionalmanner. As a by-product,cameraswith heterogenous

parametersaresupportedatsametime. Thissectioncontainsabrief introductionto Kalman

filtering, thenfocuseson our specificway of applyingit to supportasynchronousandhet-

erogeneouscameras.A moreextensive introductionto Kalmanfiltering andthe specific

modelsandparametersusedin oursystemcanbefoundin AppendixA.

The Kalmanfilter is a setof mathematicalequationsthat enablesthe recursive esti-

mationof thestateof a process,givena sequenceof discrete,noisymeasurementsof the

processfrom oneor moredevices.Thefilter requirestheprior knowledgeof two models:

aprocessdynamicmodelthatallowsoneto predictthestateata time instantfrom thestate

at anothertime instant,anda measurementmodelwhich allows oneto predictwhat the

measurementson the devicesshouldbe given the processstate. The filter operatesin a
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predict-updatecycle. At a given time instantwhena measurement(which is a vectorof

multiple scalars)comesin, andgiven the stateat the time instantof a previousmeasure-

ment,thefilter predictsboth the processstateandthe measurementcorrespondingto the

predictedstate.It thencomparesthepredictedmeasurementwith theactualmeasurement

reportedby the devices,The discrepancy betweenthe actualandthe predictedmeasure-

mentsis usedto generatea correctionfor thefilter’s currentestimateof theprocessstate.

Conceptually, thefinal updatedstateis a statethatshouldmapto a measurementthat is a

weightedaverageof thepredictedmeasurementandtheactualmeasurement.Theweights

are inverselyproportionalto the noiselevels in the processmodelandthe measurement

model.Thenoiselevelsof theprocessandmeasurementmodelsaredescribedby a matrix)
andamatrix * , respectively, andarealsoassumedto beknown apriori.

The above is the generalformulationof Kalmanfiltering. Of course,the appropriate

dynamicandmeasurementmodelsmustbe definedfor the Kalmanfilter to be usedfor

a specificapplication. Indeed,it is throughthe definitionof the measurementmodeland

the mannerin which it is usedin the filtering operationthat M-Track is able to support

asynchronousandheterogeneouscameras,anddistinguishesitself from otherKalmanfilter

basedtrackingsystems.

For clarity of discussion,let us just considerthecasewherethe target is just a single

rigid objectwith + LED featurepoints. In this case,theprocessmodelis very straight-

forward: theprocessstateis simply theposition,orientation,andtheir derivatives,andthe

commonconstant-velocity modelis usedto predictthenext state(seeSectionA.3 for the

details).For themeasurementmodel,wefirst needto definewhatshouldbeincludedin the

measurementvector. In thestandarddefinitionof Kalmanfiltering, themeasurementvec-

tor shouldincludethecompletesetof measurementsfrom all devicesfor all featurepoints.

Sinceeachcamerawill reportthe2D locationsin its imageplanefor all of theLEDs, i. e.,.-0/ ��
 -21 ��� -21 �43$343'��
 -65 ��� -75 � , the measurementvectorwould be the ,.- ’s of all cameras

concatenatedtogether, i. e. ,8/ � ,91 � ,;: �434343<� ,.= � where ( is thenumberof cameras.This

meansthatthesystemwouldneedto obtaindatafrom all camerasbeforeanew estimateof

thetarget3D positioncanbecomputed.

In a systemwith multiple synchronouscameras,the above definitionof the measure-

mentvector is appropriate,sincemeasurementsof the point from all of the camerasare
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Figure2.5: Timing diagramsof stateestimatesfrom threeasynchronouscameraseither
by treatingeachsetof measurementsassimultaneous,or preservingthetime information
associatedwith eachdistinctmeasurement.latterapproachresultsin higherstateestimation
ratesandmoreaccurateestimates.

madeandavailableat thesametime. Intuitively, theuseof multiplecamerameasurements

to computea singlepositionestimatealsomakessensebecauseany individual measure-

mentoffersonly partial information.For example,at leasttwo camerasareneededto de-

terminethe3D positionof apoint,andmorethantwo camerasproducesanoverdetermined

systemandprovidesfurthernoisereduction.However, in asystemwith asynchronouscam-

eras,themeasurementfrom eachindividualcameracomessequentially. In this case,there

are a coupleof problemsassociatedwith the useof the measurementvector described

above. Oneis that,sincethesystemhasto wait until measurementsfrom all camerasare

availablebeforeit doesanstateestimate(asshown in Figure2.5),thisresultsin arelatively

low estimationrateandthereforepotentiallydegradedestimationwhenthetargethashigh

dynamics.Anotherproblemis that,sincegroupingmeasurementsfrom differentcameras

into onemeasurementvectorimpliesthatthey aremadeatthesametimeinstant,estimation

errorariseswhensequentialmeasurementsof a moving targetaremathematicallytreated

asif they aresimultaneous.

Given the above concernsandinspiredby the “single-constraint-at-a-time”(SCAAT)
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principle proposedby Welch [88], the estimatorin M-Track usesthe Kalmanfilter in a

“one-camera-at-a-time”manner. Similarto SCAAT, thereis noexplicit notionof the“com-

plete” measurementvector;instead,themeasurementvectorat any onetime is a “partial”

vectorthatincludesasmallsubsetof thecompletepossiblemeasurementset,andthissub-

setis differentat differenttime instants.In contrastto SCAAT, insteadof purposelyusing

onesingledeviceandsourcepair (i. e.oneLED positionfor onecamera)ata timeto com-

puteastateupdate,M-Trackgroupsall 2D LED positionsfor thesamecamera to compute

a stateupdate.Figure2.5 shows that this approachresultsin an increasedstateestimate

rateover that attainableby groupingthe measurementsfrom all cameras.More impor-

tant,measurementsthataremadeasynchronouslyareindeedtreatedmathematicallyin the

Kalmanfilter asseparatenon-simultaneousmeasurements,resultingin moreaccuratestate

estimation.

In orderto do “one-camera-at-a-time”processing,thestandardKalmanfiltering cycle

needsto bemodifiedslightly to accommodatethepartialmeasurementvectorthatcomesin

sequentially. Figure2.6 illustratesthemodifiedKalmanfiltering cycle in M-Track. When

the2D locationsarereportedfrom acamera? , alongwith atimestamp,to theKalmanfilter,

thefilter goesthroughthefollowing steps(giventhepreviousupdatedstateandtimeof that

update):

1. Computetheinterval @BA betweenthecurrenttime andthetime of thepreviousstate

update.

2. Predictthe currentstatefrom the previous state,using the processmodel CD�E@BAF�
which is usuallya functionof @BA .

3. Predictthemeasurementof camera? which correspondsto thepredictedstateusing

themeasurementmodelfor camera? . Notethatsincethemeasurementmodelmaps

3D target positionsonto2D imagelocationsof a specificcamera? , it is dependent

on cameraparameterssuchasits location,orientation,focal length,etc. Therefore,

a differentmeasurementmodelneedsto beusedfor eachcamera,andis denotedasG"H � � � . Themeasurementnoisematrix is alsodependentor parameterizedbasedon

thecameraandis thusdenotedas * H
.
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4. Computethe discrepancy betweenthe predictedandactualmeasurements,andup-

datethestateestimatebasedon thediscrepancy. Theupdatedstateandcurrentmea-

surementtimearerecordedandarepriorsfor thenext filter cycle.

As canbeseenfrom Figure2.6andtheabovedescription,themaindifferencebetween

theKalmanfilter in M-Trackanda standardKalmanfilter is that themeasurementmodel

andpredictionequationsaredifferentin every cycle,andat eachcycle,only partialobser-

vationof theprocessis incorporatedinto thefilter. However, over time thefilter fusesthe

individual incompleteobservationsto provide a globally observablesystem.TheKalman

filter inherentlyprovidesthe meansfor this fusionbecausethe knowledgeof the process

dynamicsandtheprior stateallowstheestimationof thestateevenin thecaseof anincom-

pleteobservation, sincethat observation is usedto merely“correct” the predictionfrom

the processmodel. Throughthe useof a camera-dependentmeasurementmodel
GJI

and

measurementnoise * I
, we canaccommodatenot only camerasthat take measurements

asynchronously, but alsocameraswith heterogeneousparameterssuchasrateandresolu-

tion.

Besidesproviding fasterstateestimationrateandbetteraccuracy, M-Track’s ability to

appropriatelyaccommodateasynchronousandheterogeneouscamerasalsoimpliesbetter

flexibility for theoverallsystem,becausecamerasarenow treatedindividually. Theocclu-

sion,malfunction,or failureof oneor afew of thecameraswouldthereforenotcausefailure

of thewholesystem.Individual camerascanbeactivated,removed,or upgradedwithout

disturbingsystemoperation.No requirementon camerasynchronizationalsomakesthe

deploymentof new systemsor upgradeof existing systemsmucheasier. Moreover, this

formulationfacilitatesthe incrementalcalibrationof the camerasin the system(seede-

tails in Chapter3), whichmakestheadditionof new camerasor reconfigurationof existing

camerasamuchlesslabor-intensiveprocess.

2.2.3.2 Support for tracking multiple independentpoints

In the previous subsectionthe target being tracked is modeledas a single rigid object.

That implies that,eventhoughtherearemultiple featurepointson the target, the relative

positionsof thesefeaturesstayfixedwith respectto thelocal targetcoordinateframe.But
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Figure2.6: Theone-camera-at-a-timeKalmanfilter loop runningon theserver.
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this rigid modeldoesnot work for the casesin which the featurepointsmove relative to

eachother. For examplethey couldbetotally independentLEDs heldby differentpeople;

or whenmultipleLEDsaremountedonvariouspartsof a humanbody, they moverelative

to eachother. In thesecases,a singlepositionandorientationvector is not sufficient to

describethemotion. In orderto beableto track in thesecases,we have chosento model

thetargetsimplyasmultipleindependentpointsmoving in 3D,eachpointhaving aposition

andvelocityvectorassociatedwith it. While pointsarenot reallymoving independentlyin

the full bodytrackingexample,andthemotion is modeledasthatof anarticulatedfigure

asin muchof theliterature[12, 37, 69,54,26,51, 25, 58,72,10,24, 45], we still usethe

multiple-pointmodelbecausethealgorithmto trackis simplerandfaster, andadequatefor

real-timetracking.Thefocusof thisthesisis toaddressthesystem-relatedissuesassociated

with scalingareal-timetrackingsystemto many cameras.Weconsidertheemploymentof

morecomplicatedtargetsasanorthogonalissueandfuturework.

Now we describehow thecentralestimatoris adaptedto trackthemotionof multiple

independentpoints. First notethat, if we know a priori how many pointsthereare,and

assumingthey don’t disappear, trackingthemis verystraightforward.Eachsinglepointhas

a statevector(with positionandvelocity only) KML / �2N'LO�MPN'LQ� , andthe full statevector

is theconcatenationof all + points.We canbasicallyusethefilter algorithmdescribedin

AppendixA.3 for trackingarigid object,exceptthatthereisnoneedtomaintainorientation

information.

However, in someapplicationsthepointscanappearanddisappearfrom thescene,and

trackingin thesesituationsis morechallenging(seeSection2.3.2).At everyfilter cycle,we

needawayto detectwhethernew pointshaveappearedand/orold pointshavedisappeared.

Wehandlethis in thedataassociationstepin thefilter cycle.

As describedin AppendixA.3, at thedataassociationstepwe matcha setof observed

2D dotswith a setof predictedpoints. (In the next few paragraphswe use“dots” to im-

ply they areactualobservationsand“points” to imply their arepredictedfrom theinternal

modelof thefilter.) Themulti-point caseis differentfrom the rigid bodycasein thatwe

may not alwaysfind a matchfor all dotsor points. A newly appeareddot will not have

a correspondingpoint becausethe filter is not awareof it; anda predictedpoint may not

have a correspondingdot becauseeitherthatLED hasbeenoccludedtemporarilyor it has
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completelydisappearedfrom the scene.In orderto detectthesecases,we introducethe

notion of verify region of a predictedpoint. More specifically, no predictionis perfect

andthusevery point hassomeerrormargin associatedwith it. The2D region wherethat

predictedpoint is considered“valid” is calledthe verify region of that point. If a dot is

insidetheverify region of a point it is considered“valid” andis a potentialmatchfor that

point. Thisregionis usuallymodeledasanellipsethathasasizedependentontheerrorco-

variancematrix R andmeasurementJacobianS (see[5] for its mathematicalexpression).

Intuitively we canthink of it asthe2D projectionontothecameraimageplaneof the3D

errorellipsoidof the featurepoint positionin space.If therearemultiple “valid” dotsfor

a point, thedot that is closestin distanceto thepoint is chosento bethematch.We repeat

this processfor every point andat theendareleft with a bunchof unmatcheddotsand/or

unmatchedpoints.

An unmatcheddot is a potentialnew point to trackandthefilter passesit backto the

callingapplication.If theapplicationconfirmsthatit is actuallyanew pointandinitializes

its positionandvelocity, the filter expandsits internalstatevector K to includethe new�2NT�<UN
� elements. In this way, a new point is addedto the model of the Kalman filter.

An unmatchedpoint canpotentiallybe deleted. However, it could be dueto temporary

occlusionratherthandisappearancefrom the scene. The filter simply passesit back to

the application,and it is the application’s responsibilityto distinguishbetweenthe two

cases.Usuallytheapplicationsetsa time-outthresholdanda point thathasnot beenseen

(i.e. matched)for a periodlongerthanthe time-outthresholdis consideredgone,andits

correspondingpositionandvelocity elementsaredeletedfrom the Kalmanstatevector.

Note alsothat, asa free by-product,pointsthat have disappearedfor lessthanthe time-

out thresholdwill bekept in thefilter andtheir stateswill continueto bepredictedby 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 describethecommunicationbetweenthe2D imageprocessingprogram

(whichwecall the“client”) andthecentralestimator(the“server”).

2.2.4.1 Communication protocol

The network topologybetweenthe clientsand the server is logically a “star”. Eachof

multipleclientsprocessesavideostreamfrom acameraandcommunicateswith onecentral

server. Informationis passedbetweenthe client andserver via TCP/IPpacketsover the

Ethernet.Eachclient/camerahasauniquename;whenanew clientmakesaconnectionto

theserver, it needsto tell theserver its name.Theserver maintainsa list of currentclients

to which it is connected.Whentheserver is running,new clientscanjoin andold clients

candisconnect,without restartingtheserver.

In normaltrackingsituations,thesignalflow is oneway from theclient to theserver.

Packetssentfrom a client to theservercontain2D featureinformationsuchasthenumber

of observedfeatures,their locations,sizes,andthetimewhenthey areseen.(In thecaseof

heterogeneouscameras,parametersof individual camerasalsoneedto besentfrom client

to the server at systemstartup.) Although this is sufficient to enablethe tracking func-

tionality of thewholesystem,this simpleprotocolhaslimitationswith respectto making

the systemsufficiently robust andpractical,especiallywith many clients/camerasphysi-

cally spreadover a wide area. For example,sometimesthe thresholdfor the 2D feature

detectionprocessneedsto beindividually adjustedfor differentcameras.It would bevery

time consumingto log onto variousmachinesanddo that oneby one. More important,

theclient couldalsobenefitfrom informationonly availableat theserver, suchasthe3D

velocity of the target, which could be usedto direct a 2D featuresearch,suchasfor 2D

positionpredictionasproposedin Section2.2.2.Basedon theseconsiderations,we make

thecommunicationtwo-way andallow theserver to sendinformationbackto theclients.

In thecurrentM-Track implementation,theserver cansendcommandssuchas“restart”,

“increase/decreasethreshold”,“sendme raw video ratherthan2D features”,etc. Conse-

quently, theinformationthataclient sendsto theservercanvarydependingon theclient’s

stateandwhattheserver requests.Figure2.7 lists someof thecommandsor requeststhat
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Figure2.7: A snapshotof the“client command”menuof theserver, which lists thecom-
mandsthata servercansendto a client.

aservercanissueto aclient. For amorespecificexample,seeFigure2.8.Notethatpartof

this picturemaylook muchlike Figure2.3,but theimportantthing to keepin mind is that

thisthresholdinformation,whichbelongsto aclient,is now availableandadjustableonthe

serverside.Also, asmentionedin Section2.2.2,the3D velocityestimatesprovidedby the

Kalmanfilter on theserver couldbesentto theclient for predictingthe2D LED locations

andreducingthelatency in 2D featuredetection.

2.2.4.2 Timing issues

As describedin Section2.2.1,wehavemadetheconsciouschoiceof notsynchronizingall

of thecameras.As a result,observationsfrom differentcamerasarenot necessarilymade

at thesametime,but thedynamicmodelin theKalmanfilter keepsthemcorrelatedin time.

However, theuseof theKalmanfilter doesrequirethatall sampleshavea universalnotion

of time, e. g. the client andserver programsneedto have the sameclock. This enables

measurementsamplesto beaccuratelytime-stamped.In addition,becausecommunication

betweentheclientsandtheserver is TCP/IPbasedandon thelocal areanetwork, packets

from differentclientsmight arrive at the server out of order. In this sectionwe describe
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Figure2.8: A snapshotof theserver’svisualizationmodule,whichupdatesandvisualizes,
in real-time,all kindsof informationthat theserver has. In normaloperatingmode,each
small subwindow of the top part of the window correspondsto a camera,with camera
namesshown as“Kate.fin”, etc. Eachsubwindow shows its detectedfeaturelocationson
theimageby thesmallcoloreddots.Thegrayareais thenon-activeareaof thescreen,and
the big squarein the bottomhalf just shows the zoomed-inview of a particularcamera.
But theserver canalsorequesttheclient to sendotherkind of dataaswell. In this case,
the thresholdinformationon theclient siderepresentedby a scanline.Thered line is the
capturedbackground;thegreenis theper-pixel thresholdbasedgiventhebackgroundand
thresholdingalgorithm;andtheblueis thecurrentvideoscanline.Notethatthebluepeak
correspondsto thebright featurepoint thatcorrespondsto thecyandot shown in thesub-
window named“Kate.fin”.
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how wehandlethesetwo issues.

Keepingtime universalonall computers Mostof ourclientsrununderUNIX andsome

of themrununderWINDOWS.Onbothof thesesystems,somepublicly availableprogram

implementingtheNetwork TimeProtocol(NTP)[67] canberun,ideallyto adjusttheclock

on thecomputerwith respectto somestandardtimeserver. However, ourexperimentsand

measurementsshow that even thoughthe clock of mostclientscanbe kept within 10ms

of theothers,someclient clocksstill drift muchfasteror slower thantherestof theclient

clocks. Sincein the Kalmanfilter we only processthe mostrecentpacketsanddrop the

“out-of-date”packets,averyslow client clockwill causethedatafrom thatclient to never

to beused,anda very fastclock will advancethenotionof time in thefilter too fastand

causedatafrom othernormalclientsto seemold andgetdropped.In bothcases,datafrom

certaincameraswill nevergetused,anundesirablephenomenonthatwecall starvation. To

correcttheclockdrift, wehaveaseparatetimedaemonrunningon theserver. At run time,

eachclientperiodically“asks”theservertimedaemonwhattimetheserverthinksit is, and

basedon that,estimatesits time drift with respectto theserver. This valueof thedrift is

thenaddedto subsequenttimestampsonall of theobservationsthatthisclient reports.We

have verifiedin practicethat this approachhasresultedin higherutilization of client data

andhaspreventedcamerastarvation. As anexample,Figure2.9shows thetime offsetsof

packetsfrom variousclientsfrom thecurrentserver time,with or without thecorrectionof

clockdrifts. It canbeseenthatthevarianceof timestampsaremuchreducedwith thedrift

correctionandthereis noclient starveddueto aconstantclockdrift.

Handling of out-of-order packets Evenif theclockson all of theclient computersare

perfectlysynchronized,packetsfrom differentclientscanstill arrive at the server out of

order. Thiscouldbedueto unevennetwork traffic delays,or couldbedueto acertainclient

computerbeingloadedandthushavingslow processing.A clientthatis consistentlyslower

(evenslightly) thananothercanstill starve, dueto the fact that the server only processes

the most “current” packet, wherethe notion of “current” is definedby the most recent

timestampof a client packet received by the server. Thereareseveral waysof handling

theseout-of-orderpackets. Onesimplesolutionis to have a reorderbuffer. As illustrated
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(a)

(b)

Figure2.9: Effect of drift correction.They-axisdenotesthe relative offsetof a packet’s
timestampgivenby theclient from thecurrentserver time (a) without drift correctionand
(b) with drift correction.Thex-axisdenotesthetimesincethestartof ourexperiment.Be-
causetheserver alwaysusesthemost“recent”packet atany time instant,only thepackets
thatareat thebottomof eachgraphareusedby theserver to estimatetargetmotion. In (a)
it canbeseenthatclientshaveconsistanttime drift from eachother, andsinceoneclient’s
clock is alwaysmuchaheadof theothers,packetsfrom thatclient would alwaysgetused
andotherclientswouldbestarved.And in (b), afteremploying drift correction,nocamera
is consistantlyaheador behindothers,anddatafrom all camerashaveachanceto getused.
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Figure2.10: A reorderbuffer canbe utilized by the server to sort the packets by their
timestampsfrom theclientsin orderto preventcamerastarvation.

in Figure2.10,theserver readsthe lastpacket from eachof theclient queues,sortsthem

by time,andfeedsall V to theKalmanfilter. This approachpreventsthecamerastarvation

problemandincreasesdatautilization,but introducesadditionallatency. Sincethepackets

arefed to thefilter in a “batched”way, it takesthefilter longerto processthewholebatch.

Whenthefilter getsto theendof thebatch,asignificantamountof timehasalreadypassed

and the dataat the endof the batchis already“old”, resultingin more inaccuratestate

estimates.In this situationthereis usually alreadya new samplein the queuefor that

camera,andwe would like to usethe mostup-to-datesampleif possible.Thus,another

alternative is, insteadof readingandprocessingdatafrom all availableclientqueuesevery

time, to randomlypick a cameraandonly readandprocessdatafrom thatcamera,unless

thereis nodatafrom thatcamera(becausethetargetis not in its field of view) andwepick

anotherone. On averagewe will usedatafrom all cameras.Becauseonly datafrom one

camerais fed to thefilter, it takesthefilter significantlylesstime to process.Thefilter is

thereforemorelikely to be ableto keepup with the processingload. This approachhas

beenverified in practiceto sufficiently improve datautilization, avoid camerastarvation,

andresultin lesslatency.
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2.3 Applications

2.3.1 3D headtracking for the Interacti veMural

In thisapplicationweuseM-Trackto tracktheheadpositionof auserto drivetherendering

of a 3D graphicsdisplaysystem.TheStanfordInteractive Mural is a largeformatdisplay

that is drivenby a high performancegraphicsengine[33, 32]. It candisplayboth2D and

3D contentin high resolution.In orderfor theuserto havea morerealisticandimmersive

feel of the 3D content,it is preferableto renderthe 3D modelfrom the point of view of

theuser. To enabletrackingof wheretheuseris in 3D, theuserneedsto weara hatwith

someLEDs attached,asin Figure2.11. Tencamerasaremountedon theceiling to cover

thespacein front of theMural, asshown in Figure2.12.Thecamerasareplacedandsetso

that theareacloseto theMural screenis coveredwith higherresolutionthantheareathat

is fartheraway from thescreen.Thereasonfor this is thata changein theuser’s position

would requireamuchlargerchangeon thedisplayif theuseris closerto thescreenthanif

he/sheis fartheraway. For example,thedisplayedcontentsaremoresensitive to theuser’s

positionchangein thenearregion. Therefore,thecamerasarearrangedto take thisuneven

sensitivity into account.

We model the user’s headasa singlerigid objectwith W featurepoints,andusethe

Kalmanfilter describedin SectionA.3 to track its positionandorientationasusermoves

in front of the Mural. This informationis thensentto a 3D renderingprogramthat will

renderthe 3D scenefrom the point of view of the reportedviewer position,asshown in

Figure2.13.Eachcamerais samplingthesceneat up to 60Hzandthelatency betweenthe

digitizationof thevideoto theoutputof theuser’spositionis about30ms.Thisapplication

demonstratesthepotentialfor sucha real-timetrackingsystemasaninput technologyfor

virtual reality.

2.3.2 LumiPoint

LumiPointis anotherM-Trackbasedinputsystemfor theInteractiveMural. Thehigh res-

olution of theMural display(3796pixelsby 1436pixels)enablesthedetaileddisplayand
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Figure2.11: A videoframefrom a camerashowing a personwearinga hatmountedwith
bright redLEDs.

(a)

(b)

Figure2.12: Camerasetupfor headtrackingfor the Interactive Mural. (a) A pictureof
the physicalsetupon the ceiling in front of the Mural; (b) A plan view visualizationof
locationsandorientationsof thecameras.
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Figure2.13: A user’s headpositionis beingtrackedto drive thedisplayof a “virtual mu-
seum”applicationon theInteractiveMural.

(a) (b)

Figure2.14:Colleaguescollaborateon,andinteractwith, awall sizevisualizationsystem.
In theright image,multipleusersusea laserpointerasa pointing/writingdevice to jointly
solvea jizzaw puzzlethroughtheLumiPointsystem,whichcantrackmultipleindependent
tracesof thelaserpointers
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Figure2.15: Laserpointersareusedasinput deviceson a wall sizedisplay. An arrayof
camerasandCPUsplacedbehindthescreendetectstheprojectedlaserspots.Information
from individual camerasis aggregatedinto a streamof strokesby the centralestimator.
Finally, filtereduserinput is providedto visualizationapplications.

explorationof complex datasets;thelargephysicaldisplaysurface(6 ft. by 2 ft.) accessi-

bleby agroupof peoplemakessharingandcollaborativeinteractionwith thedatapossible.

LumiPoint is an input systemthat is designedspecificallyfor multi-usercollaborationon

sucha largeformatdisplay. It allows any numberof usersto interactsimultaneouslywith

thelargedisplay, andscaleswell with displaysize,resolutionandnumberof users.

In thissystem,eachindividualusesalaserpointerto directlymanipulatedatadisplayed

on thescreen.Camerasorientedtowardsthedisplaysurfaceobserve all laserspotson the

displaydirectly. Eachcamerais connectedto a CPU that digitizes the incomingvideo

streamsand finds all laserspot locationswithin the camerafield of view at eachtime

instant. This datais communicatedto a centralestimatorthat determines,basedon time

coherenceandmotiondynamics,whetherthe laserspotis thebeginning,continuationor

end of a stroke. A stroke is the continuouspath of a laserspot on the displaysurface

from the appearanceof the spotto its disappearance.This information,togetherwith an

estimateof theposition,velocityandaccelerationof eachactivestroke,areavailablefor use

eitherdirectly by a visualizationapplicationor indirectly after interpretationby a gesture

recognitionmodule.An exampleof how severaluserscancollaborateusinglaserpointers

ontheMural is shown in Figure2.14.Thefactthatalaserpointeris by definitionapointing

device,andthatit is usuallyshapedlikeda pen,makesit a naturalandintuitivedevice for

interactionwith awall-likedisplay.
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Theoverall hardwareandsoftwarearchitecturebehindLumiPoint is basicallytheM-

Trackarchitecture,with multipleimage-spacedetectors(onefor eachcamera)andacentral

estimator, asshown in Figure2.15. The only differencelies in the specificmodelsand

algorithmsusedin thecentralestimator.

First of all, comparedto the 3D rigid object trackingexample,the statevectornow

containsjust thepositionandvelocityof thelaserspoton the2D screen.Sinceeachcam-

eraclienteffectively measuresthe2D quantitydirectly2, thematrix S in themeasurement

modelin equation(A.2) is trivially theidentitymatrix,asopposedto thenon-linearprojec-

tivemappingin the3D rigid objectcase.

The secondissuethat we needto addressis the supportof multiple users. By using

thedataassociationtechniquespresentedin Section2.2.3.2for automaticallyaddingand

deletingpoints,thecentralestimatoris ableto reportto theapplicationsstroke-begin and

stroke-endevents,aswell asthe currentlocationsof the continuingstrokes,asshown in

Figure2.16.However, how dowedistinguishandsupportmultipleusers?

Our earlymulti-userapplicationstendedto assumethateachuserwould be identified

uniquelybasedon laserpointercolor. Wehavebothredandgreenlaserpointers,andaddi-

tionally experimentedwith makinglight pensfrom a varietyof LED colors.While this is

themoststraightforwardwayto retrofitexistingsingleuserapplications,many interactions

do not actuallyrequireknowledgeof which physicalpointeris actively in use.Rather, the

context within whichthestrokesareplacedin theapplicationis of primaryimportance.For

example,theremaybeno needto identify which userselectedanoptionfrom a menuor

editedadocument,only thattheactionoccurred.Furthermore,someinterfacetechnologies

arefundamentallycontext free.For instance,Bier et.al. [8] discussedclick-through-tools.

This interactiontechniqueexplicitly replacesthestandardusertool palettewith on screen

transparentlensesthat affect underlyingdatawhena userclicks on them. Additionally,

evenwhenapplicationsstorecontext suchaspreferencesona peruserbasis,physicaltags

maynotbetheonly wayto disambiguatecontext. For instance,Rekimoto[70] usestempo-

ral coherenceof strokesto determinewhichof severalidenticaluserstyluseshasgenerated

astrokeon thewhiteboardin thePick-and-Dropsystem.

2To put it moreprecisely, the image-spaceclient reportsthe2D locationof the laserspotin thecamera
imageplane,but the conversionfrom cameraimagecoordinatesto the screenis simply a linear mapping
calledhomography(a3x3 matrixmultiplication),which is pre-measured.
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Figure2.16:Thecentralestimatorassociateslaserpointsobservedby thetrackingsubsys-
temwith pointspredictedby existingKalmansystems(strokes).Matchedpointsrevisethe
relevantstrokestate,while unmatchedpointscausestrokesto beaddedor deleted.

Giventhevarietyof userinteractionmethodologiesavailableto applications,we aban-

donedtheassumptionthata physicalidentifier is required.Currently, in additionto laser

color eachevent is taggedwith an ID field, indicating to which stroke it belongs. Al-

thoughtheuserapplicationmaynotknow from whichphysicallaserpointerastrokeorig-

inates,userapplicationscanresolve consistentclick anddragsequences,evenwhenmul-

tiple strokesof thesamecolor areactive in a singleregion of thework space.Currently,

whenmultipleusersinteractusingoursystem,theprimarymodalityis with redlaserpoint-

ersonly. More detailson thedesign,implementationandperformancediscussionscanbe

foundin [23].

To summarize,the LumiPoint applicationdemonstratesthe potentialof M-Track to

supportmulti-targettracking.
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2.3.3 Simultaneousbody and facemotion capture

In many situationsit is desirableto capturedetailedmotionembeddedin a largevolume.

For example, in the entertainmentindustry, the capturedbody motion as well as facial

motionof anactor/actresscanbeusedto drive theanimationof a virtual figure. However,

due to the fundamentaltrade-off betweenthe field of view and resolutionof a camera,

currentcamera-basedmotion capturesystemscanusuallyonly operatein onescale. In

other words, camerasare either spreadout to capturethe body motion; or they are set

to be morecloseup to capturea person’s facial motion. Moreover, while capturingthe

facial motion, the actor’s headcanonly move within a very small region and in a very

restrictedway, sothatcamerascanseethewholeface.Thisrestrictivemechanismfor facial

capturinglimits thepossibilityof acquiringrealisticfacialmotionbecausecertainmotions

will only occur when the actor can move and act freely in a larger volume. Recently

therehave beena few examplesof foveated3 systemsin which oneor multiple steerable

pan/tilt/zoomcamerasare guidedto follow the moving object and zoomedin onto the

interestedportionof theobject[66, 6, 9, 30,20,73]. However, thelocationof themoving

objectwithin the large working volumeis eithermanualandrelieson a humanoperator

(suchastheEyevision systemusedin broadcastingthe2001Superbowl [81], or is based

on2D informationfrom anothersinglewide-anglecamera,which tendsto oftenlosetrack

of thetargetdueto occlusionin thescenewhile thetargetis moving.

We have developeda new 3D model-basedmixedscalemotion recovery system,that

cansimultaneouslytrackthemotionof a humanbodyin a wide areaandcapturetheper-

son’s facialmotionwhile he/sheis moving. An overview block diagramof this systemis

shown in Figure2.17.A multi-camera,wide-areasubsystemtrackstheLED featuresonthe

target’s bodyandreportstheir 3D positions.Basedon this information,thefoveatedcam-

eracontrol subsystemdetermineswherethe pan/tilt/zoomcamerasshouldbe pointing at

andsteersthemasrequired.Videostreamsfrom thesefoveatedcamerasarethenrecorded

andanalyzedto recover theperson’s facialmotion. Thedetaileddesignprinciples,issues,

solutionsandperformanceevaluationof thissystemarethesubjectof aseparatedocument

[22, 21]. Whatwe would like to point out hereis that theM-Trackarchitectureis usedto

3Theword “foveated”comesfrom “fovea”,which is a small rodlessareaof theretinathataffordsacute
vision. It is usedto describetrackingsystemsthatprovideasmallbut high-qualitysub-workingvolume.
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Figure2.17:Overview of themixedscalemotionrecoverysystem.M-Trackis usedfor the
large-scalemotionrecovery.
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Figure2.18: Simultaneousfaceandbodymotionrecovery usingour mixedscalesystem.
M-Track providesthe wide areatrackingfor body motion andthe roughlocationof the
person’s head.Pan-tilt-zoomcamerasarethenguidedto point to thetheperson’s faceand
recordthe facial movementin higherresolution. Recordedvideo streamsfrom multiple
pan-tilt-zoomcamerasarelateranalyzedto recover thefacialmotionof theperson.
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build thewide-areasubsystemto trackthevariousLED featurepointsontheperson’sbody.

Themultiplecamerasnotonly providewidecoveragerange,but alsoreducethelikelihood

of total lossof track of the target causedby occlusion. This is morerobust thanthe 2D

basedfoveatedsystems.Furthermore,usingtheExtendedKalmanfilter andits ability to

trackmultiple pointsandmaintaintheir time correspondence,we areableto “lock” onto

a particularfeature(say, the LED on the person’s head),andhave an automaticway to

directtheguidablecameras.In addition,becausewe have a dynamicmotionmodelin the

centralestimatorof M-Track,thepositionandvelocityestimateof thetargetis usedby the

foveatedcameracontrolunit to predicta futuretarget locationfor thefoveatedcamerasto

look at, in orderto compensatefor the latency in physicallysteeringthecamerasto their

desiredconfigurations.Figure2.18showsanexampleoutputof thismixedscalesystem.

2.4 Discussion

M-Track is anscalablearchitecturespecificallydesignedto do real-timemotion tracking

with a largenumberof asynchronous,possiblyhomogenouscameras.It usesmany client

CPUstoperform2Dmageprocessingdistributedly, andusesacentralserverto integratethe

2D informationfromtheclientsandestimatethetargetmotion.Thecentralestimator, based

on extendedKalmanfiltering, is not only ableto incrementallyassimilateasynchronous

inputs,but alsoable to track multiple featuresandenablethe continuousandautomatic

labelingof thesefeaturesoncethey arelabeledin the initial frame. Thecentralestimator

also allows the continuoustrackingeven when somefeaturepoints are temporarilyoc-

cluded.Threeend-to-endVR andmotioncaptureapplications,namelytheheadtracking,

LumiPointandsimultaneousbody/facecapture,areimplementedto demonstratetheeffec-

tivenessof thearchitecture.Thenumberof camerasusedin thesethreeapplicationsrange

from 8 to 26,all of themareasynchronous.In bothLumiPointandsimultaneousbody/face

captures,therearemultiple independenttarget pointsappearinganddisappearing,either

dueto occlusion,or dueto theuser’s consciousactivationanddeactivation. And M-Track

cantrackall of themreasonablyreliably. Thefact thatM-Trackis ableto trackall targets

accuratelyandrobustly enoughto enablethefulfillment of thefinal taskdemonstratesthe

validity andeffectivenessof thearchitecture.



Chapter 3

Calibrating Distributed Camera

Networks

3.1 Intr oduction

Many applicationsof trackingandobservationrequireoperationovera wide area,suchas

monitoringthe traffic flow of vehiclesin a parkingstructureor peoplein a building. In

suchcases,asinglecamerais unlikely to besufficient. Rather, anetwork of interconnected

camerasis required,eachof which functionsover only a smallsubsetof thetotal area.In

orderto build sucha system,oneimportantissuethatmustbeaddressedis calibrationof

the camerasinto the sameglobal coordinatesystem. In this chapterwe addresscamera

calibrationin awideareasensingenvironment.Wideareasystemcalibrationis muchmore

challengingthancalibrationof a singlecamera. In singlecameracalibration,the usual

methodinvolvesplacementof a carefully instrumentedcalibrationtarget in the field of

view. Basedon correspondencesbetweenknown 3D featureson the target andtheir 2D

locationsin the image,calibrationcanbe obtained.If multiple camerasareactive in the

sameworkingvolume,theneachcanbecalibratedindividually usinganidenticalprocess.

The caseof wide areacalibrationintroducesa numberof difficulties. Cameraseach

cover only a smallsubsetof thetotal working volume. A calibrationtargetcanbemoved

sothateachcamerais calibratedseparately. However, theusualmethodfor globalcalibra-

tion acrossall camerasrequiresknowledgeof all calibrationobjectpositionsin acommon

48
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referenceframe. This is difficult to obtainwithout expensive instrumentation.The syn-

chronizationof camerasassumedby the usualmethodposesan additionalproblem. In

large systemswith many heterogeneouscameras,it becomesdifficult to ensurethat all

camerasrecordobservationsatexactly thesamemoment.

In this chapterwe introducea methodthat calibratesa systemof asynchronouscam-

erasinto a singleglobalcoordinatesystemwithout requiringphysicalmeasurementof the

positionof a calibrationobject.A roughestimateof eachcamera’s pose(i.e. locationand

orientation)is obtainedusingstandardstructure-from-motiontechniques.Theroughcam-

eracalibrationcanbeusedto trackthepathof a point moving throughtheentireworking

volume. This pathdefinesa virtual calibrationobject,which canbe usedto improve the

estimateof cameraposein theglobalcoordinatespace.Iteratingtheaboveprocessresults

in convergenceto a preciseestimateof cameraposeaswell asthepoint pathdefiningthe

virtual calibrationobject.Weevaluateourmethodby comparingit to traditionalcalibration

techniques.Furthermore,wedemonstrateits effectivenessin wideareasettingsby calibrat-

ing a multi-cameraindoortrackingsystemwherecamerascover disjoint viewing regions,

amorechallengingsituationwheretraditionalmethodscannotbeeasilyapplied.

The restof the chapteris organizedasfollows. Section3.2 providesbackgroundand

discussespreviouswork. Section3.3describesourproposedmethodandSection3.4gives

experimentalresultsfor relevantapplicationscenarios..We summarizein Section3.5. (A

conciseversionof thischapteris publishedin [15]).

3.2 Background

3.2.1 Basisof traditional cameracalibration

Cameramodel

Sinceoneof thegoalsof computervision is to performmetricmeasurementsfrom images

which areacquiredusingcameras,it is importantto have quantitative modelsfor these

measurementdevices. One model, called the pinholecameramodel, is widely usedin

computervision andits measurementmechanismcanbeeasilymodeledbasedon simple

geometry.
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Figure3.1: Thepinholecameramodel.Thefocalplane \��^]�_�� is theplanethatgoesthrough
cameracenter̀ andis parallelto theretinal(image)plane \�a�]���� . Thedistanceb between
thetwo planesis calledthefocal length.An arbitarypoint c in 3D spacewith coordinates\��^]�_']4d.� is projectedthrough̀ ontotheretinalplanewith imagecoordinates\�a�]���� .

The pinholecameramodel is depictedin Figure3.1. It consistsof a plane e called

the retinal planeor image plane, in which the imageis formed,anda point (pinhole) ` ,

calledthe optical center, locatedat a distanceb from the retinal plane. For an arbitrary

point f in 3D space,its image� in theretinalplaneis formedby theintersectionof the

line gh`i]4f � with theplanej . b is calledthefocal lengthof theopticalsystem,andthe

planegoingthroughtheopticalcenterC andparallelto j is calledthefocalplane.

Thelocationof point f in 3D spacecanbedescribedby its coordinates\��^]�_�]4dk� rela-

tive to some3D world coordinatesystem. Thelocationof its image� in theimageplane

canbedescribedby its coordinates\�a�]���� in some2Dcoordinatesystemontheimageplane.

Thecamerameasurementprocesscanbeviewedasamappingfrom 3-D spacecoordinates\��^]�_']4d.� to 2D imagecoordinates\�a�]���� , andcanbedescribedmathematicallyaslmmn op qsruttvxwzy
lmmmmn

� _ d { ruttttv (3.1)
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and wherevector the \ o ] p ] q �}| is called the homogeneouscoordinatesof a 2D image

pointandthevector \��^]�_�]4d~] { �}| is thehomogeneouscoordinatesof a3D point. Thedetails

and origins of homogeneouscoordinatesare beyond the scopeof this brief tutorial. It

sufficesto know that they are intermediatequantitiesto useso that a linear relationship

existsbetweenthem,asshown in Equation(3.1). Theactual2D imagecoordinates\�a
]����
arethencomputedfrom \ o ] p ] q � usingtherelations

a w o�� q
, � w p�� q

if

q��wh� (3.2)

In theabove formula, y is a ����� matrix calledtheprospectiveprojectionmatrix and

canbeviewedastheproductof two matrices.ThereforeEquation(3.1)canbewrittenaslmmn op q ruttv w����
lmmmmn

� _ d { ruttttv (3.3)

whereK is an ����� matrix describingthe positionand orientationof the camerawith

respectto the world coordinatesystem,andH is a ����� matrix with elementsthat are

functionsof cameraparameterssuchasthe focal length,centerof the imageplane,etc.

Theseparametersdonotdependonthepositionandorientationof thecamera,andarethus

called intrinsic; andby contrast,camerapositionandorientationdescribehow the local

cameracoordinatesystemrelatesto a global (external) coordinatesystem,and thus are

calledtheextrinsic parameters.A cameracanbeconsideredasa systemthatdependson

boththeintrinsicandextrinsicparameters.

Cameracalibration

Cameracalibration is theprocessof estimatingtheintrinsic andextrinsic parametersof a

camera,i. e.estimatingmatrices� and � andtheirassociatedparameters.Muchprevious

work hasfound that intrinsic calibrationis bestperformedon camerasindividually since

it is not dependenton the globalcoordinatesystem.Many calibrationmethodsexist that

areappropriatefor asinglecamera,suchasthoseproposedby Tsai[84] andHeikkila [36].
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After theintrinsicparametersaredetermined,how to find theextrinsicparametersof each

camerain awaythatis globallyconsistentis thefocusof therestof thischapter. Therefore,

it will beassumedthatintrinsiccalibrationhasbeencompletedfor all cameras.

Mathematically, extrinsiccalibrationisquitestraightforward:accordingtoEquation(3.3),

andgiventhat � is alreadyknown, aslong aswe know enough3D points \�����]�_���]4d���� and

their correspondingimagecoordinates\�a���]��k��� , we cansolve for � usingeitherlinear or

non-linearparameterestimationtechniques.

However, in practice,the questionis how to obtainthe setof known 3D coordinates

easily. Traditionally, this usuallyinvolvesbuilding a so-calledcalibration object thathas

(visually) detectablefeaturepointsandphysicallymeasuringthe locationsof the feature

pointsrelative to thelocal objectframesin advance.To calibratea camera,thecalibration

objectis placedin front of thecameraandapictureis taken.The2D coordinatesof thefea-

turespointsin theimagearethenlocatedandcorrespondencesto their 3D coordinatesare

found.Now thatwehavea setof 3D to 2D correspondences,regularparameterestimation

techniquescanproceedandtheextrinsicparameterscanbedetermined.

Note that, becausethe 3D coordinatesof featurepointsaremeasuredrelative to the

objectcoordinateframe,thesolvedcameraposition/orientationarealsorelative to thecal-

ibrationobjectframe. Therefore,whentherearemultiple cameras,the calibrationobject

mustbeplacedat a locationwhereall camerascanseeit, andthesolvedcameraposesare

all relative to theobjectcoordinateframe.Notealsothat,thelargerthenumberof feature

points is andthe morespreadout the featurepointsarein the working volume,the bet-

ter the likelihoodis of goodcalibrationdueto lessneedfor dataextrapolation,which is

numericallymoreunstable.

Challengesof scalingto wide areacalibration

The basiccalibrationtechniquesdescribedabove have parts that involve somemanual

work, suchasbuilding physicalcalibrationobjectsand/orphysicallymeasuring3D point

locations. The amountof manualwork may be acceptablewhenthe numberof cameras

to be calibratedis small; however, it becomesunmanageableas the numberof cameras

grows. Moreover, whencamerascovera wideworkingareaandall of thecamerasneedto

becalibratedwith respectto a singlecoordinateframe,thereareadditionaldifficulties,as
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Calibration object

Figure3.2: Camerasettingswith differentlevelsof difficulty for calibration.Left: asimple
multi-camerasettingwhereit is easyto build andplaceacalibrationobjectthatall cameras
cansee;Right: An L-shapedcamerasetupis not soeasyto calibrateusingthetraditional
calibrationprocedure– eithera largeobjecthasto bebuilt, or adiitionalrelative positions
of multiplesmallercalibrationobjectsneedto bemeasured.

describedbelow.

As mentionedbefore,calibratingmultiplecameraswith respectto onecoordinateframe

requiresthatthecalibrationobjectbeplacedsothatit canbeseenby all cameras.It is also

desirablethatthefeaturepointsof theobjectspanasmuchof theworkingvolumeaspossi-

ble. This is feasiblefor acamerasetupasshown ontheleft in Figure3.2.But for acompli-

catedwideareasettingsuchastheL-shapedcorridorshown on theright in Figure3.2,the

constructionof a large calibrationobjectthat all camerasin the working volumecansee

would becostlyandcumbersome,andwould not beportablewhentheshapeandsizeof

theworkingvolumechange.Multiple smallercalibrationobjectsspreadacrossthevolume

canbeusedone-by-oneto calibratesubsetsof thecameras,but to determinetheglobalco-

ordinatesof eachobject,onewouldhave to measuretherelativepositionsof theseobjects.

This canbea non-trivial andcumbersomeprocess.Onecouldalsousea smallercalibra-

tion objectandmoveit around,but similar to themultiplecalibrationobjectapproach,one

hasto measurepreciselytheobjectmovementto beableto putall camerasinto oneglobal

coordinateframe. Therefore,moreefficient calibrationschemesneedto bedevelopedto

handlewideareasystems.
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3.2.2 Previouswork

Therehasbeenagreatdealof researchin theareaof accuratecameracalibration.Generally

therearetwo maincategoriesof methods.

Onecategoryof methodsinvolvesthephysicalmeasurementof 3D points.This is usu-

ally donewith acalibrationpattern/objectwhosefeaturelocationsaremeasuredin advance

andthenimagedby thecamera.Featuresareextractedfrom theimage,andthebestfit of

intrinsiccameraparametersandextrinsiccameraposeis obtained.Tsaiproposedawidely

usedmodel,but othermorerobustmodelsareusedaswell [84, 36].

RanderandKanadehavea systemof approximately50camerasarrangedin a dometo

observe a roomsizedspace.In orderto calibratethesecameras,a largeplanarcalibration

object is built andthenmovedpreciselyto several vertical locations,in effect creatinga

virtual calibrationobjectthatcoverstheroom[68]. While this workswell, it canbequite

costlyto ensuretheprecisemovementof acalibrationobject,andit is noteasilyadaptable

whentheshapeor sizeof theworkingvolumechanges.

Theothercategory of methodsusuallydon’t requirethephysicalmeasurementof 3D

point featurelocations.Rather, they try to jointly estimatethe3D featurelocationsaswell

ascameraposes.

Azarbayejaniand Pentlandproposea methodfor calibratingthe relative positionof

cameras[2]. An identifiableobject is waved in front of a synchronizedstereopair of

cameras,andthe per-cameraimagelocationof the objectat eachtime stepis recorded.

A standardstructurefrom motion systemis usedto derive the relative poseof the two

cameras.Their focusis not wide areatracking,andsynchronouscameraswith a common

viewing volumearerequired.

Steinproposesa systemof camerasto trackvehiclesin anoutdoorenvironment[76].

By observingthemotionof objectsin videosequencesfrom multiplecameras,anapprox-

imatecameraposeandtime offsetcanbe recoveredfrom severalasynchronouscameras.

Imagefeaturesareusedto refinethecalibrationestimate.Thissystemrequiresaflat ground

planein all of theimagesandsolvesthehomographyrelatingobjectson this2D plane.

GottschalkandHughesproposeaframework for auto-calibrationin wideareaspaces[31].

Headmountedsensorsobserve preciselytime-division-multiplexedbeaconsmountedon
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theceiling of their UNC lab. Datagatheredfrom thesensorscanbeusedto estimateboth

themoving headlocationandorientation,andto refinethe initially availablepositiones-

timateof the beacons.Like the methoddescribedin this chapter, they alsoemploy the

principleof iterative calibration. Welch later proposeda refinedestimationmethod[88].

However, thehardwaresetupandarchitecturein thatwork is quitedifferentfrom themulti-

cameraenvironmentsthatweconsider.

Thecontributionof thework describedin thechapteris awideareacalibrationmethod

that addressesseveral previously ignoreddifficulties. A large numberof asynchronous

camerascanbecalibratedin a singleconsistentcoordinatesystem.This canbeachieved

evenwhensomecamerasarearrangedwith non-overlappingworking volumesandwhen

noinitial estimateof cameraposeis available.In addition,themethodrequiresnocomplex

instrumentation,andis easilyadaptableto workingvolumesof variablesizeandshape.

3.3 ProposedMethod

An outlineof our methodis shown in Figure3.3. After theseparatecalibrationof intrin-

sic cameraparameters,our methodbeginsby obtaining2D imagecorrespondences.The

pairwiserelative posebetweencamerascanbefoundusingstructurefrom motion. Then,

a unificationprocessbringsthesepairwiserelationshipsinto a singleglobal space.The

roughestimateof globalposecalculatedby theprecedingstepscanbeusedto initialize the

following iterative procedure.A 3D traceof anobjectmoving throughspaceis estimated

usinganextendedKalmanfilter (EKF). This tracecanbeusedasa virtual calibrationob-

jectby correlatingit with cameraobservations.Usingtraditionalcameracalibration,anew

setof cameraposeestimatesis obtained.Iterationproducesa globally consistentcamera

calibration.

3.3.1 Initial extrinsic calibration

Pairwise calibration usingstructure fr om motion

To obtaina globally consistentextrinsic calibrationof cameras,we startby searchingfor

pairwiseregistrationbetweennearbycamerasin our system. To do this we borrow the
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Structure from Motion

Global Unification

EKF based 
Physical Point Tracking

Virtual Object Creation

Traditional
Camera Calibration

2D-2D image correspondences

Rough global camera pose

Pair-wise camera relations

3D object trace

3D-2D correspondences

Improved 
global camera pose

Figure3.3: The main stagesof our calibrationmethod. Boxes representcomputational
stages.Italicizedtext showsdataflow.
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solutionto the well-known structurefrom motionproblem. In this problem,a camerais

movedfrom locationA to locationB, andacquiresanimageof thesamescenefrom 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 astherelative posebetweenthetwo cameras,

giventheir corresponding2D locationsin this imagepair [64, 63,75, 62, 59,35,82]. Our

calibrationproblemis similar in thatwealsohaveviewsof thesamescenefrom camerasat

differentlocations,andweareinterestedin computingtherelativecamerapose,thoughwe

have morethantwo cameras.However, givencorresponding2D imagepointsin a pair of

cameraviews,astructurefrom motionalgorithmwill recover therelativeposeof acamera

pair. Therefore,we usea publicly availablestructurefrom motion implementationfrom

Zhang[93]. An easilyidentifiableobjectis movedsothatover time it coverstheworking

volumeof oursystem.WeuseanLED or flashlightin adarkenedroom.Sinceeachcamera

seesonly a subsetof the working area,not all camerasobserve the objectat any given

location.At this stage,however, only pairwiseregistrationis required.Thecorresponding

2D observationsfor all relevant pairs of camerasare recorded,and the relative poseis

estimatedfor eachpairof cameraswith sufficientoverlapin their respectivefieldsof view.

It shouldbenotedthatsincethecamerasarenot synchronizedfor simultaneousinput,

no pair of cameraswill actuallyobserve the point at exactly the samelocation. At this

stagewemakeanapproximationthatwill berefinedin a laterpartof ouralgorithm.Since

the object is known to move continuously, we discretizetime into small intervals. We

use36ms,sincethis is approximatelythe time requiredfor two NTSCvideo fields to be

processedby our60Hzcameras.Observationsoccurringduringthesametime interval are

approximatedasco-locatedboth temporallyandspatially. Given this approximationand

theresultingsetof pairwiseimagecorrespondences,wecanemploy structurefrom motion

to obtaina setof pairwisecameraregistrations.

Global unification

Thepairwisecameraregistrationthathasbeenobtainedprovidesonly therelative rotation

andtranslationup to an unknown scalefactor. For any given pair of camerasthat have
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sufficiently overlappingfieldsof view, saycameras� and ` in Figure3.4,structure-from-

motionwould find the directionof vector �����` , but not the lengthof it. If we denotethis

directionusing ����9�
(the“hat” indicatesa unit vector),we know thatcamerà lies on the

line in the directionof ��'���
but don’t know its exact location, i. e. we do not know the

scalefactoror length � �9�
. Similarly, wemayalsoknow ��'���

, ��'�M�
, ����J�

, ����9�
, etc,but not

thecorrespondingscalefactors.Notealsothat thesevectorsarerelative to differentlocal

coordinateframes,e.g. ��'���
is with respectto thecoordinateframeof camera� , and ����J�

is with respectto thecoordinateframeof camerà . Thegoalof the this stepis not only

to determinethelocationsof all of thecameras,but alsoto dosowith respectto onesingle

coordinateframe.

Somegeometricanalysisrevealsthatthisgoalis nothardto achieve. As anexample,if

we have pairwiseregistrationfor camerapairs \ ��]4`�  and \��O]4`¡  , i. e.we know ` should

beon theline �"���` definedby vector ����9�
, andon line �M��¢` definedby vector ��'�M�

, andwe

alreadyknow theexactlocationscameras� and � (i. e. � �9�
is known), thenthelocations

of camerà on the two lines, (or equivalently, the scalefactors � ���
and � �M�

) canbe

easilyfoundby the intersectionof the rays �"���` and �M��¢` . In practice,dueto imprecision

anderrorsfrom thestructurefrom motionprocedure,the raysmay not intersect.We use

thepointwith theminimumdistanceto bothraysastheapproximateintersectionpoint.

Oncethescalefactor � or £ is computed,thegloballocationandorientationof camera

C canbe derived basedon the global locationandorientationof eithercameraA or B.

We usethefollowing notation.Thetranslationof cameraA with respectto B’s coordinate

systemis denotedby
�����

. The normalizedvectorfrom B to A is ����M�
. Similarly the

rotationof A relativeto B’scoordinatesystemis j �M�
. UsingW to notatetheworld,or the

globalcoordinatesystem,andarbitrarilypickingcameraA asabase,wehave:

��¤¡� w ��¤¡�#¥ � �9��¦ j ¤¡�§¦ ����9�
(3.4)j ¤¡� w j ¤¨�§¦ j �9�
(3.5)

Similarly, oncetheglobalpositionandorientationof camerà arefound,wecandeter-

minethelocationof camera© by intersectinglines �����O© and ��ª�`¡© . Incrementallyapplying
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A
B

C

D

ACT̂ BCT̂
ADT̂

CDT̂

ACα

ADα

BCα

CDα

ABT̂
ABα

Figure3.4: Globalunificationof all cameras.A setof globallycalibratedcamerasis shown
connectedby solid lines. The locationof cameraC canbecalculatedusingthe pairwise
relationshipswith A andB, whoseglobalposesarealreadyknown, i. e. ��'���

and � �9�
are

known.

theaboveprocedurelocatesall camerasin asingleglobalcoordinatesystem.Naturallythis

globalcoordinatesystemhasanorientationbasedontheinitial camera(A) andanarbitrary

scale( � ���
). We take a few realworld measurementsin orderto determinethe transform

to a physicallymeaningfulcoordinatesystem.

It shouldbenotedthat thepairwiseregistrationobtainedusingstructurefrom motion

is not of equalquality in all cases.Camerapairsplacedin degeneratepositionsarelikely

to causeerrors,asaresolutionsdeterminedfrom only a few imagepoint correspondences.

Using the residualerror returnedby structurefrom motion, we can rank the quality of

pairwiseinformation.This rankingcanin turn beusedto addcamerasto theglobalsetin

preferentialorder, thusimproving theestimateof globalcalibration.

Sourcesof error

Our initial globalcalibrationprocesscontainsa numberof approximationsandsourcesof

error. The discretizationof time resultsin errorsboundedby the velocity of the object

andthediscretizationinterval. Theincrementalmethodusedto addcamerasto theglobal
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setis alsoa sourceof error. Sincetheglobalposeof eachadditionalcamerais dependent

on thepreviously estimatedglobalposeof othercameras,small errorsmadeat eachstep

canaccumulate.Eventhoughtheerrorsmadeat eachstagemaybesmall,camerasadded

nearthe end of a large collectionare likely to suffer from a greatdeal of accumulated

error. However, theapproximatecalibrationobtainedis agoodinitial guessfor theiterative

methodthatis thecoreof ouralgorithm.

3.3.2 Iterati verefinement

EKF basedphysicalpoint tracking

Givena globally calibratedsetof cameras,anobjectcanbetrackedcontinuouslythrough

theentireworkingvolume.A numberof techniquesexist for integratinginformationfrom

diversesensorsinto a single estimateof object behavior [14, 42]. We choseto usean

extendedKalmanfilter (EKF) becauseit is simpleandefficient. As describedin Chapter2

andAppendixA.3, ourEKF is configuredwith aconstantvelocitymodelandestimatesthe

positionandvelocityof thetrackedpoint. As anobjectmovesthroughspace,observations

from camerasareusedto updatethe EKF estimate.The resultingtraceis a continuous

estimateof objectmotionovertime. Notethatthereis norequirementthatcamerasprovide

observationsat simultaneousmoments.TheEKF parametersandinternaldynamicmodel

provide thetemporalconstraintsnormallyderivedfrom simultaneousobservation. Details

of appropriateEKF parametersandmodelsareapplicationdependent,but well known [14,

5, 13].

Theinitial estimateof cameraposeusingstructurefrom motionrequiresthatanidenti-

fiableobjectbemovedsothattheworkingspaceis covered.Sincetherequirementsarethe

samefor tracking,thedatagatheredearliercanbereused.Ratherthandiscretizingobser-

vationsinto time intervals,anEKF processestheobservationsinto acontinuous3D object

path.

Virtual object creation

Trackinga3D objectoverawideareaprovidesa methodfor obtaininga largevirtual cali-

brationobject.A conventionalcalibrationobjecthasfeaturesdistributedspatially. Ideally
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thesefeaturesaredistributedin sucha way that they areeasilyidentifiableandcover the

workingvolume.For largeworkingvolumesit is impracticalto build apreciselymeasured

physicalobjectfor the purposesof calibration. The virtual calibrationobjectdefinedby

the estimated3D objectpathhasfeaturesdistributedtemporally. Eachtemporalmoment

relatesto asinglepositionin space.

Even with correctlycalibratedcameras,the object traceobtainedpreviously will not

be perfect. Inadvertentmotion into a region observed by a singlecamerawill leave the

systemunder-constrained.Occlusionscancausecompletelossof theobject,andsudden

accelerationwill not fit our EKF model. In orderto ensureanaccuratevirtual calibration

object,we discardtracepointsthatareseenby only onecamera.In addition,we discard

tracepointsfor two secondsaftertimeperiodsin whichnocameraobservesthepoint. This

providesachancefor thesystemto settlebackinto amorereliablestate.

Sincealmostany locationonthepathcanbeused,alargenumberof calibrationfeatures

canbeconstructed.If thepathof thephysicalobjectthroughspacetraversesall portionsof

thedesiredworkingvolume,thenexcellentcoverageis obtainedaswell.

Recalibrating cameraextrinsics

Thevirtual calibrationobjectcanbeusedto individuallycalibrateeachcamerawith respect

to theglobalcoordinatesystem.A givencamerareportsa sequenceof 2D imageobserva-

tions. The time of observationrelatesthis 2D observation to a corresponding3D feature

point in thevirtual calibrationobject. Theresultingsetof 2D to 3D correspondencescan

beusedto find theexternalcamerapose.As for calibratingtheinternalcharacteristicsof

ourcamera,weuseastandardmethod[36].

Iteratingtheabovestagesimprovestheestimateof bothcameraposeandvirtual object

location.Moreaccuratevirtual objectsprovidebettercameracalibration,andbettercamera

calibrationallows the virtual objectpathto bedeterminedmoreaccurately. We have ob-

tainedconvergencefor highly over-constrainedenvironmentsin five iterations,with more

generalwideareasettingsrequiringup to forty iterations.
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3.4 Results

Evaluatingtheeffectivenessof a calibrationmethodis not trivial. It is sometimesdifficult

to obtaingroundtruthdatafor thecamerain question.In addition,sincewehaveproposed

acalibrationmethodfor usein wideareaenvironments,generalcomparisonswith existing

techniquesareimpossible.

We first discussan appropriatemetric with which to evaluateour results. Next we

considercalibrationin a restrictedsetting,in which comparisonwith existing techniques

is possible.Finally, we show that our proposedmethodfunctionsasexpectedon a more

generalwideareacalibrationtask.

3.4.1 Evaluation method

Cameracalibrationis oftendefinedin termsof projectionerror. In a traditionalcalibration

task,known 3D locationsareprojectedonto the cameraimageplane. The distancefrom

theprojectedpoint to theobservedimagelocationis known astheprojectionerror. Given

asetof correspondences,thebestcameracalibrationis theonethatminimizesthiserror.

Anotherformulationprovidesonly 2D imagecorrespondencesbetweenmultiple cam-

eras. In this case,in additionto cameraparameters,the actual3D point location is un-

known. Thebestfit of thesevariablesis oftendefinedasaminimizationof projectionerror.

If camerasarepoorlycalibratedin relationto oneanother, thenoneexpectsprojectionerror

to bequitehigh.

Sincethecamerasusedin ourapplicationarenotsynchronized,weslightly modify this

method.An objectis trackedusinganEKF aspreviously described.At the time of each

cameraobservation,theEKF providesa predictedobjectlocation.Thepredictedlocation

canbeprojectedontothecameraimageplane.Thedistancebetweenthepredictedlocation

andtheobservedlocationis recordedasprojectionerror. Notethatthiserrormaybecaused

in part dueto an inadequateEKF systemdynamicmodel. In our casewe usea constant

velocitymodel;thus,any accelerationappliedto theobjectwill appearasprojectionerror.

However, this errorwill bepresentonly duringacceleration.Extended,consistentbiasin

theprojectionerrorcanbeattributedto poorcameracalibration.
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Figure3.5: Restrictedsettingin whichall camerascanseeacommonarea.A configuration
suchasthisallowscomparisonwith existingcalibrationtechniques.

3.4.2 Comparisonwith existing techniques

In orderto compareour proposedcalibrationto existing methods,we have constructedan

examplein amorerestrictedsetting.By arrangingmultiplecamerassothatall mayobserve

asingleregionof space,traditionaltargetbasedcalibrationcanbeperformed(Figure3.5).

Wecalibratethecamerasystemusingtwo methods,theoneproposedin thispaper, and

onethatusesa physicaltarget. In orderto isolatepotentialnoise,thetargetbasedcalibra-

tion usesthesameLED featureaswasusedto build avirtual calibrationobject.ThisLED

featureis now placedat theendof aFarodigitizing arm[27] thatreturnsthepositionof the

tip of the armwith sub-millimeteraccuracy. By arrangingfor simultaneoustriggeringof

thedigitizing armandcamera,wecanobtaincorrespondencesbetweentheglobal3D loca-

tion of thefeatureandtheobserved2D imagelocation.While only a few correspondences

aretheoreticallyneeded,weuseapproximately50to obtainrobustexternalcalibration.By

repeatingthisprocessfor eachcameraacompletesetof calibrationsin asinglecoordinate

spaceis obtained.

To evaluateourmethodfairly, wegatheredanew objecttraceunrelatedto any previous

tracesusedduringcalibration.It is importantnotto reuseprevioustracesduringevaluation,



CHAPTER3. CALIBRATING DISTRIBUTED CAMERA NETWORKS 64

Figure3.6: Comparisonof projectionerrorof apointtraceusing(a)traditionaltargetbased
calibration,(b) structurefrom motiononly, (c) oneiterationof virtual objectcalibration,(d)
five iterationsof virtual objectcalibration.Note thata virtual calibrationobjectperforms
aswell astraditionalcalibration.

sincewe want to ensureagainstoverfit solutionsthatmatchthe input dataset,but do not

actuallyprovideacalibratedsystemof cameras.Figure3.6containsasetof graphsshowing

projectionerror in thetrackingprocessfor a particularcamera.(Datafrom othercameras

in thesystemis similar.) Using thecalibrationobtainedwith a traditionalphysicaltarget

resultsin trace(a). The averagepixel error in a meansquaredsenseover all camerasis

relatively low, only 4.4pixels. Theroughglobalcalibrationobtainedusingstructurefrom

motion resultsin trace(b). Note that themeanerrorhasgreatlyincreasedto 33.8pixels.

After building a virtual calibrationobjectandrecalibratingthe cameras,we obtaintrace

(c). Using a virtual calibrationobjecthasreducedthe meanerror to 14.4 pixels. After

fiveiterationsof building virtual calibrationobjectsandrecalibratingthecameras,trace(d)

results.Themeanerrorhasbeenfurtherreducedto 3.9pixels,approximatelyequalto the

known reliablecalibrationobtainedwith a target. Someerror remains,but asmentioned

earlierthismaybedueto objectaccelerationor imagefeatureextractionnoise.

3.4.3 Example in a wide areasetting

Thewide areacalibrationtechniquedescribedin this chaptercanbegeneralizedto a wide

varietyof applications,sensors,andenvironments.An understandingof a representative

sideareatrackingsetupin ourlabmayproveillustrative.Thissetupcansupportavarietyof

trackingapplications,suchas3D headtrackingfor theInteractiveMural (seeSection2.3.1)

andsimultaneousbodyandfacemotioncapture(seeSection2.3.3). The trackingsystem
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(a)

(b)

Figure3.7: (a) Ceiling mountedcamerasareusedto trackusersarounda wide areaenvi-
ronmentin front of the largedisplay. (b) Camerasarearrangedso thatobservationof the
entirespaceis possible,althoughnosinglecameraobservestheentireworkingvolume.

hastenceiling-mountedcamerasorientedto observe a 4.0x 4.5meterarea.Coverageex-

tendsfrom approximatelyahalf meterto 2 metersfrom thefloor. Thewide-anglecameras

in thecornerscover thevolume.In addition,sinceourapplicationrequireshighertracking

resolutionright in front of thedisplay, a few morenarrowly focusedcamerasareinstalled

to increasethe resolutionin that area. Individual camerasobserve only a portion of the

volume.In aggregate,however, they coverthespace.Figure3.7showsaphotographof the

trackingspace,anda planview of cameraplacement.Notethat in orderto ensurecorrect

estimatesof observedobjectposition,it is requiredthatat leasttwo camerasobserve any

givenregion in space.However, thereis nosinglepoint thatis observedby all cameras.

In thewide areasettingdescribedabove, we canverify that the iterationprocesscon-

vergesasit doesfor themorerestrictedsettingdescribedin Section3.4.2.Figure3.7shows

final cameraplacement,while Figure3.8 shows cameralocationsafter calibrationusing

only structurefrom motion.Notethattheselocationsareapproximatelycorrect.However,

refinementis required. For example,the threecamerasin the middle areexpectedto be

collinear. Figure3.8 alsoshows a plan view of the temporalpathusedto build a virtual

calibrationobject.Notethatthepathtraversesthefield of view of all cameras,coveringthe
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Figure3.8: Top view of estimatedcamerapositionsafterapplyingstructurefrom motion
only. Theobjectpathshown definesavirtual calibrationobjectthatcanbeusedto improve
cameracalibration.

workingvolumebetterthanasinglephysicalcalibrationobject.

As describedpreviously, projectionerror is expectedto decreaseasquality of calibra-

tion improves. A new traceunrelatedto tracesusedfor calibrationwascaptured. Fig-

ure 3.9ashows the projectionerrorof a singlecameraafter the coarseglobal calibration

of all camerasusingstructurefrom motion. As before,themeanerroracrossall cameras

is quite large, about16.3 pixels. Holes in the graphindicatetime periodsin which this

particularcameradid not observe theobject,sono errormeasureis available. (Of course

metricsareavailablefor othercamerasthatdo seethepoint duringthis time period).Fig-

ure3.9bshowstheimprovementafterthreeiterations.Forty iterationsof building avirtual

calibrationobjectresultsin a low projectionerror, 1.3 pixels,shown in Figure3.9c. Pro-

jection error lower thanthat obtainedin the previous examplecanlikely be attributedto

improvementsin intrinsic cameracalibration. A plot of pixel error vs. iterationscanbe

seenin Figure3.10.

An intuitiveexplanationfor theconvergenceof this algorithmis asfollows. As shown

in Figure3.11,thereis ageometricrelationbetweenthe3D positionof apoint, thecamera
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Figure3.9:Projectionerrorin awideareacalibrationtask.(a)Errorafterapplyingstructure
from motion.(b) Errorafterthreeiterationsof calibrationusingavirtual calibrationobject.
(c) Significantlyreducederrorafterforty iterationsusingavirtual calibrationobject.

Figure3.10:Projectionerroris greatlyreducedafterapplicationof theiterativecalibration
process.
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Averaged 3D
point position

Figure3.11: Intuition behindconvergence.3D point positionis anaveragequantitybased
onmultiplecameraposes(andthe2D projectionsontheimageplane).Thevarianceof 3D
positionis lessthanthevariance(error)of individualcameraposesdueto averaging.Less
erroneous3D positionsin turn improve cameraposeestimationin therecalibration.And
thusconvergenceis conceivable.

pose,andthe2D projectionof thepoint on thecameraimageplane.The3D positionof a

point is essentiallydeterminedby the intersectionof back-projectedraysfrom eachcam-

era. Whentherearemultiple camerasasin our system,theKalmanfilter thatassimilates

measurementsfrom all camerasactsasa low-passfilter, andthe3D positionit generatesis

essentiallyan“average”basedon datafrom all cameras.Sincethevarianceof anaverage

quantityis smallerthanthevarianceof eachindividual quantitywithin the average,even

thoughtheinitial cameraposesarecoarseandhavelargererror(variance),the3D positions

basedon all of the coarsecameraposeshave lessvariancedueto averaging. In turn, the

improved3D positionsareusedto recalibratethe cameras,which generatesa betteresti-

mateof the cameraposes.Using theseimprovedcameraposes,we canrun the Kalman

filter to track3D positionagain,which againreducesvariance.As theprocessiterates,it

is not surprisingthat it converges. Fromtheexperimentswe have run, we have observed

empericallythat,themoreoverlapthereis amongcameras’fieldsof view, themoreaccu-

ratetheinitial cameraposes(obtainedfrom structure-from-motion)are,andthefasterthe

iterativerefinementprecessconverges.Thenumberof iterationsfor convergenceshown in

Figure3.10is for oneof theslowercases.
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3.5 Conclusions

Calibrationof camerasin a wide areaenvironmentintroducesnew challengesto the cal-

ibration process. Sinceindividual camerasobserve only a small fraction of the whole

environment,determinationof reliableglobal relationshipsis difficult. Typical previous

approachessuchasbuilding calibrationobjectsthatspantheobservationspacedonotscale

well to wideareaenvironments.

We have introduceda methodsuitablefor calibrationof camerasunder thesediffi-

cult conditions. Intrinsic camerapropertiesarecalibratedusingexisting methods.Next

pairwiseextrinsic relationshipsaredeterminedusingstandardstructurefrom motiontech-

niques.Thesepairwiserelationshipsallow usto derive anapproximateglobalcalibration

involving all cameras.Theinitial estimateof globalrelationshipsis not precise.However,

it canbe usedto initialize an iterative calibrationtechnique.Trackinga known physical

objectasit movesthroughtheenvironmentallows a virtual calibrationobjectto bebuilt.

Thisvirtual calibrationobjectcanbeusedasif it wereagiantphysicalcalibrationobjectto

improvetheglobalcameracalibration.Iteratingtheaboveprocessleadsto ourfinal camera

alignment.



Chapter 4

Determining Optimal Camera

Configurations

4.1 Intr oduction

In designingavision-basedtrackingsystemit is importantto defineametricto measurethe

”quality” of agivencameraconfiguration.Suchaqualitymeasurehasseveralapplications.

By using the metric in an optimizationprocesswe canautomatethe cameraplacement

processanddo betterthana humandesigner, especiallyasthe trackingenvironmentgets

morecomplex andthenumberof camerasincreases.Also, thereareclassesof applications

wherecameraconfigurationschangedynamicallyandsomemetric is neededto guidethe

automaticchoiceof bestconfiguration. For example, in a multi-target trackingsystem

with multiple pan-tilt cameras,it maybedesirableto dynamicallyfocusdifferentsubsets

of camerason eachtarget. Otherapplicationsmight requiredynamicconfigurationdue

to bandwidthor processorpower limitations. For instance,in a systemwith hundredsof

cameras,only a subsetof thecamerascanbeactive. In thesesituationsit is crucialto have

aqualitymetricsothatthecameraconfigurationthatenablesthebesttrackingperformance

canbefound.

In amotioncapturesystem,multiplecamerasobserveatargetmovingaroundin awork-

ing volume.Featureson thetargetareidentifiedin eachimage.Triangulationor disparity

70
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canbeusedto computeeachfeature’s 3D position. In sucha system,performancedegra-

dationcancomefrom two majorsources:(1) low resolutionwhich resultsin poorfeature

identification;and(2) occlusionwhich resultsin failureto seethefeature.Occlusionmay

bedueto eitherthetargetitself or otherobjectsin thescene.Whennotenoughcamerassee

afeature,it is difficult or impossibleto calculateits 3D position.In fact,theprimaryreason

commercialmotioncapturesystemsconsistof many camerasis to reduceocclusion,rather

thanto increaseresolutionor coverage.In orderto achieve accurateandrobust tracking,

both occlusionandresolutionmustbe considered.A quality metric for placingcameras

shouldreflecttheimpactof bothfactors.

In this chapterwe proposea quality metric that accountsfor both the resolutionand

occlusioncharacteristicsof a cameraconfiguration.Its targetapplicationis theautomatic

placementand control of camerasfor motion capturesystems. It can be usedboth to

designstaticcameraarrangements,anddynamicallyfocussubsetsof camerason different

targetsin a multi-target trackingsystem.Themetriccomputestheuncertaintyor error in

the trackingsystem’s ability to estimatethe 3D positionsof features.This uncertaintyis

causedby limited 2D imageresolution,aswell asocclusiondueto theenvironmentand/or

themoving target itself. Theerrordueto imageresolutionis computedby projectingthe

2D imageerrorof eachcamerainto 3D spaceandmeasuringthesizeof the resulting3D

errorvolume. Theuncertaintydueto targetocclusionis estimatedby samplingthespace

of possibleoccludersandcomputingtheprobabilitythatpointsareoccluded.

The quality metric for multi-cameraconfigurationsincludesa probabilisticocclusion

model. This metricallows camerasto be placedmorerobustly thanprevious resolution-

only metrics. It modelsthe target self-occlusionbehavior that canbe commonlyfound

in feature-basedmotion capturesystems. In addition, the useof samplingin the met-

ric computationallows for easyadaptationto trackingscenarioswith disparateocclusion

characteristics.

The restof the chapteris organizedasfollows. Section4.2 describesprevious work

relatedto cameraplacement.Section4.3describesthemetricwepropose,focusingspecif-

ically onhow dynamicocclusionis modeled.Section4.4describestheexperimentalsetup

andresultsfor the verificationof our probabilisticocclusionmodel. Section4.5 shows

simulationresultsthat illustratetheimpactof resolutionandocclusionon optimalcamera
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placement.Theseexamplesillustratetheusefulnessof themetric,andprovide insighton

thelocationof ”good places”to put camerasfor accurateandrobust tracking. (A concise

versionof thischaptercanbefoundin [16]).

4.2 Relatedwork

The cameraplacementproblemcanbe regardedasan extensionto the well-known art-

galleryproblem[65]. Both problemshave thegoalof coveringa spaceusinga minimum

numberof cameras,andin boththesolutionsaregreatlyaffectedby thevisibility relation-

ship betweenthe sensorandthe target space.However, therearesignificantdifferences

betweenthesetwo problems. The art-galleryproblemfocuseson finding the theoreti-

cal lower-boundson thenumberof guardsfor spacesof various(possiblyvery complex)

shapes.Both thetargetspaceandthelocationsof guardsarerestrictedto 2D. Additionally

the visibility model is very simple. It assumesthat the guardhasa 360-degreefield of

view (FOV) andthat thereis no resolutiondegradationwith viewing distance.Thecam-

eraplacementproblemthat we consideris a practicalproblem. The camerahasa more

complex modelwhich includes3D projection,limited FOV, andlimited imageresolution.

Althoughthespaceto cover in practicalcameraplacementis usuallygeometricallysimple,

thereareusuallyconstraintson allowablecameraplacement,suchasceilingsandwalls.

In our work, thegoal is not necessarilyto find theabsoluteglobaloptimum,but ratherto

enabletheevaluationandcomparisonof asubsetof potentialsolutions.

Thereis someprevious work in automaticsensorplanningin the areaof robotic vi-

sion [78, 79, 83, 92], motion planning[50], andimage-basedmodeling[29]. To a large

degree,thepreviouswork sharesour view of cameraplacementasanoptimizationprob-

lem,andthatanimportantsteptowardautomaticsolutionsis theconstructionof a quality

metricto evaluatevariouscameraconfigurations.However, theproblemdomainandgoals

of the previous work arequite differentfrom ours. Their target is usuallya staticobject

whosegeometryis assumedto beknown a priori, andthe taskis to find a viewpoint or a

minimumnumberof viewpointsthatexposesthefeaturesof intereston thetargetasmuch

aspossible.Thereis usuallyonly onecamerain thesystemandthequalitymetricincludes

the targetgeometryexplicitly. Thecameraplacementproblemfor motioncapturediffers
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becausethetargetis moving andits geometryandmotionarenot known a priori. In addi-

tion, therearemultiplecamerasworkingtogetherin thesystemandthesystemperformance

is affectedby their relativepose.

A few researchershave proposeduncertaintyanalysisfor placing multiple cameras.

OlagueandMohr [61] approximatedtheprojectivetransformationof acamerausingTaylor

expansion,anduseda scalarfunctionof thecovariancematrixastheuncertaintymeasure.

Wu et al. [91] proposeda computationaltechniqueto estimatethe3D uncertaintyvolume

by fitting anellipsoidto the intersectionof projectederrorpyramids.Both work consider

limited imageresolutionasthe only causeof 3D uncertainty. However, occlusionis fre-

quentlypresentin feature-basedmotion trackingsystemsandis sometimesthe dominant

sourceof error. Thequality metricpresentedin this chapterestimatesthe3D uncertainty

causedby bothocclusionandimageresolution.This metric is ableto modelthedynamic

andprobabilisticcharacteristicsof a moving target,aswell asthemutualresolutioncom-

pensationamongmultiplecameras.

4.3 Construction of the quality metric

In this sectionwe definethe ideal quality metric for a multi-cameraconfigurationwith

respectto aworkingvolume.Sinceit is basedonthenotionof 3D positionuncertainty, we

first describethepossiblecausesof positionuncertaintyandhow it is relatedto thelayout

of all of the camerasin the system. We thenproceedto describea generalformulation

to constructthe metric, andusinga top-down order, describethe variouspiecesneeded

in the metric. We describespecificallyhow to modelthe effect of limited cameraimage

resolutionandtargetocclusionon thepositionuncertaintyof a point. We thenextendthe

formulationto a volumeandput all of piecestogetherto give thefinal formulationof the

qualitymetric.

4.3.1 Causesof 3D position uncertainty

In order to determinethe 3D positionof a featurepoint on a target, oneneedsto know

two piecesof information: the completecameraparametersandthe 2D featurelocations
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Figure4.1: Determinationof 3D position.

on theimageplane.Cameraparametersincludeintrinsic parametersandextrinsic param-

eters.Theseparameterstogetherspecifywherea camerais located,how its imageplane

is oriented,andwhat the2D locationon the imageplaneshouldbegivenits 3D position.

The2D positionof a featureis usuallydeterminedin two steps:classificationandlocation

calculation.In theclassificationstep,pixelson theimageareclassifiedaseithergenerated

by thefeatureof interest,or not. For example,if thefeatureis abrightpoint,pixelsthatare

brighterthana certainthresholdareidentified;if the featureis anedge,thenthosepixels

with largeneighboringgradientareidentified.

As shown in Figure4.1,giventheknowledgeof cameraparametersandthe2D location

of a featureseenby at leasttwo cameras,the3D positionof thefeaturecanbedetermined

by the intersectionof raysoriginatingfrom the cameracenterandgoing throughthe 2D

featureon theimageplane.Of course,in practice,dueto variouserrorsandnoises,these

raysmaynot intersectat onepoint,andthe3D positionis usuallydefinedasthepoint that

hastheshortestdistanceto all back-projectedrays.

Somepracticalsystemshavemoresophisticatedalgorithmsto determinetarget3D po-

sition thanthesimpletriangulationwe just describedabove. For example,if multiple fea-

turesonatargetneedto betracked,featureson thesamerigid partsof thetargethavefixed

distancesbetweenthemandthis informationcanbeusedto furtherconstraintheposition

estimation;or sometemporalmodelsuchashow fastthetargetcanbemoving canbeused

to correlatefeaturesin differentframes.However, the determinationof 3D featurepoint

positionstill reliesonthebasicinformationwedescribedabove,whichincludesthecamera
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parametersand2D imagemeasurements.

Basedontheabovedescription,wecanseethatthereareseveralfactorsthataffecthow

accuratelywe candeterminethe3D positionof a featurepoint. Thecausesof 3D position

uncertaintyinclude:

Cameraparameters Theseincludeboththeintrinsic parameterssuchaslensparameters

andextrinsicparameterssuchaspositionandorientation.Theprocessof determining

theseparametersis calledcameracalibration,andinacurratecalibrationwouldcause

in accurate3D positions.

Imagemeasurements Poorimagemeasurementscanresultfrom a poor featureidentifi-

cationprocess.Moreover, evenwith agoodidentificationalgorithm,imagemeasure-

mentsaresubjectto limited camerapixel resolution,andwherethecamerais placed

relative to thetarget.For example,a targetthatis far away from a camerahasworse

resolution(pixel perunit objectdistance)thana targetthatis closethethecamera.

Occlusion Occlusionis the phenomenonwhenthe featureis blocked from a cameraby

someobject(s)calledoccluder(s). An occludercanbenon-varyingwith time (i. e.

static) suchasa pillar or wall in the environment,or dynamic(i. e. time-varying)

asthe target moves. We classifydynamicocclusioninto two types: self occlusion

and inter-objectocclusion. Self-occlusionrefersto occlusionwherethe featureis

occludedby thesurfacethatit isattachedto; inter-objectocclusionreferstoocclusion

wherethefeatureis occludedby othermovingpartsof asametargetor anothertarget.

Figure4.2illustratesthedifferenttypesof occlusion.Whenocclusionoccursandnot

enoughcamerasseeafeature,it is difficult or impossibleto calculateits 3D position.

It is obviousthattheocclusionbehavior of amulti-cameratrackingsystemis heavily

affectedby therelativepositionandorientationof all cameras.

Therefore,in orderfor a trackingsystemto have goodaccuracy in 3D positiondeter-

mination,it is importantto have accuratecameraparameterinformation,accurateimage

measurementinformation,andminimal targetocclusion.Thedeterminationof camerapa-

rametersis thegoalof cameracalibration,whichwasdiscussedin Chapter3. Accurate2D

imagemeasurementdependsonhaving agoodfeaturedetectionalgorithm,andalsoonthe
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B
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Figure4.2: Varioustypesof occlusionbasedon the occluderbehavior. Staticocclusion
shown point A sinceit is blockedby a staticobjectin the scene;dynamicself-occlusion
shown for point B sinceit is blocked the surfaceit is atttachedto; dynamicinter-object
occlusionfor point C sinceit is blockedby other partsof the target. Notewhenwe talk
aboutthe possibleocclusionthat canhappento a point over a periodof time, the points
arespatialpointsin theworking volume,not attachedthe target,andtheocclusiontypes
they canhave dependon the configurationof the target. For example,point A canalso
havedynamicself-occlusionif theperson’sarmor otherpartsmoveto adifferentposeand
block it from a camera.But the lampwill alwaysbein betweentheleft cameraandpoint
A.
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locationof thecamerasrelative to thetarget.Theamountof occlusionis alsosignificantly

affectedby wherethecamerasarelocatedrelative to thetarget.

4.3.2 Quality metric of a cameraconfiguration: generaldefinition

We definea camera configuration « as the collectionof cameraparametersof all cam-

eras.That is, « w \­¬	®�]¯¬¨°�]4±4±4±<]F¬�²�  , where ¬¢� is a vectorcontainingthe (intrinsic and

extrinsic) parametersof the ³ th camera. (We will alsousethe word “layout” or “place-

ment” interchangeablywith “configuration”in this chapter, but keepin mind thatthis also

includescameraintrinsicparameterssuchasfield of view.). Thequalitymetricof acamera

configurationis definedasa scalarvalue ´ that measuresthe 3D positionuncertainty, as

a functionof a cameraconfiguration« with respectto a working volume
p

in which the

targetis moving, i. e.

´ w b$µi\�«
  (4.1)

Equation(4.1)basicallysaysthatpositionuncertaintyis a functionof cameralayout. But

whatdoesthisfunctionlook like,or in otherwords,how doescameralayoutaffectposition

uncertainty?Basedon Section4.3.1we know that the configurationof camerasnot only

affectstheimageresolutionof thetarget,but alsohasasignificantimpacton theocclusion

behavior of the target. Both imageresolutionandtarget occlusionaffect how accurately

androbustly3D positionis determinedin amotiontrackingsystem.Weshalldescribehow

to modeltheireffectson thequalitymetricin thecomingsections.

4.3.3 Uncertainty of a point with resolutiononly

As is well known in the vision community, onemajor sourceof error in determining3D

positionis limited 2D imageresolution.Mostvision-basedtrackingsystemsperformsome

sortof triangulationon raysfrom two or morecameras.Sometargetfeatureis detectedon

the imageandthe ray definedby its 2D locationandthecameracenteris back-projected

into 3D space.The intersectionpoint of raysfrom multiple camerasdefinedby thesame

featureis the3D locationof the feature,asdescribedin Section4.3.1. However, onecan
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Figure4.3: (a)The3D uncertaintyvolumeof asinglecameradueto limited 2D resolution
on its imageplanecanbemodeledasapyramidof rays.(b) The3D uncertaintyvolumeof
multiplecamerasis theintersectionof raypyramidsof all cameras.

only determinethe2D locationof a featureon an imageto a certainprecision,aslimited

by thefeaturedetectionprocessandtheimageresolution.Thuseach2D observationfrom

a cameragivesrise to a coneof rayswith someprobability densityratherthana single

ray. This conecanbe approximatedasa pyramid of rays. As shown in Figure4.3, the

intersectionof ray pyramidsfrom multiple camerasform a 3D volumeratherthana point.

Theactualtargetpointhasahighprobabilityof beinglocatedanywherein theerrorvolume.

Thebiggertheerrorvolume,thehighertheuncertaintyin thepoint’sactualposition.

It shouldbenotedthatthesizeof theuncertaintyvolumeis not isotropic:it varieswith

direction. In orderto estimatethe sizeof the volume,we measureits dimensionin a set

of sampleddirectionsandthenaggregatethe error in all directions. To computethe 3D

uncertaintyfor a givendirection,we first computethe 3D error in that directionfor each

camera.Whentherearemultiplecameras,thecamerahaving betterresolutionwill cut the

errorvolumeandmake it smaller. Thus,thecombineduncertaintyof all thecamerasis the

minimumof all.

Conceptually, without beingvery specificor precise,
oª¶}·¹¸ \�º�  , the 3D uncertaintyat
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point º dueto limited imageresolution,canbeexpressedby thefollowing:o<»½¼ ¾ \�º¿]4À~  wÂÁ9Ã~ÄÆÅ¡ÇÈÊÉËÉ~Ì Í�Î0ÏuÐÈÊÉËÉ�Ñ�Ò�ÓiÒ�Ô¿Õ¯ÖTÕ ¬8×Æ×�Ø (4.2)

where ÓiÒ�Ô¿Õ¯ÖTÕ¯Ù × is the lengthin direction Ö of the3D ray pyramidof cameraÙ at pointÔ , asshown in Figure4.4.Thefunction Ð9Ú Ä Î Ç Ò × aggregatestheuncertaintyoverall direc-

tions,andthechoiceof Û is user-dependent.Usually thefunction ÐÜÚ Ä Î Ç Ò × canbe Î0ÝßÞ Ò ×
(i. e. Ûáàãâ ) or mean-square-error(i. e. Ûáàåä ) dependingon whethertheuserwantsto

evaluatetheworst-casescenarioor anaveragescenario.Theemptysetsymbol æ denotes

thatthis ç<èêéEë is computedwith no(dynamic)occludersin thescene,i. e.thismeasuretakes

into accountuncertaintydueto limited imageresolutiononly. Staticocclusionis directly

takeninto accountby notingin theabove formulationthatonly unoccludedcamerascon-

tributeto a reductionin 3D uncertaintyat point Ô . This is a simplifiedcaseof themodel

describedin thenext subsection.In thenext subsectionwewill considerthesituationwhere

thereis dynamicocclusion,i. e. thesetof dynamicoccludersis notempty.

4.3.4 Uncertainty of a point with dynamic occlusion

Dynamicocclusionoccurswhenatargetpoint is notvisiblefrom acameradueto occlusion

by the moving target itself in thescene.Thechallengeto computingtheerror causedby

this typeof occlusionis thatwedonotknow apriori wherethetargetor occluderwill beat

any time, andtheexactshapeof thetarget,either. Without theknowledgeof targetshape

and location it is impossibleto arrangecamerassuchthat the target is guaranteedto be

visible.

We investigatethis issueby assuming,for the moment,that we do know wherethe

occluderis, asshown in Figure4.5. As canbeseen,point Ô is only visible from a subset

of thecamerasdueto this occluder. As a result,the3D uncertaintyvolumeis formedby

theintersectionof theraypyramidsof only thoseunoccludedcameras,i. e.

ç<èêéEë Ò�Ô¿Õ Úíì4î ×�à ÐÜÚ Ä Î ÇÈÊÉËÉ�Ì Í Î0Ï½ÐÈÊÉËÉkÑ Ò�ÓiÒ ÔïÕFÖ�Õ¯Ù × ð Ò Ô¿Õ¯Ù#Õ Ú�ì¯î ×�× Ø (4.3)

wherevisibility factor ðñàòâ if Ô is occludedfrom cameraó given occluder Ú�ì4î and
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Figure4.4: Estimatingthe sizeof the uncertaintyvolumeof a point. ÓiÒ�Ô¿Õ¯Ö'ô¹Õ¯Ù¢õ × is the
lengthin direction Ö'ô of the3D ray pyramidof cameraÙ¢õ at point Ô . For eachdirection,
thebest(minimum) Ó out of all camerasis pickedastheestimatedsizeof theuncertainty
volumefor that direction,becausemultiple camerascompensatefor eachother’s uncer-
taintiesin determiningpoint Ô ’s position,asshown by the red line for direction Ö î and
theblue line for direction Ö'ö . Theoverall uncertaintyfor thepoint consideringall direc-
tionsis definedto beeithertheworst(maximum)or someaverageof theuncertaintyof all
directions.
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ðzà ÷ if Ô is visible. Therefore,if a cameracannotsee Ô , its ray pyramid size Ó will

have a hugeweight ð andwill not becountedin the ÎøÏuÐ Ò ù × evaluationthatcombinesthe

effectof all cameras.A differentoccluderÚíì ö (with differentposition,orientationor shape)

would leadto a differentuncertaintyvalue çªè½éEë Ò ÔïÕ Ú�ì ö × , andsoon. If we wish to evaluate

the uncertaintyfor a whole trackingsessionandwe know preciselyall the positionsand

orientationsof theoccluderin thetrackingsession,we couldevaluatethevisibility factor

for eachoccluderandaggregatetheuncertaintyvaluesfor all occludersto getanestimate

of theoverallpositionuncertaintyatpoint Ô for agivencameraconfiguration,i. e.

ç<èêéEë Ò�Ô ×�àûú üý�þ�ÿ���� ç<èêéEë Ò Ô¿Õ Ú�ì ô × (4.4)

where
�

denotesthesetof occludersover all positionsandorientations,and � ü denotes

somegeneralaggregation function that mapsan ensembleof values ��ç<èêéEë Ò�Ô¿Õ Úíì4î × , ����� ,ç<èêéEë Ò�Ô¿Õ Úíì
	 ×�� ontoa singlenumber. (This aggregationcouldbea simplesummation,av-

erage,weightedaverage,or morecomplex mappingdependingon theapplicationanduser

specification.We will discusshow to choosethis generalfunction later.) However, this

methodwill not be very useful for designinga real trackingsystem. In reality, the path

that a target takes could vary greatlyand cameraconfigurationsoptimizedfor one spe-

cific pathmaybepoorfor otherpaths.Sothenext questionis, how canwe find a camera

configurationthatavoidsocclusionfor all possiblepaths?

Insteadof simulatinga precisepathwhencalculatingocclusion,we cantake a proba-

bilistic approach.Thoughwemaynotknow exactlywherethe“occluders”will be,wemay

have someideaasto how likely it is thatthey will beat certainpositionsandorientations,

i. e. if we have theprobabilitydistribution for theoccluder, we cangeneratepossibleoc-

cludersby drawing samplesfrom thedistribution. For eachpossibleoccluder, wecalculate

how many camerasareobstructedfrom observingthe target point Ô . The resultsacross

occludersthat aresampledfrom the distribution areaggregatedinto a singleestimateof

occlusioncharacteristics.Themoreoftenocclusionoccursandthemorecamerasthatget

occluded,thegreaterthe3D uncertainty. Samplingthespaceof all possibleoccludersgives

usanocclusionmetric for a particularcameraconfiguration.In otherwords,we canstill

useEquation(4.4), but insteadof having the occluderpositionsand orientationsdrawn
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Occluder X

Figure4.5: Effect of an occluderto the 3D uncertaintyvolume. The point canbe seen
by camerasB andC but not cameraA. ThereforeA doesnot contribute to reducingthe
uncertaintyvolume of the point. In general,the 3D uncertaintyvolume at point Ô of
multiple cameraswhenthereis anoccluderpresentis the intersectionof ray pyramidsof
thesubsetof camerasthatarevisibleor unoccludedfrom thepoint.

Figure4.6: Approximationof anoccluder:dynamicself occlusionis modeledasa plane
attachedto the3D pointof interest.

from anapriori known path,they aredrawn from someknown probabilitydistribution.

Theprobabilisticdescriptionaddressestheproblemof having nopreciseknowledgeof

the occluderpath,but anotherchallengethat we faceis that we do not know the precise

shapeof the occluder. We addressthis problemby looking at the variousocclusionphe-

nomenain motioncapture,determiningwhatoccursmostcommonlyandbuilding amodel

that describesthe occlusionphenomenasufficiently but is still computationallymanage-

able.As describedin Section4.3.1,we seethattherearetwo typesof dynamicocclusion,

i. e. occlusiondueto the moving target, in a typical point-featurebasedmotion capture

system.Oneis self-occlusion,wherethe featurepoint is occludedby the very surfaceit
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Figure4.7: Worst-caseoccluder. Theoccludedregions(shown shaded)of threeoccluders
that are locatedat variousdistancesfrom a point Ô . The shapeof the occludedregion
is dependenton both the sizeandorientationof an occluder. But for the sameoccluder,
thecloserit is to thetargetpoint, themorecamerasthatwill beoccluded.A conservative
estimateof the occludedregion canbemadeby assumingthat the occluderis very close
to point Ô . In this caseanentirehemisphereof cameralocationswill not be ableto see
thepoint. Noticethedurality of this figuresvs. Figure4.5. Heretheshadedregion is the
occludedregion wherecamerascannotseethe point, whereasin Figure4.5 the shaded
region is thevisiblewherethecamerascansee.

is attachedto; anothertype is calledinter-objectocclusion,wherethe featureis occluded

by otherpartsof the target or othertarget(s). Our assumptionis that themajorsourceof

occlusionfor a point is thesurfaceto which it attaches.We useaplaneto approximatethe

surface,asshown in Figure4.6. We believe that this is a reasonablemodelbecause,first,

in currentmotioncapturesystems,pointsareattachedto a surfacethat canbe viewedas

a planelocally, andself-occlusiondoeshappenall the time; second,sincea planealways

occludesa wholehemisphereof cameras,effectsof otherpossible(inter-object)occluders

in thathemispherehave alreadybeenaccountedfor. Thusthis approximationalsomodels

partially the effect of inter-objectocclusion. Anotherbenefitof usingthis model is that,

becausethe planegoing throughpoint Ô givesthe worst-caseocclusionwith respecttoÔ of all otherplanepositions(seeFigure4.7), only planesgoing through Ô needto be

consideredin occlusioncalculationsto giveaconservativeestimateof theimpactof occlu-

sion. Thatmeansthatonly orientationis neededto parameterizetheseplanes.This leads

to a simplercomputationandsamplingprocessin the overall uncertaintyestimation,as



CHAPTER4. DETERMINING OPTIMAL CAMERA CONFIGURATIONS 84

V

Figure4.8: Thequality metricwith respectto a whole3D volumeis definedto be some
normof theper-point3D uncertaintyof all of thesampledpointsin thevolume.

Equation(4.4)canbefurthersimplifiedto

ç Ò Ô ×¿à ú ü
 ÉËÈ�� é ÿ ��������� ç<èêéEë Ò�Ô¿Õ���� Ý~Ð�� ô × (4.5)

where � Ò�Ô × is the setof planesgoing throughpoint Ô with all possibleorientationsand

theorientations(normals)of theplanearedrawn from adistribution.

4.3.5 Uncertainty of a volume

Equation(4.5) estimatesthe 3D positionaluncertaintyof a point Ô . Given that, it is not

difficult to extendthis notion to a whole volume. The uncertaintyof a whole volume �
canbeconsideredto besomenormof theuncertaintyvaluesof all points Ô in thatvolume

(seeFigure4.8), andthat is definedto be the “quality” with respectto � givena camera

configuration: � à ÐÜÚ Ä Î Ç���� ç Ò�Ô × (4.6)

whereç Ò Ô × is theuncertaintyfor apointPasdefinedin Equation(4.5),and ÐÜÚ Ä Î Ç denotes

the Û th normof aset.Thereareaninfinitenumberof pointsin avolume;therefore,in actual

computation,we evaluatea discretenumberof pointsby drawing themfrom a distribution

thatdescribeshow likely a targetis to beatpoint Ô within volume � .
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4.3.6 Non-uniform distributions

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

occluderorientationsandtheprobabilitydistributionfor targetpositionsneedto beknown

a priori. What distributionsshouldwe use? The answeris that it is applicationspecific

andit dependson how muchinformationaboutthetargetmotionandthetrackingsession

is known. If one hasno other information,a uniform distribution canbe used. If one

hasmoreinformation,morespecificdistributionsshouldbeused.For example,asshown

in Figure 4.9, in an VR applicationwherea person’s headposition is tracked to drive

a display, moreaccuratetracking is neededwhenthe personis nearthe displaysincea

slight movementcloseto thescreenwould causea hugemovementof thecontentson the

display. Anotherexampleis that whenthe featurepoint is at the top of a person’s head

andwe know that theheadwill not facedownward,we canlimit theoccluderorientation

distribution to includeonly thosedirectionspointingupwards.Thisshows thatonebenefit

of using samplingin our quality metric formulation is that it easily allows application-

specificconstraintsand/orrequirementsto beincludedin thequalityevaluation.

4.3.7 Summary of our proposedmetric

Basedon theanalysisof theprevioussection,we summarizethefinal versionof our pro-

posedqualitymetricas:� à ÐÜÚ Ä Î Ç���� ! Ä Ú#" Ò�Ô × ç Ò Ô × (4.7)

à ÐÜÚ Ä Î Ç���� ! Ä Ú#" Ò�Ô × $% ú ü
 ÉËÈ�� é ÿ �&������� ! Ä Ú#" Ò'��� Ý~Ð�� ô × ç<èêéEë Ò�Ô¿Õ���� Ý~Ð�� ô ×)(* (4.8)

where ! Ä Ú+" Ò-, × denotesthe probabilitydistribution of a randomvariable, and � Ò�Ô × is

the setof planesgoing throughpoint Ô of all possibleorientations. Both the points in

the working volume and the occluder(plane)orientationare drawn from somea priori

distribution.

Theassumptionsthatwehavemadearethatall featurepointsareindependentandthere
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Figure4.9: Examplesof usingnon-uniformdistributionsin thecomputationof thequality
metric. Left: uniform andnon-uniformspatialpoint samplingin thean immersive room,
a user’s position is useto drive a displayon one sideof the wall (marked by a thicker
black line). In orderfor thedisplayprogramto have uniform responsein termsof screen
pixels,moreaccuratetrackingis requiredwhentheuseris closeto thedisplaybecausea
slight movementcloseto thescreenwould causea hugemovementof thecontentson the
screen.Therefore,regionsnearthescreenis sampledmorefrequentlyto givethemaheavy
weighting in the quality metric. Right: uniform andnon-uniformsamplingin occluder
directions.An examplescenariowherethenon-uniformdistribution is usedfor trackinga
featurepointonthetopof aperson’shead,andweknow thatoccluder(thetopof thehead)
will not facedownward.
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is only oneoccluderata time; thusinter-objectocclusionis ignored.

4.3.8 Practical issues

The quality metric definedabove is the theoreticalquantitythat we would like to useto

measurecameraconfigurations.However, ascanbe seenfrom its formulation, in prac-

tice therearea few componentsin the definition which areup to the systemdesignerto

specify, suchaswhich normto useto combinetheper-point uncertaintyvalue,andwhich

generalfunctionto useto aggregatetheeffect of multiple occluders.Thedecisionis very

applicationdependent.For example,for thechoiceof the Û -normwith which to combine

the spatialsamples,if onewantsto evaluatethe worst-case,oneshouldusethe infinity-

norm,which is the max() function. If onewantsto evaluatethe averagequality, 1-norm

(mean-error)or 2-norm(mean-squared-error)canbe used. If onewantsto combinethis

metricwith somegenericoptimizerto obtainanoptimalsolution,it shouldbenotedthat

the infinity-norm resultsin flat regionson the function landscape.Therefore,optimizers

which rely on gradientsin the landscapewill not work optimally. We have found that a

2-normworkswell in practice.

The choiceof the generalfunction � ü to aggregatethe effect of all possibleocclud-

ersis evenmoreflexible andapplicationdependent.In otherwords,the functionchosen

shouldreflectwhat the designer“wants”or what is “desirable”basedon the application.

For example,a straight-forward andphysically intuitive choiceis againsomesort of Û -

norm, indicatingthe final quality is an “average”basedon all occluders.In fact,2-norm

will alsobeusedfor � ü in thesimulationspresentedlater in this chapter. But this aggre-

gationfunctioncantake on a morecomplex form thana simple Û -norm,andis up to the

systemdesigner. The main contribution of this work is to provide the “components”of

thequality metric,e. g. theresolutionbaseduncertaintyÓiÒ�Ô¿Õ¯ÖTÕ¯Ù × andthevisibility test

result ð Ò�Ô¿Õ¯Ù#Õ Úíì × in Equation(4.3), anda framework to put themtogether. But the sys-

temdesignercanchoosethespecificwaysto mergethesecomponentsinto a final quality

metric.

For example,theway thatEquation(4.3) is definedimpliesthatif apoint is beingseen

by no cameraor only onecamera,the sizeof the uncertaintyvolumeis infinity because
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thereis onedirectionthat hasinfinite uncertainty, i. e. instanceswhereat leasttwo cam-

erasseea point will get finite (andprobablysmall) uncertaintyvalues. This agreeswith

physicalprinciples,but for certainapplicationstheremaybeotherreasonswhereit is de-

sirableto have at leastthreecamerasseea point. In this casethe systemdesignercan

completelyignorethedefinitionof ç<è½é ë in Equation(4.3),andsimplycountthenumberof

instancesin which 0, 1, 2, 3, etc.camerascanseethepoint. A very “bad” scorecanthen

begivenfor thecaseswherefewer thanthreecamerasseethepoint; thefinal metriccanbe

theindividualscoresfor thenumberof unoccludedcamerasweightedby their frequency of

occurences.Anotherexampleis that,in Equation(4.3),theresolution-onlybasedtheuncer-

tainty ÓiÒ ÔïÕFÖ�Õ¯Ù × andð Ò�Ô¿Õ¯Ù#Õ Úíì × aremultipliedtogether. Thishasaphysicalinterpretation

thattheoverall uncertaintya point is theresolution-onlybaseduncertaintyconditionedon

it beingseen.In otherwords,oncethepoint is occluded,ð is infinity andtheoveralluncer-

tainty is infinity, nomatterhow smalltheresolution-baseduncertaintyis. Whatthismetric

meansis that, quantitatively, having occlusionis muchmoreseverethanbadresolution,

which is physicallycorrect.However, if in certainapplicationsthesystemdesignerwants

to guaranteecertainminimum resolutionandocclusionis a secondaryconcern,what he

probablycando is to evaluatecandidateconfigurationsusingthe resolution-onlymetric,

thenout of theconfigurationsthatsatisfyhis resolutionrequirement,hecanevaluatethem

againusingourmetricwith theocclusionmodelandpick theleastocclusionproneconfig-

uration.How to configurethequality metricto satisfynon-physicallybasedrequirements

by certainapplicationsis non-trivial andrequiresmore future research,andthis will be

discussedin Chapter5.

4.4 Experimental verification

Even thoughwe formulatedof our quality metric basedon physicalprinciples,we have

madesomeassumptionsandsimplificationsduringthecourseof development,andthere-

fore, we would like verify that the simplified modelstill reasonablyexplainsreality. In

orderto do that,we setup 256differentcameraconfigurationsusingup to 8 cameras.We

selectively disablesubsetsof the 8 cameras,so that we have onesetupwith all cameras

activated,8 setupswith 7 camerasactivated,eachwith a differentcameradisabled,and
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28 (i. e. 8 choose2) setupswith 6 cameraactivated,etc. Thereforethe total numberof

differentsetupsis 256. This way we only needto calibrateall 8 camerasonce(usingthe

methoddescribedin Chapter3) but areableto obtain256differentcameraconfigurations

to compare.

For eachconfiguration,we attacheda bright LED on variouspartsof a humanbody

suchasthehead,shoulder, knee,etc.We let thepersonmovearoundin a workingvolume

andby processingthevideostreamsfrom thevariouscameras,weareableto countateach

sampledtime instant,how many camerascanseethebrightLED featurepoint. Aggregat-

ing the numberof “visible” camerasof all of the framesof all of the sessions(with the

LED placedon differentbodyparts)yieldsa histogramfor a givencameraconfiguration,

showing how often how many camerascanseea point attachedto a body. Sucha his-

togramis shown in Figure4.10. This histogramgivesussomeideaof thecharacteristics

of the occlusionfor that particularconfigurationin motion tracking. Next we determine

thecameraparametersthroughour multi-cameracalibrationschemeandfeedthoseasin-

put to our quality metric. Given this configuration,we canalsousethe occlusionmodel

in our proposedquality metric to predicthow oftena randompoint in thevolumeis seen

by 0, 1, 2, 3, etc.cameras,andgeneratea predictedhistogramfor the numberof visible

cameras.We useda uniform distribution for both the occluderorientationsandthe target

positionsin theworking volume.A goodmodelshouldpredicta histogramthat is similar

to whatis obtainedfrom theexperiment.In orderto seethe“similarity” quantitatively, we

usethecommonregressionanalysistechnique[57].

In orderto performtheregressionanalysis,oneneedsto comeupwith asinglequantity

for eachexperimentallyobtainedhistogramandpredictedhistogram.Sinceit takesat least

two camerasto performtriangulationto determinethe3D positionof a point, it is impor-

tant for 3D trackingsystemsto have at leasttwo camerasseeingthefeaturepoint asoften

aspossible.Therefore,by summingup the numberof occurencesof 2 through8 visible

camerasonthehistogramandthendividing by thetotalnumberof cases,weareableto ob-

tainanestimateof theprobabilityof at leasttwo camerasseeingapoint for agivencamera

configuration.Wecomputethisprobabilityfor eachof the256cameraconfigurationsboth

from the experimentallyobtaineddataandthroughour simulation,andthe experimental

andpredictedprobabilitiesareplottedagainsteachotherin Figure4.11. A perfectmodel
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Figure4.10: Histogramof the numberof visible camerasof an 8-cameraconfiguration,
plottedfrom dataobtainedfrom 12motioncapturesessions.
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Figure4.11: Correlationbetweenthe experimentaland the model-predicteddata. Each
point representsa specificcameraconfiguration.Thex-axisis theprobabilitypredictedby
our dynamicocclusionmodel,andthey-axis is themeasuredprobabilityaggregatedfrom
all 12experimentaldatasets.
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Figure4.12: Thepredictedprobability(shown by ’x’ s) andexperimentallyacquiredprob-
ability (shown by ’*’ s)vs. thenumberof camerasin theconfigurations.

would generatea straightline from Ò/.�Õ�. × to Ò ÷ Õ ÷ß× , showing perfectcorrelation. But the

predictionfrom our modelis quitegoodaswell. Thecorrelationcoefficient betweenthe

experimentandpredictionis 0.968,quite closeto 1. Moreover, the correlationbetween

theexperimentaldataitself is 0.98,which meansthattherearevariancesin thedataitself,

andthereforethat a correlationof 0.98 is the upperboundof how well the experimental

datacanbepredicted.Giventhat,we concludethat thesimplifiedocclusionmodelin our

qualitymetricpredictstheactualocclusionbehavior quiteadequately. Thesmallvariances

that this modeldid not accountfor areprobablydueto the fact that we useda uniform

distribution for occluderorientationandtarget position,which is not really true. A more

specificandaccuratedistribution is expectedto improve thecorrelation,andis thesubject

of futureresearch.

The samedatain Figure4.11 canalsobe shown in anotherform in Figure4.12, in
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whichthepredictedandexperimentallyacquiredprobabilitiesareplottedagainthenumber

of camerasin the configuration. This graphshows that the morecamerasthereare in a

system,thelessoftenocclusionoccurs.

4.5 Camera placementexamples: impact of dynamic oc-

clusion

Themajorway thatwe envision thesemetricsbeingusedis in conjuctionwith someop-

timization process.The metric’s role is to tell whetheroneconfigurationis betterthan

another. However, it is evenmoreinterestingandusefulto obtainsomegeneralintuition

andguidelinesasto whatkind of cameraconfigurationsare”better” thanothersby analyz-

ing variouscameraconfigurations.This is a morechallengingtask,sincereachinggeneral

conclusionsrequiresa lot of analysis,synthesis,andverification,andit is alsonot clear

whethersuchageneraltrendexists.However, basedontheresolution-onlymetric,previous

researchersin computervision have performedsomeanalysison a few simpleconfigura-

tionswith 2-4camerasandhavedevelopedsomeintuition asto whatkind of camerasetups

arepreferableover others[91, 60] in termsof uncertaintydueto limited imageresolution

only. In this sectionwe seekto do something similar. We considerseveralsimplecamera

configurations,andevaluatethemusingboth our quality metric, andthe resolution-only

metric. Theobjectiveof doingthis is, first, to understandtheinteractionof resolutionand

occlusion,andwhetherthey have similar or differentrequirementson cameraplacement

patterns.Second,our previous intuition on cameraplacementwasbasedon minimizing

resolution-onlybaseduncertainty, but sinceocclusionmustalsobeconsideredin placing

camerasfor motioncapturetasks,it is importantfor usto build intuition basedonournew

metric,thattakesaccountof theimpactof bothresolutionand(dynamic)occlusiononpo-

sition uncertainty. More specifically, in the following examples,two differentmetricsare

usedfor evaluation. Oneis the resolution-onlymetric,which is basedon Equation(4.7)

with ç Ò�Ô × definedby Equation(4.2).Anothermetricis theresolution-occlusioncombined

metric,asdefinedby Equation(4.8). For bothmetrics,2-normis usedfor all aggregation

functions.For thecombinedmetric,theprobabilitydistributionsusedfor dynamicoccluder



CHAPTER4. DETERMINING OPTIMAL CAMERA CONFIGURATIONS 94

directionsandspatialpointsamplingareuniformdistributions.

Thefirst exampleshows theimpactof occlusionona cameraplacementpattern.Cam-

erasareconstrainedto moveonanoutersphere,andbothhaveafixedfield of view (FOV)

that is enoughto cover the target sphere,asshown on the left of Figure4.13. Because

of symmetry, theparameterthatreally independentlyaffectsthequality is therelative an-

gle 0 betweenthe two cameras.We plot the quality for 0 s from 0 to 180 degrees,with

andwithout consideringocclusion.If we considerresolutiononly, thebestconfiguration

occurswhenthe two camerasareorientedperpendicularto eachother, sincethe ”good”

directionof the3D errorof onecameracancelsthe”bad” directionof theother. However,

whenthecombinedmetricwith dynamicocclusionis used,thebestconfigurationis with

the two camerasfacingoppositeto eachother, becausethis increasesthe probability that

thereis at leastonecameraseeingthetargetspacefor occluderswith arbitraryorientations.

Note that in general,the resultasto what is a ”preferable”patternis closelytied to how

the metric is defined,so any result shouldbe interpretedin this context. Sincewe use

2-normwhenaggregatingtheuncertaintyvaluesin variousdirectionsin Equation(4.2)as

well as in Equation(4.3), it is a mean-squared-error. Consequently, whena point is not

seenby any camera,the uncertaintyin all directionsis infinity (a hugenumberin prac-

tice), so theoverall ç<è½é ë is huge.Whena point is seenby onecamera,only onedirection

(theline connectingthetargetpointandcameracenter)hasa very largeuncertaintyvalue;

the uncertaintyvaluesin the otherdirectionsarefinite andrelatively small, thereforethe

overall (average)uncertaintyvaluefor thispoint is small.Whatthismeansis thatby using

2-norm,a point seenby onecamerais betterthana point seenby no cameras.Basedon

thisassumption,whendynamicocclusionis considered,two camerasthatlook oppositeto

eachotherarepreferred.If in anapplicationa point seenby onecamerais no betterthan

oneseenby no cameras,thenthemetricneedsto beconfiguredto reflectthatby usingaÎ0ÝßÞ Ò × functionin Equations(4.2)and(4.3).

The secondexampleillustratesthe impact of occlusion‘ on the numberof cameras

neededto cover a certainspace.As in the first example,the taskis to cover a spherical

space;camerasare constrainedto stayon an outer spherewith fixed FOV. We usedan

evolutionaryalgorithmbasedoptimizer[85] to find thebestquality achievablefor a given

numberof cameras.Figure4.14plots thebestquality vs. thenumberof cameras.It can
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Figure4.13:An exampleof placingtwo cameras.Left: Two camerasconstrainedto move
on an outer spheretrying to cover a inner sphericaltarget space;the anglewith which
they intersectthespherecenteris 0 . Theocclusionandresolutionmetricsareminimized
at differentangles.Center:3D uncertaintyvs. 0 consideringresolutiononly. Right: 3D
uncertaintyvs. 0 consideringocclusiononly. ( 0 is from 0 to 180degrees.)

beenseenthat,if resolutionis theonlyconsideration,thebestqualitydoesn’t improvemuch

after thespaceis coveredby two cameras.However, if dynamicocclusionis considered,

addingmorecamerascontinuesto improvethequality.

The next exampledemonstratesthe impactof occlusionon the settingof camerafo-

cal length(or equivalently, the FOV). Two typical extremeconfigurationsareconsidered

(Figure4.15). Oneconfigurationhastwo clustersof cameras.Eachclusterconsistsof 4

narrow-anglecameras,eachcoveringonly one-quarterof the target space.The two clus-

tersareplacedso that they are90 degreesaparton the outersphere.This configuration

is analogousto usingtwo perpendicularhigh-resolutioncameras.Theotherconfiguration

consistsof 8 camerasspreadevenlyaroundthesphere.In thisconfigurationeachcamera’s

FOV is wide enoughto cover thewholesphere.If no occlusionis considered,thenarrow-

anglesolutiongivesthebestoverall resolution.If occlusionis considered,thewide-angle

configurationis bettersinceit is morerobust. In thewide angleconfigurationeachpoint

is observed by eight camerasratherthan two. This exampleshows that resolutionim-

provementandocclusionreductionhave conflictingrequirementson theFOV of cameras.
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Figure4.14: Quality vs. numberof cameras.(a) 6 camerasconstrainedto move on an
outerspheretrying to cover a innersphericaltargetspace;(b) 3D uncertaintyvs. number
of cameras.Error dueto resolutiononly is nearlyminimizedby only two cameras.Many
morecamerasareneededto ensurerobustnessagainstocclusion.Also notethat theexact
numberof camerasneededto reducethe3D uncertaintyto aresonablysmallvaluedepends
on therelative radiusof thespheres,so the ”7” on thegraphis not a magicnumber. The
largertheinnerspherecomparedto theoutersphere,themorecamerasareneededbecause
it is harder(or lesslikely) to ensurethata point on thesurfaceof the innersphereis seen
by at leasttwo cameras.

Thus,givenlimited cameraresources,trade-offs have to bemadebetweentheimportance

of resolutionandrobustnessdependingon thespecificapplication.

In thenext examplewe demonstratehow onecanapplytheproposedmetricin a more

practicalsettingto automatethe cameraplacementprocess,and the impactof dynamic

occlusion.

We combinethe metric with the evolutionary-algorithm-basedoptimizer in order to

automaticallyfind aplacementsolution.Thisoptimizeris chosenbecauseit is robustwhen

function landscapesarediscontinuousandalsobecauseof its ability to allow constraints

on thevariablesthatwewantto optimize.

Firstwetry to placethreecamerasof fixedfield of view to coverasquarefloor, consid-

eringresolutiononly. Thecamerasareconstrainedto beon theceiling. As shown in Fig-

ure4.16(a),oneof theconfigurationsthat theoptimizergeneratedthatgivesgoodoverall

resolutionputstwo camerasfarenoughapartto justcover thewholefloor, with therelative

orientationbetweenthemapproximately90 degrees.What’s interestingis theposeof the

3rd camera.In the solutionshown, it is placedon the ceiling looking straightdown and
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Figure4.15:Effectof differentFOVs. Left: Two cameraclustersseperatedby 90degrees.
Eachclusterconsistsof 4 narrow anglecameras,equivalent to a single high resolution
camera.Right: All camerasarewide-angleandevenlyspreadaroundthespherein 3D.The
diagramis a visualizationonly; thecamerasarenot coplanar. Theresolutiononly metric
preferstheformercase,while themetricwith occlusionconsideredprefersthelatter.

coveringthe”back” regionrelativeto theothertwo cameras.Thismakessensebecausewe

know thattheuncertaintyregion for eachcamerais an”ellipsoid” with theworst(longest)

directionbeingtheline connectingthetargetpoint andcameracenter. Whentwo cameras

arepointingin approximatelyperpendiculardirections,thetwo baddirectionscanceleach

other, andthe resultinguncertaintyvolumefor a point is like a spherewith more-or-less

evenuncertaintyin all directions.However, thevalueof thisuncertaintyis largerfor points

thatarefartheraway from thetwo cameras.Therefore,theregion that is fartherfrom the

two cameras(redandblueonesin Figure4.16)hasworse3D uncertaintydueto resolution.

To compensate,the3rdcamerais placedclosestto thatregionto providehigherresolution.

In contrast,if ourgoalis to optimizefor theleastprobabilityof occlusion,by applying

themetricwith ahighocclusionweighting,theplacementthattheoptimizerfoundisshown

in Figure4.16(b).As canbeseen,thisarrangementhasall threecamerasbackedoff sothat

eachof themcoversthewholesquare,i. e.everypointonthefloor is coveredwith all three

cameras.This matchesour intuition thatthemorecamerastherearethatseethetarget,the

lessoftenocclusionmighthappen.
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(a)
(b)

Figure4.16: An exampleof placingthreecameras.Optimalplacementpatternsof three
camerasconstrainedto beon theceiling trying to covera squarefloor. Colored”shadows”
aredrawn andsuperimposedon the floor to show the cameras’coverage.(a) in termsof
resolutiononly. The purplepart on the floor is the part coveredby both the red andthe
blue camera.(b) in termsof the combinedmetricwith dynamicocclusion.Thecameras
arebackedoff andevenlydistributedaroundthepatch.Everypointonthepatchis covered
by all threecameras.

It is interestingto notethatwehaveaskedpeoplein our labto proposecameraconfigu-

rations.No oneproposedadesignsimilar to theoptimizer’soptimalresolutionplacement;

however, onceeveryonesaw thecomputergenerateddesign,all agreedthatit makessense.

This illustratesthenecessityof aquantitativeapproachto cameraplacement.

4.6 Conclusions

In thischapterwehaveproposedametricto evaluatethequalityof amulti-cameraconfigu-

ration,in termsof bothresolutionandocclusion.It includesaprobabilisticocclusionmodel

thatreflectsthedynamicself-occlusionbehavior of thetargetwhich is commonlyfoundin

feature-basedmotion trackingsystems.The computationof the model is sample-based,

makingit easilyadaptableto applicationswith variousocclusioncharacteristics.In addi-

tion, a metric that takesinto accountboth resolutionandocclusionallows the previously

adhocprocessof placingmultiple camerasto becomeanautomatedquantitative process.
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Theinclusionof theprobabilisticbasedocclusionmodelmakesit especiallyusefulfor de-

signingmotioncapturesystemsandotherocclusion-dominanttrackingsystems.In simple

situations,it shoulddo aswell asa humandesigner’s intuitivesolution. In morecomplex

situations,it enablestheautomaticgenerationof solutionsthatmaytakeahumandesigner

alongtimeto find. Moreover, it enablesthefindingof optimalcameraconfigurationswhen

theplacementsolutionhasto beautomaticallygenerated.We have verifiedthevalidity of

theocclusionmodelby experimentaldata.Wealsohavedemonstratedhow thismetriccan

helpusin understandingthedesigntrade-offs of cameraplacement.Additionally, camera

configurationscanbe designedautomaticallyor semi-automaticallyfor trackingsystems

with variousrequirementandconstraints.



Chapter 5

Summary and Futur eWork

5.1 Summary of contributions

Thenon-intrusivenatureof camerasmakesthemaveryattractivechoicefor sensorsfor mo-

tion tracking,whichhasnumerousapplicationsin surveillance,entertainmentandmedicine.

Recently, asthecostof imagingsensorsaswell asprocessorsdecrease,largescaletrack-

ing systemsutilizing many camerasareemerging becausethey allow for a largerworking

volume,highertrackingaccuracy, morerobustness,andgreaterflexibility . However, the

addedcomplexity of suchsystemsmakesit difficult to calibrateall of the camerasinto a

singleglobalcoordinateframein ascalablefashion.It alsointroducestheproblemof how

to optimally place(or configure)camerasto maximizethetrackingperformance.Another

questionishow thehardwareandsoftwarearchitectureshouldbedesignedtoaccommodate

thelargenumberof camerasin ascalableandflexible manner.

Theoriginalcontributionsof thisdissertationare:

First,wehavedevelopedanovel wide-areamulti-cameracalibrationscheme.A system

of many (possiblyasynchronous)camerascanbecalibratedwith respectto a globalcoor-

dinatesystemin minutesby simply waving a bright light in theworking volumeobserved

by thecameras.This schemedoesnot requirephysicalmeasurementof 3D positionsand

thusis easyandquick to carryout; themethodis adaptableto workingvolumesof any size

andshape,andscalableto thenumberof cameras.Moreover, it caneasilycalibratecamera

setupswherenot all camerashave anoverlappingfield of view, a situationthat traditional

100
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methodscannotnothandle.

Second,wehaveproposedaquantitativemetricfor evaluatingthetrackingqualitygiven

a multi-cameraplacementconfiguration.Even thoughocclusionof trackedobjectshasa

hugeimpacton motion tracking,previous work only usesthe 3D uncertaintycausedby

limited imageresolutionof camerasto evaluatequality. Our metricconsidersboth image

resolutionand the likelihood of target occlusion. In the formulation of the metric, we

have proposeda novel probabilisticmodel that estimatesthe dynamicself-occlusionof

targetsandhaveverifiedits validity throughexperimentaldata.Usingthismetric,wehave

analyzedvariouscameraplacementpatternsandshown the impacton cameraplacement

requirementswhenconsideringeitheronly resolutionor bothresolutionandocclusion.

In addition,we have designedand implementedM-Track, a scalabletrackingarchi-

tecturefor real-timemotion trackingwith tensof cameras.Its one-processor-per-camera

designenablestheparallelprocessingof high-bandwidthimagedata.Theemploymentof a

centralestimatorbasedonextendedKalmanfiltering allows thesmoothandasynchronous

integrationof informationfrom camera-processorpairs. Sincecamerasarenot required

to be synchronized,this architectureresultsin easierdeployment, and enablesthe em-

ploymentof heterogeneoussensorsincludingcameraswith differentresolutionsandframe

rates.Thecentralestimatoralsoenablesthetrackingof multiple featuresandthecontinu-

ousandautomaticlabelingof thesefeaturesoncethey arelabeledin the initial frame. In

addition,it allows thecontinuoustrackingevenwhensomefeaturepointsaretemporarily

occluded.Threeend-to-endVR andmotioncaptureapplications,namelyLumiPoint,head

tracking,andsimultaneousbody/facecapture,arebuilt uponthis architectureto demon-

stratethevalidity andusefulnessof thesystem.

5.2 Futur ework

Many-camerasystemshave only recentlybeencommercialized,andthey canonly beaf-

fordedby large,well-fundedinstitutionsin the governmentor the entertainmentindustry

dueto high-endrequirementsonnecessarycomponentsandhighoperatingcosts(complex-

ity andmanuallabor).Many-camerasystemswith commoditypartshave justbecomefea-

siblerecently;thearchitectureandcapabilitiesof thesesystemsarestill anactive research
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areabecausemany openproblemsremainto be solved. This dissertationhasaddressed

issuesin cameracalibration,placementandsystemdesign.Certainlymorecanbedoneto

elaborateon thework reportedin this dissertation,andevenmorecanbedoneto address

otherissuesin many-cameratrackingthathavenotbeenthetopicof thisdissertation.

Calibration

Severalavenuescanbepursuedto enhanceourproposedmulti-cameracalibrationscheme.

One is to enabledynamicauto-calibration. Currently, camerasare calibratedstatically

in the sensethat they arecalibratedonceafter they areinstalled,andif afterwardssome

of their poseschange(e.g. when bumped),a humanoperatorneedsto notice that the

systemis now miscalibratedandrepeatour proposedcalibrationprocess.It the system

needsto be runningall the time, it is desirablefor the systemto dynamically“notice” a

mis-calibrationfrom the inconsistency amongcamerasandautomaticallyre-calibratethe

mis-alignedcamera(s)basedon observationsobtainedthusfar. Anotherenhancementis

to enablescalableintrinsic calibration. Our currentmethodsonly dealwith the scalable

calibrationof extrinsic parameters.Although extrinsic parameterstend to changemore

frequentlythenintrinsic onessinceany movementof cameraswould result in a change,

intrinsicparametercalibrationis still carriedoutonaper-camerabasis,andcanbetiresome

whentherearea lot of cameras.It would bedesirableto developa scalableschemethat

calibratesbothextrinsicandintrinsicparameters.

Placement

As mentionedin Section4.2, therehasbeenrelatively little work on cameraplacement

issuesfor motion trackingapplications.The quality metric describedin this dissertation

serves as a first steptoward the final goal of optimal cameraplacement.A numberof

avenuescanbepursuedto carrythiswork further.

First of all, it would beveryusefulto build a user-friendly interactivecameraplanning

systemthatutilizes this metric. Themain contribution of our metric is to provide anap-

proximatemodelto predictdynamicocclusion(i. e. theprobabilitiesof targetbeingseen
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by 0, 1, 2, ����� , cameras)andto demonstratetheimpactof consideringocclusionon cam-

eraplacementin additionto imageresolution.We have seenthatresolutionandocclusion

sometimeswill resultin conflictingrequirementsoncameraplacementpatterns.We have,

in our examples,lumpedtogethertheeffectof thetwo usingthenotionof 3D positionun-

certainty, which is basedon physicalprinciples.However, in practicalcameraplacement,

usersmighthaveotherwaysto specifytheirrequirements,andsometimestherequirements

arenotphysicallybased.For example,“I want3D resolutionof at least: whenapointdoes

getseen,andonly whenthatrequirementis satisfieddoI careabouthaving lessocclusion”.

Or “I want to maximizetheprobabilityof a featurepoint beingseeby at leastthreecam-

erasratherthantwo, andI wantthescorefor pointsbeingseenonly by two camerasmuch

worsethanthoseseenby three”. Statementslike thesereflectrelative weightingsbetween

resolutionandocclusionthataredifferentfrom thephysically-basedoneimplied in the3D

uncertaintyformulation. Thereforethefinal single-valuedmetricwill alsobedifferent. It

is importantfor a practicalcameraplanningtool to provide a suitableinterfacefor users

to specifytheir particularneedsandrelative weighting,andthento “translate”theseinto a

singlemetric. This metric will still consistof variouscomponentsdevelopedin this dis-

sertation,suchasthe variousocclusionprobabilities,but they will just be combinedin a

user-definedfunctionratherthanthephysically-oriented3D uncertaintyformulation.

Second,theperformancepredictionmodelin ourcurrentmetricassumesthatall feature

pointsareindependent.However, featurepointsareactuallycorrelatedin quitea few prac-

tical systems,especiallytheoneemploying moresophisticatedalgorithms.For example,

pointsaretemporallycorrelatedin a systemwhereoccludedpointsareinterpolatedfrom

their positionsin previousandlater frames;pointsarespatiallycorrelatedif a rigid body

or articulatedfiguremodelis imposedon pointsseenin thesameframe. In bothof these

cases,theocclusionof singlepointwould notcauseasdisastrousof a resultasin asystem

with multiple independentpoints. Therefore,the performancepenaltydueto that occlu-

sion shouldnot be ashigh. More elaboratemodelsshouldbe developedto handlethese

situations.

Anotherusefuldirectionof researchis to obtainmorepreciseprobabilisticmodelsfor

humanmotion. As canbeseenfrom theformulationof thequality metric in Section4.3,
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moreaccuratepredictionof theocclusionbehavior wouldrequiremorespecificprobabilis-

tic modelsfor targetmotionin termsof theirdirectionalandspatialdistributions.

Moreover, it would bedesirableto developquality metricsthatevaluateotheraspects

of thetrackingsystemperformancebesides3D positionalaccuracy, asa functionof cam-

eraconfigurationparametersin additionto positionandorientations.For example,frame

ratecanbeanothercameraparameterthatcanbeincludedin a cameraconfiguration,and

latency is an importantperformancemeasurefor many interactive systems.It would be

desirableto developa comprehensivemodelto allow designersto evaluatevariousconfig-

urationsandto choosethebestonethatminimizeslatency.

Systemdesignand generaltracking

Onegoalfor thesystemdescribedin this dissertationis to provide a working prototypeto

supportend-to-endapplicationsandatestbedfor furtherresearchin multi-cameratracking.

Becauseof this, in termsof systemdesign,morefocuswasgivento developinga working

end-to-endsystemthatis adequateto supportourrequiredapplicationsandflexible enough

to beenhancedlater. Ourarchitecturechoiceonly representsapoint in thedesignspaceand

furtherexplorationonalternativedesignsshouldbecarriedoutto findmoreefficientsystem

solutions.Specifically, themany-to-onestartopologybetweentheclientsandserverwould

notbeabletoscalewell whenthenumberof camerasincreasesmuchfromthecurrentlevel,

anda fully distributedsolution,whereall camera-processorpairscancommunicatewith

eachother, would bevery desirableif we areinterestedin building systemswith hundreds

of cameras.Anotherpromisingdirectionwould be hybrid trackingsystemsthat include

othertypesof sensors(suchasacousticor magneticones)besidesoptical cameras.The

hopeis that thedifferenttypesof sensorscancomplementeachotherin termsof latency,

range,rate,etc.A fully-distributed,wideareasensornetworkwouldbeourultimategoal.



Appendix A

Kalman Filtering: Theory and

Implementation

In this appendixwe first givebackgroundinformationon thediscreteKalmanfilter andits

non-linearvariation,theextendedKalmanfilter. Thenwe proceedto describethedetailed

modelsandfilter implementationsin M-Track. Lastly we describehow we set the filter

parameters.MoredetailsonKalmanfiltering canbefoundin [14] and[5].

A.1 The discreteKalman filter

SinceR. E. Kalmanpublishedhis paperin 1960 [47] describinga recursive solutionto

estimatethe stateof a lineardiscrete-timerandomprocess,the setof recursive equations

hepresented,theKalmanfilter, hasbeenthe topic of extensive research.Extensionsand

variantshave beenproposedthathave beenwidely usedin applicationsrangingfrom the

GlobalPositioningSystemto financialmarketprediction.

Thefilter operatesin a cycleof predictionandadjustment.It predictstheprocessstate

(theparametersthatwe areinterestedin) basedon a modelof theprocessdynamics,and

then adjuststhis predictionbasedon the discrepanciesbetweenthe predictedstateand

someactualmeasurementof thetarget. Themeasurementcanbea directmeasurementof

the states,or an indirect measurementof quantitiesthat areaffectedby the states.Both

thedynamicpredictionprocessandthemeasurementprocessareassumedto becorrupted

105



APPENDIXA. KALMAN FILTERING:THEORY AND IMPLEMENTATION 106

by someadditive Gaussiannoisewith known variance.The filter maintainsthe first two

statisticalvariantsof the processstate: the meanandthe variance.The final estimateof

the stateis usuallysomeweightedaverageof the predictedstateandthe measuredstate,

wheretheweightsreflect(inversely)how muchuncertaintythereis in thedynamicmodel

andin themeasurementmodel.TheKalmanfilter is optimalin thesensethatit minimizes

the expectedmeansquarederror betweenthe estimatedand the “true” states,if certain

conditionson the process,modelsandmeasurementsaremet. Thoughin practicethese

conditionsareseldommet,theKalmanfilter hasbeenshown to beableto generaterobust

andsatisfactoryresultsin many less-than-idealcircumstances.

A.1.1 Mathematical models

TheKalmanfilter musthavetwomathematicalmodelsfor prediction.Thefirst isadynamic

modelthatdescribeshow thecurrentstateis evolvedfrom a previousstate,i. e.; Ç=< î à?> Ç ; ÇA@CB¢Ç (A.1)

The secondis calleda measurementmodelwhich describeshow the measurementis

derivedfrom thecurrentstate,i. e. D Ç àFE Ç ; ÇA@HG�Ç (A.2)

Thenotationandtermsusedfor thevectorsandmatricesin Equations(A.1) and(A.2) are

specifiedasthefollowing:; Ç : ÒJILK ÷ß× statevectorat time MON>PN : ÒJIHKQI × matrix relating ; N to ; N < î in theabsenceof anexternalforceor disturbance

(or statetransitionmatrix if eachelementof ; N is a sampleof a continuousprocess,

seeAppendixA.3.2).B N : Ò-IRK ÷ß× processnoisevector. Eachelementof B N is assumedto bea white sequence

with known covariance.A white sequenceis definedasa sequenceof zero-mean,

uncorrelatedrandomvariables,e.g. thediscreteanalogof acontinuous-timerandom
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process.That is, the randomvariableswithin a givensequence(vector)have zero

meansandaremutuallyuncorrelated.D N : ÒJSTK ÷ß× measurementvectorat time MONEUN : Ò-SVKWI × matrix describingthe noiselessrelationshipbetweenthe measurementand

thestatevectorat time MONG N : ÒJS K ÷ß× measurementnoisevector. Eachelementof G N is assumedto be a white

sequencewith known covarianceandis uncorrelatedwith theelementsof B N
TheKalmanfilter modelstheuncertaintiesin thedynamicpredictionandthemeasure-

mentprocessesastwo independent,additive white noises.More precisely, the elements

of both theprocessnoisevector B N andthemeasurementnoisevector G N areassumedto

bewhite sequences.Moreover, the sequenceswithin G N areassumedto have zerocross-

correlationwith thecorrespondingsequenceswithin B N . Thecovariancematricesof vec-

tors B N and G N areassumedto beknown as:XZY B N B\[ô^]`_ acb N Õed _gfh Õ dji_gf (A.3)XkY G N G [l ]`_ acm N Õgd _nfh Õ doi_nf (A.4)XkY B N G [l ]`_ h Õ for all f andd (A.5)

A.1.2 Derivationsof the filter equations

Beforethefilter canbegin to operateandestimateaprocessstatefrom somemeasurement,

two moreassumptionsmustbemade.First,weneedto assumethatat thispointwealready

haveana priori estimateof theprocessstate,pqsrt , basedonourknowledgeabouttheprocess

prior to u t . (The “hat” denotesestimate.) We also assumethat we have someidea of

the accuracy of this estimate.That is, we definethe estimationerror to be the difference

betweenthe“real” stateandtheestimatedstate:v rt _ q txw pq rt (A.6)
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andwedefineits associatederrorcovariancematrix to bey rt _nz Y v rt v r [t ]{_gz Y}| q t~w pqsrt�� | q txw pqsrts� [ ] (A.7)

This covariancematrix reflectsthefilter’s own estimateof its stateuncertainty. Notealso

thatany changein thestateestimatepq would resultin a changein v , which in turn would

changetheestimationcovariance
y

. Thus,
y

needsto beupdatedevery time q is updated.

Given the prior estimate pqsrt , we now seekto usethe measurement� t to improve the

prior estimate.Specifically, we chooseto let the updated(a posteriori) estimate pq t be a

linearblendingof theprior estimatepqsrt andthedifferencebetweenanactualmeasurement� t andapredictedmeasurement� t pqsrt asdescribedby theequationpq t _ pq�rtU�H� t | � tAw � t pqsrts� (A.8)

where � t is definedas the blendingfactoror gain that minimizesthe error covariance

matrix
y t associatedwith theupdatedestimatepq ty t _nz Y v t v [t ]�_gz Y�| q txw pq t � | q tAw pq t � [ ] (A.9)

(Thejustificationfor choosingthespecificform of Equation(A.8) is beyondthescopeof

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

in severalsteps.Firstwe substituteEquation(A.2) into Equation(A.8); next we substitute

the resultingexpressionfor pq t into Equation(A.9). Thenwe take the derivative of the

trace1 of matrix
y t with respectto � t , setthederivative to zero,andsolve for � t . The

resultingoptimalgainis � t _ y rt � [t | � t y rt � [t � m t � r{� (A.10)

This particular � t thatminimizesthemean-squareestimationerror is calledtheKalman

gain. It is interestingto note from Equation(A.10) that, as the prior estimateerror
y t

1Thetraceof a matrix is its majordiagonal.
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approacheszero,thegain � t approacheszeroandasa resulttheupdatedestimatepq t ap-

proachesthepriorestimatepqsrt . Ontheotherhand,asthemeasurementerror m t approaches

zero, � t approaches� r{�t andconsequently, theupdatedestimatepq t approaches� r{�t � t ,
which canbe interpretedas the statethat is mappedback from the actualmeasurement

usingtheinversemeasurementmodel.Thesmallerthemeasurementerror m t is, themore

“believable”theactualmeasurementis andthemoretheactualmeasurementcontributesto

theupdatedstateestimate;ontheotherhand,thesmallertheprior (predicted)estimateerrory rt is, themorewe believe thepredictedstateandthemorethepredictedstatecontributes

to thefinal stateestimate.

We now have a way to obtainan improved estimateof the statewith the additional

informationprovidedby themeasurementat time u t , usingof Equation(A.8) with � t set

to the Kalmangain. This requiresthe knowledgeof q rt and
y rt , andsimilarly we need

to know q�rt=� � and
y rt=� � at the next stepin orderto processa new measurementat u t=� � .

Theprior statefor thenext stepq rt=� � canbeeasilypredictedthroughtheuseof theprocess

modelgivenby Equation(A.1), andtheassociatederrorcovariance
y rt=� � canbeevaluated

by plugging q rt�� � into Equation(A.7) andperformingtheindicatedexpectation.

To summarize,theKalmanfilter is a setof equationsthatassimilatediscretemeasure-

mentsinto optimalstateestimatesin arecursivefashion.Thefilter operatesin aprediction-

adjustmentcycle. Theequationsin thepredictionstageprojectforwardin time thecurrent

stateto obtain the a priori estimatefor the next time step,and the equationsin the ad-

justmentstageincorporatemeasurementsat thenext time stepinto thea priori estimateto

obtainanimproveda posterioriestimate.Thecompletesetof equationsfor theprediction

stageandadjustmentstagearelistedbelow2.

Predictionequations: pq rt � � t r{� pq t r{� (A.11)y rt � � t r{� y t r{� � [t r{� � b t r{� (A.12)p� t � � t pq�rt (A.13)

2All of the Kalmanfilter equationscanhave severalmathematicallyequivalentforms. We will just list
oneform here.
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Adjustmentequations: � t � y rt � [t | � t y rt � [t � m t � r{� (A.14)

pq t � pq�rtU�H� t | � tAw � t pqsrts� (A.15)

y t � |�� w � t � t � y rt (A.16)

A.2 The extendedKalman filter

TheoriginalKalmanfilter assumeslineardynamicsandlinearmeasurementmodels.How-

ever, many practicalapplicationshavenon-lineardynamicsand/ornon-linearmeasurement

relationships,andit is importantto have a way of linearizingthe problem. This canbe

handledby anextensionof theoriginal,calledtheextendedKalmanfilter (EKF). An EKF

linearizesthemodel(s)aboutatrajectorythatis continuallyupdatedwith thestateestimates

resultingfrom themeasurements.ThoughtheEKF is sub-optimaldueto thelinearization,

it hasbeensuccessfullyusedin numerousapplicationswith non-linearmodelsin thepast

andcontinuesto beoneof themostimportantandwidely-usedextensionsof theKalman

filter. As with thediscreteKalmanfilter, theEKF alsooperatesin a prediction-adjustment

cycle. Thefilter equationsfor thepredictionstageandadjustmentstagearelistedbelow:

Predictionequations: pq rt � � | pq t r{� � (A.17)y rt � � t r{� y t r{� � [t r{� � b t r{� (A.18)p� t � � | pq rt � (A.19)

Adjustmentequations:
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� t � y rt � [t | � t y rt � [t � m t � r{� (A.20)

pq t � pqsrt��C� t | � tAw � | pqsrt��
� (A.21)

y t � |�� w � t � t � y rt (A.22)

The basicoperationof the EKF is very similar to that of the linear discreteKalman

filter, exceptfor a few differences.

1. A non-linearfunction � |�� � relatesthe stateat time u t r{� to the stateat time u t , and

anothernon-linearfunction � |�� � relatesthestateto themeasurement.

2. Thedefinitionsof � t and � t aredifferent.They arenow Jacobianmatrices.� t is

the Jacobianmatrix of partial derivativesof � |/� � with respectto q t , and � t is the

Jacobianmatrixof partialderivativesof � |�� � with respectto q t . Thatis, theelement

at the d th row and� th columnof thematricesaregivenby� t Y d�� ��� � �� q t Y ��� � Y d � | q t � (A.23)� t Y d�� ��� � �� q t Y ��� � Y d � | q t � (A.24)

Intuitively, Jacobianmatrix � t representshow muchchangeoccursin thenext stategiven

a unit amountof changein the currentstate,i. e. the sensitivity of the next stateto the

currentstate;similarly, Jacobianmatrix � t describesthesensitivity of themeasurementto

aunit amountof changein thecurrentstate.
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A.3 The Kalman filter implementation in M-Track

In this sectionwe describethe (extended)Kalman filter implementedin M-Track. We

shalldescribethedetailedstatevector, dynamicmodel,measurementvector, measurement

model,andthe associatednoisecovariancematrices. We shall summarizethe complete

filter cycle includinganadditionalstepcalleddataassociationthatwasnot presentin the

theoreticalfilter cycle but is unavoidableandnecessaryin practice.We shallalsodescribe

how filter parametersaredetermined.

A.3.1 The Kalman filter cyclein M-Track

The statevector

In thecurrentM-Track implementation,therearethreetypesof targetswith differentas-

sociatedKalmanstatevectors. The target canbe a singlepoint, in which casewe only

needthe positionandits derivatives(velocity, acceleration,etc.) to describeits motion.

The target canalsobe a rigid objectwith multiple LEDs mounted.In this casewe need

boththepositionandorientation(aswell astheirderivatives)to fully describethemotion.

Thereis alsothecasewherethetargetis a full articulatedhumanbodywith multipleLEDs

mounted.Eventhoughit is possibleto representits motionusingoneabsolutepositionto-

getherwith a setof relativeanglesbetweenlinkageswith known lengths(for example,see

[12]), we chooseto treatthis caseasmultiple independentsinglepoints,eachwith a posi-

tion vector. This is mostlyfor implementationsimplicity becauseusingthis representation

we canleverageour implementationof singlepoint trackingandextendthat to multiple

instances3. Sincea singlepoint is just a degeneratecaseof a rigid body(with no needfor

orientation),in thissubsectionwewill describetheKalmanmodelsandparametersusedto

tracka singlerigid body. Theapproachthatwe took to extendthesingletargetalgorithm

to trackmultiple targetsis describedin Section2.2.3.2of themaintext.

Sincethe positionandorientation(andtheir derivatives)completelydescribethe mo-

tion of a rigid body, we could just includethemdirectly in the Kalmanfilter statevector

3Sincewearemostlyinterestedin trackingarchitectureissuesin thiswork, weconsiderarticulatedfigure
modelinganorthogonalissue.Interestedreaderscanfind relatedwork in [12, 37, 69, 54, 26, 51, 25, 58, 72,
10, 24, 45].
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commonrepresentationsfor positionandorientation,respectively. However, to avoid the

non-linearitiesandsingularitiesassociatedwith Eulerangles,in actualimplementationwe

maintainthe orientationasa quaternionexternally to the Kalmanfilter, asin [13, 1, 88].

More specifically, in the internalfilter statevector q , while we maintainthe target posi-

tion directly usingits Cartesiancoordinates� , for orientationwe maintainthe change in

Euleranglesor the incrementalorientationusingsmallEulerangles¡¢� � | ¡ � � ¡ �+� ¡   �
aroundthe

|-� ������� � axis. At theendof eachfilter cycle, theupdatedincrementalorienta-

tions
| ¡ � � ¡ �£� ¡   � , whichrepresenttheinterframerotation,are“addedonto” theexternal

quaternion¤ � |/¥
¦ � ¥�§ � ¥
¨ � ¥�© � to obtainthe updatedglobal orientation,andthenzeroed

beforethenext filter cycle asshown in Equation(A.41). Thus,the incrementalEuleran-

glesarelinearizedfor theEKF, centeredaboutzero.TheseincrementalEuleranglesdonot

overparameterizerotationandareapproximatelyindependent,andthereforecanbe used

for reliablelinearization.In addition,theinternalstatevectoralsoincludesthefirst deriva-

tivesof target positionandorientation,i. e. the velocitiesin 3D and angularvelocities

aboutthe(x,y,z) axis. (Theangularvelocitiesareincludedin thestatevectordirectly be-

causethey behave morelike independentvectorsanddo not exhibit thenon-linearitiesof

theEuleranglesthemselves).Therefore,wehaveq � | � �^ª� � ¡¢� �«ª� � [ � |J� ���¬���#� ª� � ª�­� ª�®� ¡ � � ¡ �+� ¡  o� ª� � ª�+� ª  � [ (A.25)

asthecompleteEKF statevectorfor a rigid body. Theglobalorientation¤ � |/¥
¦ � ¥
§ � ¥
¨ � ¥
© � (A.26)

is maintainedexternallyandusedin thelinearizationateachfilter step.

The dynamic model

The dynamicmodel in a Kalmanfilter describeshow the processto be estimatedvaries

with time whenno external force is exerted. In M-Track, the processto be estimatedis

themotionof thetarget,wherethetargetis eitherhuman-heldobjectsor anactualhuman.
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FigureA.1: Continuous-timeconstantvelocity dynamicmodel.For eachelement° in the
positionandorientationstatevector ± � �O�¬���+� � ���£�� o² , ³ is the correspondingwhite noise
that drivesthat element.The linear andangularaccelerationsarethusmodeledaszero-
meanwhite noise. As a result, the linear andangularvelocitiesaremodeledasrandom
walks(integratedrandomnoise),andpositionandorientationareintegratedrandomwalks.

Modelingpreciselythedynamicsof humanmotionisachallengingon-goingresearchprob-

lem in fields includingbio-mechanicsandmedicine. In Kalmanfiltering, we arelooking

for modelsthataresimpleenoughto beimplementable,yetstill describethephysicalphe-

nomenonwith reasonableaccuracy. In M-Track,wehavechosenasimpleconstant-velocity

modelto describethedynamicsof targetpositionandorientation,similar to previouswork

[13, 1, 88, 11] describingthetrackingof humanmotion. While employing a differentdy-

namicmodelmight improvethetrackingperformancefor certainsituations,suchmodeling

issuesarenot thefocusof this thesis,andinterestedreaderscanfind introductorymaterials

in Chapter10of [14].

Theconstantvelocity modelassumesthat thevelocity of the targetwill stayconstant

but is subjectto additive zero-meanrandomnoise,e. g. the accelerationof the target is

assumedto be zero-meanwhite noise. The velocity, as the result of the integrationof

the acceleration,is a randomwalk, andthe positionis an integratedrandomwalk. This

modelis alsousedfor theorientation.Angularaccelerationis modeledaszero-meanwhite

noise,andconsequently, angularvelocity is a randomwalk andorientationis anintegrated

randomwalk. This is shown in block-diagramform in FigureA.1.

As seenin Equation(A.47) in AppendixA.3.2, for this constantvelocity model, the

statetransitionmatrix relatingtheelementpair
|-� � ª� � at two time instantsthatare ¡ju apart

are given by ´�µ ¡juh µ·¶ , and this relationshipholds for the remainingelementsof the

statevectorshown in Equation(A.25). Thus,after aligning the stateelementswith their
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correspondingderivatives,weobtainthecompletestatetransitionmatrix � | ¡¸u � for thefull

12-memberstatevector q in Equation(A.25) as

� | ¡ju � �V¹ºººº»
�
¼ ¡¸u �
¼V½¾¼ ½¾¼½«¼ �
¼ ½¾¼ ½¾¼½«¼ ½«¼ �
¼ ¡ju ��¼½«¼ ½«¼ ½¾¼ �
¼

¿�ÀÀÀÀÁ (A.27)

where
�
¼

is the3x3 identitymatrixand
½«¼

is the3x3zeromatrix.

The processnoise

TheprocessnoisevectorÂ t in Equation(A.1) modelstheuncertaintyin thetargetmotion.

Theelementsof thisvectorarewhitesequencesthatmodeltheresponsesof thecorrespond-

ing elementsof thestatevector q to thewhite noisesource³ (i.e. acceleration)over time¡ju . Eventhoughtheindividualwhite sequenceswithin Â t areuncorrelatedin time, there

arecorrelationsbetweenthewhitesequenceswithin Â t atagiventimeinstantu t whichare

givenby theprocessnoisecovariancematrix b t . More specifically, in our discreteimple-

mentation,becauseeachwhitesequenceis assumedto betimestationary, b t is a function

of thesampleduration¡ju only. Assumingthevarianceof thepositionalaccelerationis Ã¾ÄÅ
in eachof the

|J� ���¬��� � directions,andthe varianceof the rotationalaccelerationis Ã¾ÄÆ in

eachof the
|�� ���+��  � directions,b | ¡ju � canbeevaluatedanalyticallyfrom � | ¡ju � asshown

in AppendixA.3.2,andis givenby

b | ¡ju � � ¹ºººº»
ÇÉÈ^Ê'Ë-Ì¼ Ã¾ÄÅ ��¼ Ç�È¬Ê'Ë}ÍÄ Ã¾ÄÅ �
¼ ½¾¼ ½«¼ÇÉÈ^Ê'Ë ÍÄ Ã Ä Å ��¼ | ¡ju � Ã Ä Å �
¼ ½¾¼ ½«¼½«¼ ½«¼ ÇÉÈ^Ê'Ë-Ì¼ Ã¾ÄÆ ��¼ ÇÉÈ^Ê'Ë}ÍÄ Ã«ÄÆ ��¼½«¼ ½«¼ ÇÉÈ^Ê'Ë ÍÄ Ã Ä Æ ��¼ | ¡ju � Ã Ä Æ ��¼

¿ ÀÀÀÀÁ (A.28)

Notethattheoff-diagonalelementsof b | ¡¸u � modeltheinstantaneouscorrelationsbetween

a position/angleelementandits respective derivative. Theactualvaluesfor Ã Ä Å and Ã Ä Æ are

determinedby empiricalexperiments,whichwill alsobedescribedin AppendixA.3.2.
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The measurementmodel

Themeasurementmodelis usedto predictthenoise-freesensorresponsegiventhefilter’s

currentstateestimateasin Equations(A.25) and(A.26). In M-Track,sincethemeasure-

mentsat any time arethe2D imagecoordinatesof theLEDs on thetargetasobservedby

a particularcamera,this mappingdependsalsoon the parametersof the camera,aswell

asthepositionof theLED relative to thetargetcoordinateframe. If therearea total of M

point features(LEDs)on thetarget,the2D coordinatesp�£Î�Ï Ð of the Ñ th LED on theimage

planeof cameraÒ is p�£Î�Ï Ð �g� Î | q � ¤ �ÔÓ«�ÔÕ Ð �^�CÖ (A.29)

whereÓ denotestheparametersof cameraÒ and Õ Ð denotesthe3D coordinatesof the Ñ th

LED relative to the target local coordinateframe. The function � |�� � computesthe 2D

projectionof the Ñ th LED from thecompletestateinformation q Ê and ¤ Ê , aswell asfrom

cameraparametersandlocal LED coordinates.Thedetailedexpressionfor � |�� � is quite

involved,but canbecomputedthrougha seriesof 3D and2D coordinatetransformations

andgeometricprojections[55, 28]. Since � |/� � is non-linear, theextendedKalmanfilter is

usedandameasurementJacobianmatrix ��Î
Ï Ð is computedaccordingto Equation(A.24).

ThisJacobiandescribesthesensitivity of themeasurementto changesin theKalmanstates.

Notethatthematrix ��Î�Ï Ð hasdimension×ÙØWÚ , andthatthereis adifferent ��Î�Ï Ð for each

differentcameraandLED pair.

The measurementnoise

Themeasurementnoisereflectstheuncertaintyin theactualreported2D imagecoordinates

dueto randomerrorsuchasimperfectfeatureidentification,noisein thevideosignal,etc.

Thenoiseonthe Ñ th LED is representedby the ×�ØÛ× measurementnoisecovariancematrixm Ð . Assumingthatour 2D featurelocationprocessis independenton thetwo axesof the

imageplane,m Ð is a diagonalmatrix

m Ð �ÝÜ Ã¾Ä§ l hh Ã Ä¨ l~Þ (A.30)
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whereÃ«Ä§ l and Ã«Ä¨ l arethevariancesof our2D measurementin the
�

and� directionsof the

imageplane,respectively. Again,thevaluesof Ã¾Ä§ l and Ã«Ä¨ l aredeterminedempirically(see

AppendixA.3.2),andcanvaryamongcamerasif they areheterogeneous.

Measurementdata association

The full predictedmeasurementvectoris the concatenationof all LED observations p�£Ð ,µàß Ñ ß·á . However, in actuality, a cameramaynot seeall of theLEDs dueto occlu-

sion.Therefore,theactualmeasurementvector � usuallyhasfewerelementsthan p� . More

important,in ordertocomputethemeasurementdiscrepancy or residualsin Equation(A.8),

we needto determine,for eachactualobserved2D coordinate,which oneof the á LEDs

hascausedit. This problemof finding correspondencesbetweentheobservationsandpre-

dictions,known asthedataassociationproblem,hasbeenan intensetopic of researchin

thetrackingcommunityfor years[5, 18], andthereis not yet a completelysatisfyingand

robustalgorithm. We have adopteda modifiedversionof the nearestneighboralgorithm

presentedin [5]. For eachobserved LED dot, we searchthroughall predicted2D loca-

tions p�£Ð , µÛß Ñ ß`á , andassociatethenearestpredictedlocationwith this observation.

Oncewe find theassociatedpredicteddotsfor all actualobserveddots,we canconstruct

the ×âÑãØ µ predictedmeasurementvector p� by stackingup theappropriateindividual p�£Ð s

associatedwith theactualmeasurement.Themeasurementnoisecovariancematrix m and

theJacobianmatrix � for the Ñ observeddotsareformedin a similar fashionby stacking

up theappropriatem Ð sand �UÐ s,asillustratedin FigureA.2. Sincethe p� , m , and � asso-

ciatedwith thesetof LEDs thatareactuallyseenareusuallysubmatricesof thefull forms

associatedwith all of the LEDs, we usea subscript“sub” to distinguishthemfrom their

full counterparts.Obviously, thesubsetof thefeaturepointsbeingseenvariesfrom frame

to frameandcamerato camera.Therefore,thesizesof p��ä�å�æ , m ä�å
æ , and ��ä�å
æ vary from one

filter cycle to another.

The initial statesand stateerror covariance

As describedin the previous section,the Kalman filter maintainsand updatesa çeØCç
covariancematrix

y
that reflectsthe filter’s estimateof the uncertaintyin the states. In
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FigureA.2: Matchingthe setof actuallyobserved2D dots ��é�ê'ë�å�é�ì with the setof all pre-
dicted locations p��íîå�ìÉì . Usually only a subsetof the predictedpoints are observed. The
resultingpredictionvector p��ä�å�æ that is usedin calculating ¡¢� later only containsentries
correspondingto thoseobservedpoints. Consequently, the m ä�å�æ and �kä�å�æ matricesused
in computingtheKalmangainarealsosub-matricescorrespondingto only thoseobserved
points.Notethat thelengthof vector ¡¢� is ×�Ñ , whereÑ is thenumberof LEDs actually
observedby a camerafor thatframe.For thesamereason,thesizeof m ä}å�æ is

| ×�ÑïØð×âÑ � ,
with Ñ | ×ñØð× � matricesm Ð on its diagonal,andthesizeof ��ä�å
æ is

| çRØð×�Ñ � , whereç is
thelengthof thestatevector.
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orderto bootstrap,aninitial valueof
y

needsto begivento thefilter, alongwith theinitial

valuesof the states.We start the tracker by putting the target object in somecanonical

location and orientation,and feed the canonicalposition and orientationto the filter as

the initial states.In practice,the targetobjectdoesnot have to bepreciselypositionedor

oriented,andonly needsto becloseto thecanonicallocationandorientation.Welet
y

bea

diagonalmatrixwith its diagonalelementssetto besomelargenumber, signifying thatwe

don’t know muchabouttheactualpositionandorientationof thetarget.Theelementsof
y

becomesmallerasmoremeasurementsareincorporatedinto thefilter, resultingin smaller

uncertaintiesin thestateestimates.

Summary of the completefilter cycle

The stepsinvolved in a completefilter cycle with the specificmodelsandparametersin

M-Trackis summarizedbelow.

At thebeginningof eachfilter cycle, thefilter alreadyhastheknowledgeof theprior

internalstateestimate pq t r{� , its associatederror covariance
y t r{� , and the prior external

orientation p¤ t r{� , for thetime instantwhichwas ¡ju beforethecurrentmeasurement.Now,

to integratethecurrentmeasurement� from cameraÒ with size ×�Ñ for Ñ observedLEDs,

the filter cyclesthroughthe following steps(the subscriptf is droppedfor all quantities

correspondingto thecurrenttime instantfor conciseness):

1. Predictthestateanderrorcovariance.pq�r � � | ¡ju � pq t r{� (A.31)y r � � | ¡ju � y t r{� � [ | ¡¸u ��� b | ¡ju � (A.32)

where� | ¡ju � and b | ¡ju � aregivenin equations(A.27) and(A.28), respectively.

2. Predictthemeasurementandcomputethe measurementJacobianfor all á feature

points(LEDs)on thetarget.p�£Ð �n� Î
Ï Ð | pq r � p¤ ��Ó«�ÔÕ Ð � (A.33)�UÐ � �� q | pqsr � p¤ ��Ó«�ÔÕ Ð � (A.34)
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for µxß Ñ ßná . Notethatthereis adifferent �£Ð and ��Ð for every featurepoint.

3. Performdataassociation:for eachobserved LED dot find its associatedpredicted

location. Constructthe correspondingpredictionvector p��ä�å�æ (of length ×âÑ ), mea-

surementnoisematrix m ä}å�æ (of size ×�Ñ Øò×�Ñ ) andJacobianmatrix ��ä}å�æ (of size×�ÑóØôç ) by constructingtherespective individual p�£Ð s, m Ð s and ��Ð s.

4. ComputetheKalmangain.� � y r � [ | � y r � [ � m � r{� (A.35)

5. Computetheresidualbetweentheactualmeasurement� andtheassociatedpredic-

tions p��ä}å�æ . ¡¢� � � w p��ä}å�æ (A.36)

6. Updatethepredictedstateestimateanderrorcovariancebasedon themeasurement

residualandtheKalmangain. pq � pqsr �C� ¡ñ� (A.37)y � |�� w � ��ä}å�æ � y r (A.38)

7. Updatetheexternalorientationby factoringin theincrementalrotation
| ¡ � � ¡ �£� ¡   �

in thestatevector. Theincrementalrotation,expressedin quaternionform, is given

by ¡ðp¤ � |/õ µ w÷ö � ¡ �­ø × � ¡ � ø × � ¡   ø × � (A.39)

whereö � | ¡ � Ä � ¡ � Ä � ¡   Ä � ø+ù . This incrementalrotationis thencomposedwith

thepreviousglobalquaternionto obtainthecurrentglobalquaternionp¤ � p¤ t r{�^ú ¡ðp¤ (A.40)
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FigureA.3: An examplestatetracegeneratedby thecentralestimator, showing thex (blue),
y (green)andz (red)positionsof a targetpoint moving alonga rectangularpathin a plane
almostparallelto they-axis.

whereú denotesaquaternionmultiplication([40, 41]).

8. Set the incrementalrotationelements
| ¡ � � ¡ �+� ¡   � in the statevector q back to

zero. ¡ � � ¡ � � ¡   � h
(A.41)

And pq ,
y

and p¤ becomethepriorsfor thenext cyclewhena new measurementcomesin.

As an example,FigureA.3 shows the
|-� ������� � positionplot of a target moving in a

rectangularpath.
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A.3.2 Determination of filter parameters

TheKalmanfilter requiresthat theprocessnoisecovariancematrix b t andthemeasure-

mentnoisecovariancematrix m t , definedin Equations(A.3) and(A.4), be known prior

to operationof the filter. In this sectionwe briefly describehow to setthevalueof these

matrices.

If thediscretemodelof Equation(A.1) comesfrom asampledcontinuous-timesystem,

which is very commonin practice,thecovariancematrix associatedwith Â t canbeeval-

uatedanalytically from their continuousmodels. We begin with a a continuousprocess

describedby ªq �?û q �Cüþý (A.42)

where ý is a vector forcing function whoseelementsarewhite noise,and û and ü are

the matricesrelating the derivative of the stateto the stateitself and the external force,

respectively . We considerthesamplesof this processat discretetimes u ÿ � u � � ����� � u t � ����� .
Statespacemethods[46] canbeusedto solve Equation(A.42) andrelatethesampleof q
at time u t=� � with thesampleat u t :q | u t�� � � �F� | u t=� � � u t � q | u t �^� � Ê����
	Ê�� � | u t�� � ��� �Oü | � � ý | � ��
 � (A.43)

where � t canbeevaluatedfrom thecontinuousmodelby usingthe inverseLaplace(do-

natedby � ) transform � | u t=� � � u t � ��� � r{� Y�| ° � w û � r{� ��� Ê ����	Ê��#Ê�� (A.44)

Equation(A.43) canbeequivalentlywrittenusingamoreconcisenotation,q t=� � �?� t q t � Â t
It canbeclearlyseenthatthisis thesameasEquation(A.1), where� t is thestatetransition

matrix from u t to u t=� � , and Â t is thedrivenresponseat u t�� � dueto thewhite noiseinput



APPENDIXA. KALMAN FILTERING:THEORY AND IMPLEMENTATION 123ý t duringthe
| u t � u t=� � � period.We canthereforeanalyticallyevaluatethe b t matrixasb t � z Y Â t Â [t �� z a�� � Ê ����	Ê � � | u t�� � ��� � ü | � �Oý | � ��
 � � Y � Ê ����	Ê � � | u t�� � ��� �Oü | � � ý | � ��
 ��� [��� � Ê����
	Ê�� � Ê����
	Ê�� � | u t=� � ��� �Oü | � � z Y ý | � �Oý [ | � � � ü [ | � � � [ | u t=� � ��� ��
 � 
 � (A.45)

The matrix z Y ý | � �Oý [ | � � � is basicallya matrix of Dirac deltafunctionsbecauseit is the

covariancematrixof thesourcewhitenoise,andtheamplitudesof thesedeltafunctionsare

presumablyknown from thecontinuousmodel.

As anexample,for theconstant-velocity processusedin our M-Tracksystem(shown

in FigureA.1), thecontinuousmodelfor anelement,say
�

, in thepositionandorientation

statevector ± � �������#� � ���+�O  ² , in thiscaseis´ ª�  � ¶ � ´ h µh h ¶ ´ � ª� ¶ � ´ h µà¶ ³ | u � (A.46)

We candeterminethecorrespondingdiscretemodel(i. e. � t and b t ) for a samplingin-

terval of ¡ju . In fact, we candrop the f subscriptbecausematrices� and b are only

dependenton ¡ju . First, thetransitionmatrixcanbeevaluatedsimplyas� | ¡¸u � � � � r{� Y}| ° � w û � r{� ��� Ê��+È¬Ê� � r{� ´ ° w µh ° ¶ r{� � � r{� ´ �! �! Íh �! ¶� ´Zµ ¡juh µc¶ (A.47)

Next, giventhatwenow know � t , andthat z Y ³ | � � ³ | � � � � Ã«Ä#" | � w � � , thecovariance
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matrix b | ¡¸u � cannow beevaluatedusingEquation(A.45):

b | ¡ju � � � È^Êÿ � È^Êÿ ´ µ �h µ¢¶ ´ h µà¶ Ã Ä " | � w � �%$ h µ'& ´ µ h� µ¢¶ 
 � 
 �� Ã Ä � È^Êÿ � È^Êÿ ´ ��� " | � w � � � " | � w � �� " | � w � � " | � w � � ¶ 
 � 
 �� Ã Ä ´ Ç�È^Ê'Ë Ì¼ ÇÉÈ^Ê'Ë ÍÄÇ�È^Ê'Ë�ÍÄ ¡ju ¶ (A.48)

Theaboveanalyticalsolutionhelpsusto reducetheparametersto setfor b | ¡ju � to only

settingthe covarianceof thenoisesource,Ã¾Ä . In this example,it representsthe variance

of theaccelerationof the targetmotion. If the target is moving slowly, a smallervalueofÃ¾Ä shouldbeused;if thedynamicsof thetargetchangerapidly, a larger Ã¾Ä shouldbeused.

Theexactvalueis determinedby anoffline tuningprocess.We recordthemeasurements

of sometarget moving with a known trajectory. We startwith someinitial guessof Ã¾Ä
andrun theKalmanfilter offline with this valueto estimatethe target trajectory. Next we

calculatetheerrorbetweentheestimatedtrajectoryandtheknown trajectory. Wethenvary

the valueof Ã«Ä andrun the Kalmanfilter againto obtaina differentestimatedtrajectory.

After repeatingthis for severaltimes,theonevalueof Ã Ä thatresultsin theminimumerror

is selectedfor usein the actualfilter. This of course,assumesthat the dynamicsof the

targetusedin filter parameterturningis similar to thatof thetargetin actualtracking.

The settingof the measurementnoisecovariancematrix m for 2D featurelocationis

basedon rationalanalysisratherthanempiricaltrial-and-error. Sinceit is a 2 by 2 matrix

whoseelementsrepresentthecovarianceof theuncertaintyin the
�

, � locationsin the2D

imageplane,we candeterminethesevaluesby simpleanalysis.Basedon our 2D feature

detectionprocess,wecanassumethatthelocationof the
�

and� coordinatesof afeatureare

uncorrelated.Thatmeansthat theoff-diagonalelementsof m arezeros.For thediagonal

elements,againbasedon theprecisionof ourcamerasandour featuredetectionalgorithm,

we concludethat that we canlocatea featurelocationwithin f § pixels in the
�

direction

and f ¨ pixelsin the � direction.Therefore,thetwo diagonalvaluesaresetto be f Ä§ and f Ä¨ ,
respectively.
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