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Chapter 1

Intr oduction

Computervisionasasensorof interactionwith technicalsystemshasfoundincreasinginterestin thepastfew
years. In many of the proposedcasestudiesandapplications,the user's currentposeor motion is observed
by the computerusingcameras,andthe computer's reactionis displayedto the userwho changesthe pose
accordinglyin orderto reachadesiredgoalof interaction.Often,thedatadeliveredby computervision is just
onetypeof sensordatausedfor interaction,which is, for instance,complementedby speechinput.

An advantageof computervision over othersensortechnologies,like e.g. electromagnetictracking, is that
usuallylesseffortsarenecessaryin orderto bringtheusersinto astatein which they canstartwith interaction.
In environmentswhereotherchannelsareblocked, for instanceby noise,long distances,or electromagnetic
�elds, visualsensorsmaygetadominantrole.

1.1 A casestudy: Interaction with a Backprojection Wall

Figure1.1 shows an environmentfor computervision-basedinteractionwith a backprojectionwall. In front
of thebackprojectionwall, two standardvideocamerasarepositioned,oneundertheceiling andoneon the
side,depictedontheright sidein the�gure. Theviewsof thecamerascoverastripeof about1.5meterswidth
in front of thebackprojectionwall, which servesasa region sensitive for interaction.Theuserinteractswith
the projectedapplicationby pointing with the arm towardsthe wall, wherethe arm is requiredto be in the
region coveredby thecameras.Basedon the imagesobtainedfrom thecameras,thecomputer-vision system
calculatesa locationon thewall representingthepointinggoalof thearm. By e.g.attachingthecursorof the
graphicaluserinterfaceof theapplicationto this location,theusermaymove thecursoron thescreen.

Thescenarioof �gure 1.1containsa third camerawhich is depictedon theleft sideof the�gure. This camera
is anactive camerawhosepan,tilt, andzoomcanbecontrolledby thecomputervision system.Thecamera
canbeusedto trackspecialbodypartsin orderto yield amagni�ed image.In thecasestudy, theactivecamera
is focusedon the handof the pointing arm in orderto capturehandposturesshown by the user. The hand
posturesareanalyzedandclassi�ed by thecomputervision system.To every relevanthandposture,a signal
to theapplicationis assigned.Thesignalscane.g.correspondto buttonclicks of themouseof a conventional
application.

We usethis environmentasa casestudy for the particularchallengingproblemsof computervision-based
human-computerinteractiontreatedin this thesis,but it alsohaspracticalrelevance. Video projectionis in
widespreadusefor multimedialpresentationsin classroomsandatconferences.It alsoplaysanimportantrole
in groupmeetingsfor visualizationpurposes.Usually interactionis performedat a standardkeyboard/mouse
computerwhosescreencontentis additionallydirectedto a videobeamer. This typeof interactionlimits the
possibilitiesof groupmeetingsbecausetheinteractionhasto beperformedat thecomputer, althoughit would

7



8 CHAPTER1. INTRODUCTION

Figure1.1: Con�gurationof acomputervision-basedinteractive backprojectionwall.

be morenaturalto interactdirectly at thebackprojectionwall. For thatpurpose,specialdisplaysaugmented
with sensorshave beendeveloped,like e.g. the SmartBoard[SGHH94]. Anotherrecentdevelopmentis to
useclassicallaserpointersby capturingthe laserpoint on the projectionscreenby videocameras.Versions
for front- andbackprojectionhave beenimplementedbasedon that idea[KM98, WWZ01]. In contrast,the
scenarioof thecasestudylets theuserdirectly interactwith theprojectionwall, without additionalpointing
tools.

1.2 Problemsand Contributions

A dif�culty with computervision is that thecamerashave to seethebodypartsrelevant for interaction.This
canbeachievedby carefulpositioningof thecamerasandpossiblyby constraintson theinteraction.Thecase
studyis anexamplefor thisapproach.

In this thesis,we focus on two further major dif�culties of computervision-based,or perceptual,human-
computerinteraction,distinguishinggesturesfrom arbitraryposturesor motions,andcopingwith troubles
causedby naturalenvironments. Furthermore,we addressthe questionof decouplingthe computervision-
basedinterfacefrom the applicationin order to achieve independency from the application,analogouslyto
today's application-independent graphicaluserinterfaces.

1.2.1 Decouplingof the computer vision interface fr om the application

A typical propertyof today's graphicaluserinterfacesis that they areindependentfrom theapplication.Ap-
plication independenceon the input sidecanbe achieved by abstractionof the input devicesaspracticedin
graphicsstandardslike GKS or PHIGS.Theclassicalhardwareinput devicesarecloseto theabstractedfunc-
tionality andusuallyyield reliableinput. Sometimesdeviceshave to becombinedin orderto implementan
abstractfunctionality, but this is not coveredby the standards.In computervision-basedhuman-computer
interactionthe”input device” maybeacompleteinteractionroomequippedwith severalcamerasandlighting,
possiblycontrolledby thesystem.Thecomplexity of theoverall interactionenvironment,andtheadvantage
of possiblyusingtheknowledgeaboutits constructionfor improving thereliability of theinput, is a reasonto
extendtheabstractionof inputdevices.

Weproposeaconcept,theso-calledinteractionspacearchitecture, whichusesasequenceof interactionspaces
mappedon eachother. A physicalinteractionspace,a virtual interactionspace,anabstractinteractionspace,
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andtheapplicationaredistinguished.Thevirtual interactionspaceis amodelof thephysicalinteractionspace
which mayhelpto overcometroubleswith thesensorsystem.Theabstractinteractionis a placeholderfor the
realapplication.It maydecoupletheapplicationfrom thepossiblystill problematicinputdata.Theapplication
interfaceoffersparameterswhichcontroltheapplication.

1.2.2 Multi-type Gesture Interaction

A crucialproblemto besolvedby asystemof computervision-basedhuman-computerinteractionis to distin-
guishrelevant input from non-relevant input. It mayhappenthatmotionsor posturesof theuserscorrespond
to a legal gesture,althoughit happenedwithout intention. Thesystemmight neverthelessreactandperform
therelatedaction,acasewhichshouldevidentlybeavoided.

If multiple modesof input areavailable,thecoincidenceof eventson several channelscanbe usedfor con-
�rmation that the input hasbeenintended.For example,in an interactive systemwith speechandcomputer
vision-basedinput, theusermight move thecursoron a screenby theoptically tracked armon a menuitem.
By saying”select” theusermaystarta processof selectinga menuitem on thescreenby a cursorattachedto
thearmon themenuitem. If thedesireditem is reachedtheusermayactivatethe item by saying”activate”,
still pointingwith thearmon thedesiredlocation. In this way, themenuitem is only selectedif threeevents
coincide:saying”select”, thearmis pointingto thecursorposition,andsaying”activate”. Theusercanstill
speakfor otherpurposesthaninteraction,alsousingthewords”select” and”activate”, or maymove thearm
without the intentionto selecta menuitem, sincetheprobability thatall threeeventsoccurin thenecessary
way is low.

In the caseof just oneavailablemode,this sort of time-parallelredundancy hasto be replacedwith other
typesof redundancy. For thecaseof thecomputer-vision sensor, we introduceaconceptof multi-typegesture
interaction,whichcombinesseveralgestureswith spatialandtemporalconstraints.

1.2.3 Calibration of the Interaction Space

Interactionrequiresto determinepositionsandorientationsof bodypartsof theuserrelative to theinteraction
spaceandobjectsof the interactionspace,like for instancethe backprojectionwall in �gure 1.1. For this
purpose,thesystemhasto beprovidedwith dataabouttheposition,orientationandmappingpropertiesof the
camerasandthelocationof objectsof theinteractionspace.Thesedatausuallyareacquiredin apreprocessing
or calibrationphaseby manualor optical measurement,or both. In particular, manualmeasurementcanbe
time consuming,tedious,andimprecise.We presentapproachesto diminish theseefforts for two interaction
environments,pointingby thearmandprojection-basedpointingby thehand,onbasisof thehardwarecon�g-
urationof �gure 1.1,without theactive camerawhich is not requiredin this case.We usemethodsof optical
calibration,andin particularmethodsof calibration-freereconstructionwhich turn out to bewell adaptableto
thegivencon�guration.

1.2.4 Combining Pointing with Static Hand Gestures

A problemof computer-vision is that the objectof interesthasto appearsuf�ciently detailedin the images
in orderto recognizefeaturesrelevant for an application.For example,gesturesexpressedby handpostures
requireto seethe�ngers andthehandin a way thattheirmutualarrangementcanberecognizedin theimage.
If a larger interactionspacehasto besurveyedby a camera,this requirementis problematic.Onesolutionis
to install severalcameraseachof whichshows just apartof theinteractionspacewith suf�cient resolution.A
lessexpensive methodis to useacamerawhoseorientationandzoomingcanbecontrolledby computers.
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A furtherreachingchallengeis if this sortof local gesturesis combinedwith gestureswhich requirea global
view on the interactionspace.An examplearepointing gestureswhich requireto know the locationof the
handor thearmrelative to thewholeinteractionspace.

A casestudyincludingbothaspectsis the interactionwith a backprojectionwall by pointingandstatichand
gesturesasdescribedin section1.1. Thelocal view is providedby anactive camera,while theglobalview is
deliveredby two staticcameras(�gure 1.1).Usingthishardwarecon�gurationandtheinteractionspacearchi-
tecture,wepresentamodularcomputervision-basedinterfacewhichcombinesamoduleof globalobservation
(usingthetwo staticcameras)andamoduleof localobservation(usingtheactivecamera)into asystemwhich
fusesdatafrom bothsources.Theadvantageof datafusionis thattheglobalsystemmayhelpthelocalsystem
in particularin thecritical casethatthehandis lostby theactive camera.In thisway, thisproblem,whichalso
canbeobservedfor thebuilt-in auto-trackingof theusedactive cameras,canbediminished.

The casestudyalsoallows to demonstratethe multi-type gestureconceptof interaction. The gesturetypes
usedarestatichandgesturesbasedonhandposturesandpointinggesturesbasedonhandor armlocation.The
gesturetypescanbeusedin parallelor sequentially. In thecasestudy, for example,a cursormight bemoved
to acertainitemon thescreenin thepointinggesturemode,andthenanactionassociatedwith theitemmight
beactivatedby a statichandgesture.Statichandgesturesmight alsobeusedto enteror to leave thepointing
mode,thatis apointingphaseis embeddedinto astartinganda terminatingstatichandgesture.

1.2.5 Coping with Natural Envir onments

Reliableimageanalysisis hardto achieve in naturalenvironmentswith not too severerestrictionsconcerning
e.g.illumination. Following theclassicalimageprocessingpipeline,themainproblemis thephaseof segmen-
tationwhoseresultis theinterfacebetweenlow-level imageprocessingandsignalinterpretation.Theresultof
thephaseof segmentationareimagesegmentswhichareregionsof theimagewhichrepresentpartsof interest
for signalinterpretation.In ourcasestudy, partsof interestarethearmor thehandof theuser.

Theproblemwith segmentationis that thesegmentsdeliveredareoftennot correctandthat thetypeof error
variesover time. Theideaof our approachto treatingthis problemit to accepttheinstability of segmentation
and try to extract the relevant information from possiblyerroneousdata. For this purpose,we combinea
numberof methods:

Err or detectionand contour correction from imagesequencesand different views. Every camera cap-
turesa continuoussequenceof images.Often, the segmentsin consecutive imagearesimilar, in par-
ticular in the importantphaseof interactionwherethearm is handstill in orderto e.g. selectan item.
In this case,a segmentwhich differs signi�cantly from the segmentsof the precedingimagesmay be
consideredaserroneous.Even more,by matchingconsecutive segmentsanddetectingregionsof sig-
ni�cant difference,it canbepossibleto correcterrors. Similarly, in computervision-basedinteraction
environmentswith morethanonecamera,thesegmentsdeliveredby thecameracanbecross-checked.
An error is detectedif the segmentsarecontradictory. We presentan approachof error detectionand
correctionusingtheseobservations.

Situation-dependentsignalprocessing. The most severe troublesoccur in phasesof detailedinteraction.
Two problemshave to be solved here,recognitionof a phaseof detailedinteraction,andprocessing
thesignaldependenton therequirementsof thedetailedinteraction.

In thecaseof pointing, thecritical phaseis preciselylocatingthegoalof pointing. This phasecanbe
recognizedby almostor just minor motionsof thepointingarmor hand.Thegoalof signalprocessing
is to hold the goal of pointing stableat onelocation. For this purpose,in particularnoisecausedby
erroneoussegmentationhasto beeliminated.
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Another problemis that the datastreamdeliveredby the systemmight not be denseenoughfor the
requirementsof interactionbecauseof the time requirementsof processing.For example,the cursor
controlledby pointingmayjumpdiscontinuouslyonthescreen.A solutionto thisproblemis to interpo-
lateor approximatethedatapointsby acontinuouscurve from which,for instance,asequenceof points
canbesampledwhich is suf�cient for theclassi�cationof thehandpathin thegesturespace.

In orderto diminishtheseproblemswepropose�lters adaptedto thesesituations.

Automatic parameter control. Theimagedatadeliveredby thecamerasareprocessedin asequenceof pro-
cessingstages.A processingstageusuallyhasa numberof parametersby which its behavior canbe
in�uenced.Usuallytheparametersarechosenbasedonexperience,or setduringtheinitializationphase
of thesystem.A moresophisticatedapproachisdynamicadaptationof theparametersduringapplication
of thesystem.Thebehavioral dataonwhichparameteradaptationmaybebased,canbedeliveredby the
processingstageitself, but alsoby subsequentprocessingstageson which it might be morefavorable
to detectimproperbehavior. Weapplyautomaticparametercontrolto parametersof errordetectionand
errorcorrection.

1.3 Organizationof the Thesis

Chapter2 introducesinto the state-of-the-artand localizesthe contributions of the thesis. Furthermore,it
compilesfundamentalmethodsusedin the subsequentchapters.Chapter3 describesthe interactionspace
architecture.Chapters4, 5, and6 aredevoted to arm-basedpointing, projection-basedpointing, andhand-
posture-basedgesturesin a global environment,respectively. They give a particulardetaileddescriptionof
the calibrationprocedures,althoughbasicallyknown methodsareused. Onereasonis that the methodsare
somewhatcomplex andnotwidely known outsidethecomputer-vision community. Anotherreasonis thatthey
areappliedin an extendedway by including the environment. Eachof the chaptersendswith experimental
investigationsof thesolutionspresentedin thechapter. Chapter7 givessomeconcludingremarks.



12 CHAPTER1. INTRODUCTION



Chapter 2

Fundamentalsand RelatedWork

This thesisis locatedin the�eld of human-computerinteraction.Human-computerinteractionis a hugearea
comprisingnumerousaspects.Goodsurveys areprovidedby severalhandbooksdevotedto thetopic, like e.g.
thoseeditedby Jacko, Sears[JS02] andHelanderetal. [HLP97].

In the following we will �rst de�ne the placeof this thesisin the �eld of human-computerinteraction(sec-
tion 2.1).Afterwardswewill giveasurvey of thestate-of-theartwith respectto two mainaspectsof ourwork,
gesturesasa mode(section2.2),andcomputervisionasa sensor(section2.3). Theemphasiswill beon the
combinationof both. Thena brief overview of HCI-systemarchitecturesin generalis presented,followedby
examplesof existingsystemsrelatedto our task(section2.4).Finally existingapproachesto evaluationof HCI
systemsarebrie�y outlined,with the intentionto �nd a basisfor theexperimentalevaluationof our systems
(section2.5).

2.1 Our Placein the Field of Human-Computer Interaction

In human-computerinteraction,four itemscanbedistinguished[Sut02]: sensesandmodesonthehumanside,
andsensorsandpresentationmediaon themachineside,see�gure 2.1. The sensesaregiven by thehuman
sense-organs. The counterpartconcerningthe machinearesensors.Thereis a wide variety of sensorusing
in particularmechanical,optical, electromagnetic,andacousticeffects. Presentationmediaform the output
of the machine.Examplesareoptical displayslike CRT or TFT screens,andloudspeakers for sound. The
counterpartof presentationmediaon thehumansidearetheso-calledmodalities.Examplesof modalitiesare
speech,motion, gestures,andfaceexpressions.Our interestlies on computer-vision asa sensorfor human
machineinteraction,andhand-andarm-gesturesasmodality of interaction. Our conceptspresentedin the
thesis,however, areoftenmoregeneralso thatothersensorsandmodalitiescanbe included,too. We do not
further discussoutputchannelof human-computerinteraction,that is the presentationmedia/ senseorgans
pair.

Figure2.1: Theitemsof human-computerinteraction:senseorgans,modes,sensors,andpresentationmedia.

13
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2.2 Gesturesasa Mode

KurtenbachandHulteen[KH90] de�ne ”gestureasa motionof thebody thatcontainsinformation. Waving
goodbyeis a gesture.Pressinga key on thekeyboardis not a gesturebecausethemotionon its way to hitting
a key is neitherobservednor signi�cant. All whatmattersis which key waspressed.” However, restrictionto
bodymotionis somewhatrestrictive sinceit couldexcludestaticgesturesexpressede.g.by handpostures,like
forming thehandto thevictory sign”V”. Seeinggesturesasa motionor a posture of thebodyor partsthereof
thatcontainsinformationovercomesthisproblem.

As mentionedin [Tur01], Cadozhasdescribedthreefunctionalrolesof humangesture:

Semiotic: to communicatemeaningfulinformation

Ergotic: to manipulatetheenvironment

Epistemic: to discover theenvironmentthroughtactileexperience.

RimeandSchiaratura,cf. [Bil], have proposedthefollowing taxonomyof gestures:

Symbolicgestures: Thesearegestureswhich, within eachculture,have a singlemeaning.An emblemsuch
asthe”V” for victory is suchanexample,but alsosign-languagesfor deafpeoplefall into thiscategory.

Dietic gestures: Thesearegesturesof pointing,or otherwisedirectingthelistener'sattentionto speci�c events
or objectsin theenvironment.They aregesturesmadewhensomeonesays”Put thatthere”.

Iconic gestures: Representationalgesturesdepictingsomefeaturesof the object,actionor event beingde-
scribed.They aregesturesmadewhensomeonesays”The plane�e w like this”, while moving thehand
throughtheair like the�ight pathof theaircraft.

Pantomimic gestures: Thesearethegesturestypicallyusedin showing theuseof movementof someinvisible
tool or objectin aperson'shand.Whenaspeakersays”I turnedthesteeringwheelhardto theleft”, while
mimicking thisactionof turningthewheelwith bothhands,they aremakingapantomimicgesture.

Theuseof gesturesfor human-computerinteractioncanbedivided in two categories,multimodalinterfaces
andgesture only interfaces.

In the�rst category, thecombinationwhich probablyhasfoundmostinterestis gesturewith speech,see[Bil ,
CMO+ 99] for surveys andexamples.In general,accordingto Oviatt [Ovi02], ”multimodal interfacesprocess
two or morecombineduserinput modes– suchasspeed,pen,touch,manualgestures,gaze,andheadand
bodymovements– in acoordinatedmannerwith multimediasystemoutput.They areanew classof interfaces
thataim to recognizenaturallyoccurringformsof humanlanguageandbehavior, andthatincorporateoneore
morerecognition-basedtechnologies(e.g.speech,pen,vision)”. Oviattdistinguishesbetween

active input modes which aretheonesthataredeployedby theuserintentionallyasanexplicit commandto
a computersystem(e.g.speech)

passive input modes which refer to naturally occurringuserbehavior or actionsthat are recognizedby a
computer(e.g.,facialexpressions,manualgestures).They involve userinput that is unobtrusively and
passively monitored,without requiringany explicit commandto acomputer.

Concerningthecompositionof modalities,hede�nestwo typesof multimodalinterfaces:



2.3. COMPUTERVISION AS A SENSORIN HUMAN-COMPUTERINTERACTION 15

blendedmultimodal interfaces whicharetheonesthatincorporatesystemrecognitionof at leastonepassive
andoneactive mode(e.g.,speechandlip movementsystems)

temporally cascadedmultimodal interfaces which are the onesthat processtwo or moreusermodalities
thattendto besequencedin aparticulartemporalorder(e.g.,gaze,gesture,speech),suchthatthepartial
informationsuppliedby recognitionof anearliermode(e.g.,gaze)is availableto constraininterpretation
of a latermode(e.g.speech).Suchinterfacesmaycombineonly active inputmodes,only passive ones,
or they maybeblended.

An importantreasonfor multimodalinterfacesis mutualdisambiguation. Mutualdisambiguationinvolvesdis-
ambiguationof signal-or semantic-level informationin oneerror-proneinput modefrom partial information
suppliedby another. Mutual disambiguationcanoccurin a multimodalarchitecturewith two or moreseman-
tically rich, recognition-basedinput modes. It leadsto recovery from unimodalrecognitionerrorswithin a
multimodalarchitecture,with theneteffectof suppressingerrorsexperiencedby theuser[Ovi02, Ovi99].

With respectto fusionof modes,Oviatt [Ovi02] distinguishesbetweentwo approaches:

feature-level fusion which is a methodfor fusing low-level featureinformationfrom parallel input signals
within amultimodalarchitecture,whichhasbeenappliedto processingcloselysynchronizedinputsuch
asspeechandlip movement

semantic-level fusion which is a methodfor integratingsemanticinformationderivedfrom two input modes
into acommonmeaningrepresentationduringmultimodallanguageprocessing.

Methodsof semanticlevel fusion,in particularin thecontext of languageprocessing,areframe-basedintegra-
tion which is a pattern-matchingtechniquefor merging attribute-valuedatastructures,anduni�cation-based
integrationwhich is a logic-basedmethodfor integratingpartialmeaningfragmentsderivedfrom two or more
inputmodesinto acommonmeaningrepresentation.

Thesecondcategory, gesture-onlyinterfaces, rangesfrom interfacesthatrecognizea few symbolicgesturesto
thosethat implementfully �edged sign languageinterpretation.Thegesturesusedin gesture-onlyinterfaces
canbedividedinto headandfacegestures,handandarmgestures,bodymotiongestures,andpen-andmouse-
basedgestures[Bil, Tur01, GPJ04,Cohb, Coha]. Examplesof headandgesturesincludenoddingor shaking
theheadandraisingtheeyebrows. Humanhandgesturescanbestatichandpostures,dynamichandmotions,
or a combinationof both. In his taxonomyof handgestures,Quek[Que95] distinguishesbetweensymbols
(referentialandmodalizinggestures)andacts(mimetic anddeictic gestures).Body gesturesincludefull or
partial body motion (e.g. movementof waistor chest,of theshrugshoulders),bodypostures(e.g. postural
shifts, upright positionwitch ankleslocked), or self-adaptors(e.g. rubbing the chin, scratchingthe cheek,
smoothingthehair). In all caseseachgesturehasanunambiguoussemanticmeaningassociatedwith it, which
canbeusedin interfaces.For recognitionof bodymotion,threelevelshavebeenproposed[GPJ04]:movement
– theatomicelementsof motion,activity – a sequenceof movementsor staticcon�gurations,action– high-
level descriptionof whatis happeningin context.

Our work focuseson the secondcategory, althoughthe conceptualapproachis generalenoughto include
othermodalities,too. An interestingaspectwhich seemsto have not yet beensystematicallyaddressed,is
combinationof differenttypesof gesturesinto a stand-alonegestureinterface.In chapter3 we will sketchan
approachto multi-gesture-typeinterfaces, analogouslyto multimodal interfaces,which for that reasonhave
beendescribedin thissectionmoredetailed.

2.3 Computer Vision asa Sensorin Human-Computer Interaction

Using gesturesfor human-computerinteractionneedssensorsto capturegestureinput. Turk [Tur01] distin-
guishesbetweenpen-basedandtracker-basedsystems. Tracker-basedsystemsincludedatagloves,bodysuits,



16 CHAPTER2. FUNDAMENTALS AND RELATED WORK

andcomputer-vision. ”Body suits” meanany devicesattachedto the humanbody, like markers for optical
motioncapturing,electromechanicalor electromagneticdevices. Computer-vision-basedtrackingmeansthe
applicationof camerasastrackers,with no or just minor useof markersattachedto thebodyof theuser. This
excludesopticalmotioncapturingandtrackingsystemslike e.g. thoseof ART [Que] or computeranimation
andvirtual environments[TMT98]. In thefollowing wewill restrictourselvesonthe�eld of computer-vision-
basedsensorsandinteractionsincethey arein focusof this thesis.

2.3.1 Computer Vision

Computervisionis concernedwith perceiving objectsfrom images.Theimagesareusuallytakenby cameras.
The�eld canbesplit in 2D and3D computervision.

The main tasksof 2D computervision arereconstructionandclassi�cation of objectsfrom a single image
or an imagesequence.Both aspectsareof relevancefor vision-basedinteraction. Typically the objectsare
2D like in e.g. opticalcharacterrecognition,but also2D views of spatialobjectscouldbesubjectof interest.
Reconstructionmeansto extract anddescribethe geometricshapeor motion of an objectof interestshown
in an imageor an imagesequence.This taskis performedby �nding theregion of the imagecoveredby the
objects.This processis calledsegmentation. Amongtheapproachesto segmentationtwo importanttypescan
be distinguished:feature-basedandtemplate-basedsegmentation.Feature-basedapproachesusefeaturesof
pixelsandtheirenvironmentto assignthemto theregionof interest.Template-basedapproachesuseprede�ned
imagesof theobjectof interest,andtry to matchthemwith regionsin the imageto be analyzed.Template-
basedapproachescanalsobeconsideredasmodel-basedbecausethey useamodel,thetemplate,of theobject
to befoundin theimage.

Classi�cation meansto assignthe objectto oneof several classesto which the objectsthat could appearin
the imagesof a particulardomainof applicationmaybelong.Classi�cationis oftenperformedby deriving a
vectorof featuresfrom the image.A commonway is to �nd theregion coveredby theobjectof interestand
derive thefeaturesfrom propertiesof theregion, like shape,color, texture,andmotion.Sometimestheimages
aredirectlyusedfor classi�cation.

In this thesiswe will usesegmentationin orderto �nd objectsof interestfor interaction,like thearm or the
hand.However, wewill notcontributenew methods,but will mainlyusesolutionscontributedby othersin the
framework of theprojectwithin which this thesishasbeenwritten [Leu02, Afo02].

2D computervision is usuallytreatedwithin the�eld of imageprocessingandimageanalysis.A goodsurvey
canbegainedfrom thebookof Gonzalezetal. [GW02].

In 3D computervision, perceptionof objectsalsoreachesfrom full reconstructiontheir3D shapeandpossibly
motionto their classi�cationin orderto distinguishthemwith respectto theirappearance.

3D reconstructionusuallyneedsseveral imagesor imagesequenceswhich show differentviews of theobject.
A central tool for 3D reconstructionis the knowledgeof the mappingpropertiesand the positionsof the
cameraswhich recordedthe images. With this knowledge,points of the objectvisible in imagesshowing
theobjectfrom differentviews, thespatiallocationof thepointscanbecalculatedby so-calledtriangulation
methods.

Themappingpropertiesarede�ned by thecameramodel.A wide-spreadcameramodelis thepinhole-model.
A cameramodelusuallyhasa setof parameterswhich have to be �x ed in orderto describethe behavior of
a particularcameraused.Theseparametersarecalledthe intrinsic camera parameters. The locationof the
camerasin spaceis describedby the extrinsic camera parameters. The cameraparametersareoften deter-
minedin a calibration stepafter installationof the system,beforeapplicationto objectreconstruction.The
intrinsic parametersareusuallydeterminedusingsimplecalibrationobjects.Well-known methodsarethose
by Tsai [Tsa86] andZhang[Zha00] which we will use,too. Theexternalcameraparametersaresometimes
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determinedby manualmeasurementof the positionandorientationof the cameraswhich, however, often is
error-prone. In stereovision, oftenpairsof camerasareusedwhich aremountedto a rigid cameraheadwith
known mutualposition and orientationof the cameras,thus reducingthe requirementsof calibration. For
camerasat arbitrarylocationsor in motion,image-basedtechniquesfor reconstructionandcorrespondingex-
trinsic calibrationhave beendevelopedwhich shouldbepreferredin complex con�gurationsagainstmanual
measurement.Thesetechniquesusecorrespondingpointsin the imagestaken from the involved camerapo-
sitions. Correspondingpointsareimagepointsrepresentingthesamepoint in space.Theproblemof �nding
correspondingpoints is known asstereo correspondenceproblemandhasfound muchattention. Schemes
have beendevelopedwhich areableto reconstructthe involved camerapositionsandorientations,aswell as
thelocationof spatialpoints,from theimages,up to certaindegreesof freedom.An exampleis projective re-
constructionby Faugeras[Fau99]. If theavailableviews aresimilar andif correspondingpointscanbefound
reliably, theextrinsicparametersrequiredfor reconstructioncanbedeterminedon-line,withoutaninitializing
calibrationstep. We will apply thesetechniquesin chapters4 and6, andwill extendthemfor integrationof
thebackprojectionwall in orderto avoid manualmeasurement,thusreducingtheefforts of calibration.Since
theviews availablein our interactionspacesarequitedifferent,aninitial calibrationstepis still required.

Thetechniquesjust mentionedallow geometricreconstructionfrom severalviews by triangulation,andfrom
(cameraor object)motion, typically denotedasstructure from motion. Otherapproachesto understanding
the 3D structureof objectsareshapefrom texture, shapefrom shading, shapefrom contours, andshapeby
alignment. Texturesallow to �nd densesetsof correspondingpointsfor exampleby analysisof correlation
from which disparity imagescan be determined,which lead depth images. Texturescan also be usedto
determinetheoptical �o w in imagesequences.Shapeby alignmentmeansto align a known 3D-objectwhich
is a modelof theobjectrepresentedin theimage,to thedataderivedfrom imageanalysis,in orderto �nd out
the currentposeof the object. Model-basedapproachesareusedin orderto copee.g. with the problemof
occlusion.Usuallymodelsconcernshapeandmotionbehavior, but opticalproperties,for instance,couldalso
beincluded.

Thesecondbranchof 3D computervision,classi�cation, is analogousto thatof 2D computervision,with the
possibilityof includingadditionalfeaturesderivedfrom the3D con�guration.

From all thosetechniques,we will apply reconstructionof relevant objectsby correspondingpointsandby
silhouettes,in simple versionsbecauseof the constraintsimposedby online processing.For example, in
chapter4, we will reconstructthe directionof a stretchedarm in spacefrom two approximatelyorthogonal
views using2D directionsderivedfrom thesilhouettesof thearmin thetwo images.

A goodintroductioninto computervision is givenby thebookby Forsythetal. [FP03].

Besidesthesephysicallyandgeometricallyorientedconcepts,computervision mayalsobeconnectedto the
areasof biologicalvision – psychophysicsandneurobiology. A pioneerin this �eld hasbeenMarr [Mar82].
Marr's observationsresultedin a data-driven andstraightforward analysisstrategy. Nowadays,the concept
of active vision describedby Aloimonoset al. [AWB88] becomesmoreandmoreimportant. In contrastto
Marr's philosophy, active vision impliesa feedbackloopwhichallows to controlthesensors.Ourarchitecture
presentedin chapter3 will includesensorcontrol, too, which is alsocentralfor thecombinationof pointing
andstatichandgesturesin thecon�gurationof �gure 1.1describedin chapter6.

2.3.2 Computer-Vision and Human Shapeand Motion Capturing

The subjectof particularinterestin human-computerinteractionis the humanbeing. In [MG01, Moe99],
Moeslundgivesa survey on vision-basedhumanmotioncapturingwhich containson onehanda quitecom-
prehensive collectionof existing systems,alsosuchrelatedto vision-basedinteraction.On theotherhand,by
abstractingthe existing systems,he de�nes generalframework of taxonomyof vision-basedhumancaptur-
ing systems.The framework is orientedat the typical phasesof dataprocessing,andconsistsof four parts:
initialization, tracking, poseestimation, andrecognition.
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In thephaseof initialization, thestateof theuserandthestateof thesystemarebroughtin correspondence.
Aspectsaregeometriccalibrationandinitializationof asystem-internalusermodelwhich is usedmoreor less
intensively by differentsystems.

In thephaseof tracking, thoseregionsin theimagestreamsareidenti�ed whichcorrespondto theuser's parts
of interest,like e.g. thehandsandthehead.Themaintaskis �gure-backgroundsegmentationwhich maybe
basedon motiondata,rangedata,andappearancedata.Trackingover time andspatialreconstructionin case
of morethanonecamerainputstreamarealsoperformedin thispart.Theresultis a2D- or 3D-representation
of informationon theuser's pose,asrecognizedin theinput imagestream.

In thephaseof poseestimation, theuser's poseis reconstructed.In themostsimplecase,just theimage-based
dataof trackingareused.Moresophisticatedsystemsusecomputer-internalmodelsof theuserwhichmaybe
passive or active. Themodel's currentstateis adaptedto theposeinformationdeliveredby thetrackingpart.
Theresultof poseestimationis aposerepresentation,for instancerepresentedby thestateof theusermodel.

In the phaseof recognition, application-relatedfeaturesarederived andclassi�ed. They arereportedto the
applicationin order to causerelatedactions. The featurescan be static or dynamic. A static feature,for
instance,is thearrangementof the�ngers in a handgesture.A dynamicfeaturemight betheshapeof a curve
drawn by theuserwith thehandin space.

Moeslunddistinguishesbetweenassumptionson movementandassumptionson appearance, andgivesa list
of assumptionswhich canbe found in systemsdevelopedup to now. Accordingto his taxonomy, the case
studiesof the chapters4 and5 of this thesisareweakly modelbased,3D, have two stationarysensors,are
tracking,performposeestimation,areone-person,trackonelimb, aredistributed,andassumerigid motion.
Theassumptionson movementsarethatthesubjectremainsinsidetheworkspace,thereis no cameramotion
andnoocclusion,only onepersonis in theworkspaceonthesametime,andmovementis slow andcontinuous.
Theassumptiononappearanceof theenvironmentarecharacterizedby analmoststaticbackgroundandalmost
staticlightingandknowncameraparameters.Therearenostrongassumptionsontheappearanceof thesubject.

Thecasestudyof chapter6 is moregeneralandincludesthreesensorsoneof which is dynamic,andnon-rigid
motion.

Gavrila [Gav99] givesan overview of the visual analysisof whole body movement. The overview compre-
hendsapplicationsin other�elds besideshuman-computerinteractionwhich have beenfurtherdevelopedin
the last years. Examplesaresmartsurveillancesystems,motion analysisin sports,choreography, medical
rehabilitation,computeranimationandgames,3D videoconferencingand3D interactive videoandTV. The
latter two includevideo-basedrenderingwhich combinesmotioncapturingandrealisticrenderingbasedon
videosequencesacquiredby asetof cameras[CFKS03,Mag05].

Gavrila classi�esapproachesto vision-basedanalysisof bodymovementalongtwo criteria: thetypeof model
usedand the dimensionalityof the tracking space. The type of model concernsmodel-basedapproaches.
Model-basedapproachesusea computer-basedbodymodel.Thesimulatedbehavior of themodelis adapted
to the captureddata. The modelmay serve to ful�ll physicalconstraintsof humanbody motion, to resolve
ambiguitiesin the imagedata,to copewith occlusionor failuresin dataprocessingchain,andto understand
the semanticsof the observed motion. Gavrila distinguishesbetween2D approacheswithout explicit shape
models,2D approacheswith explicit shapemodels,and3D approaches.Although model-basedapproaches
seemto dominatein 3D, examplesbasedon model-freegeometricreconstructionwithout markersexist, in
particularfor image-or video-basedrendering[CFKS03, Mag05] or vision-basedinteraction,e.g. [Hoc99,
Koh99].

In contrastto the overviews mentionedup to now, the surveys by Kohler [Koh99, Koh] emphasizesystems
which arededicatedcomputer-vision-based interfaces,sometimesalsocalledperceptualinterfaces. Kohler
introducesa taxonomywhich usesthe featuresone camera/multi-camera system, taskstreatedby the sys-
tem(tracking,brick tracking,handtracking,limb tracking,pointing,staticgesturerecognition,dynamicges-
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ture recognition,sign languagerecognition,speci�c languagerecognition,dynamicbody gesture)segmen-
tation method, features extractedfrom the imagesto be usedfor further processing,methodof reconstruc-
tion/classi�cation, constraintson propertiesof theenvironment(uniformbackground,staticbackground,spe-
cial illumination)or on theappearanceof theuser, and�eld of application.

In this thesiswe areinterestedin handandarm gesturesso that we will restrict the following discussionof
thestate-of-the-artin this �eld. Further, werestrictmotionhandgesturesto pointing,whichexcludesdynamic
handgestureslike they aretypically usedin sign languages.For interestedreaderswe refer to the reviews
of Wu et al. [WH99] andAggarwal et al. [AC99] which in particulartreat temporalgesturemodelingand
recognition.Dynamichandgesturescanbe immediatelyembeddedin theconceptof this thesis. In fact,we
haveimplementedanextensionof thecasestudyof chapter5 whichincludesahandmotiongesturerecognition
by usingthefreelyavailableGesture DesignTool (GDT) [LLR99]. However, wewill not furtherdescribethis
extensionin thefollowing.

2.3.3 Computer-vision-basedPointing and Static Hand Gestures

In theinteractionenvironmentof the�gure 1.1,pointingandhandgesturesareappliedin aninteractionspace
whichhasarelative largeextension,whencomparedto aCRT screenor atabletop. In thelattercase,theusers
areusuallylocatedat a �x edpositionby e.g.sittingon achairor standingin front of a tableat a relative �x ed
position,while they canmove relatively arbitrarily in front of thebackprojectionscreen.As wewill seein the
following, thissituationof remoteinteractionhasnotyetbeentreatedin asatisfyingway in thepast.

Theprobablymostcomprehensive conceptof remoteinteractionhasbeenpresentedby Kohler[Koh99]. The
concept,calledARGUS,allows to de�ne sensitive regionsin theinteractionspacewhich typically is a room.
Thesensitive regionsmaybe rectangleson a wall or box-shapedregionsenvelopinga device. For example,
a simpli�ed versionof the ARGUS concepthasbeenimplementedfor remotecontrol of homedeviceslike
a tuneror a TV setby pointingandstatichandgestures,(see�gures 2.2 and2.3a). The interactionspaceis
surveyed by several active cameraswhich arevirtually arrangedinto stereocamerapairs (the �gure shows
just two cameraswhich have beenusedin theprototype).Theprototypehasbeenevenmorerestrictive since
it wasassumedthat theuseris locatedat a de�ned position,by e.g. sitting on a chair in front of a table,as
shown in �gure 2.2. This allows to �x thefocusandorientationof thecamerassothatthehandsandthehead
appearin thecameraimageat a sizefavorablefor handpostureanalysis.Althoughmany componentsof the
ARGUSconcepthave beenanalyzedexperimentally, it hasnot beencompletelyimplemented.In particular,
thecombinationof pointingwith statichandgestureacquisitionby handtrackingwith anactive camerainto a
completesystemhasnotbeperformed.This taskis oneemphasisof this thesis(chapter6).

In thefollowing we will brie�y review severalothercomputer-vision-based interactive systemswhich have a
relationtoourworkwith respecttoconstructionorapplication.In ordertostructurethepresentation,weusethe
following features:structureof theinteractionenvironment(e.g.cameraplacement,locationof displays),type
of interaction(e.g.gesturetypes,areasof application),processing(e.g.appliedmethodsof imageprocessing
andreconstruction/classi�cation), andperformance.

Westartwith table-top-orientedsystems.A typicalexampleof thissortof systemis ZYKLOP whichalsohas
beenpresentedby Kohler.

ZYKLOP

Author: Kohleret al. [Koh99]

Structure of the interaction environment: Originally ZYKLOP hasbeendevelopedfor executionof hand
gesturesonatabletopwhich is surveyedby asinglecamerafrom thetop(�gure 2.3b).Laterit hasbeen
alsoappliedto executionof handgesturesin a region in front of anarbitrarystaticbackgroundroughly
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Figure2.2: Theinteractionspaceconceptof ARGUS(left) andtheinteractionspaceof aprototypecasestudy
for ARGUS(right).

in parallelto the imageplaneof anarbitrarily orientedcamera,e.g. a cameralooking in directionof a
wall (�gure 2.3c).

Typeof interaction: Statichandgestures,pointingby moving thehandor �nger to thedesiredlocation,and
simpledynamicgestures,all executedonor in parallelto thetabletopor thewall.

Processing:Mainly skin-color-basedsegmentationof the hand,combinationof several shapeandmotion-
relatedfeatures,multi-classi�cation.

Performance: 15-20framespersecond.

Wehave usedZYKLOP asasubsystemin theimplementationof thecasestudyof chapter6.

Severalothersystemsof this typehasbeendevelopedin thepast,seethesurvey by Kohler[Koh99]. Similar,
but slightly differentarethefollowing two systems.

SIVIT - SiemensVirtual Touchscreen

Author: Maggioni[Ebe98, Mag95]]

Structure of the interaction environment: Imagesof anapplicationareprojectedfrom aboveonatabletop.
Thetabletop is surveyedby a black-and-whitecamerawith infrared�lter , looking in directionof pro-
jection,mountedin parallelto theprojector(�gure 2.3d).

Typeof interaction: Pointingby moving thehandor �nger to thedesiredlocationon thetabletop.

Processing: Infraredlight sources,infrared�lters onthecameras,andaspecialre�ecting �lm onthetabletop
areusedto excludeartifactscausedby theenvironmentandby projection.This allows to applysimple
segmentationmethodslike e.g.thresholding.

Performance: By thespecialway of illumination andimageprocessing,high frameratesanda reliablebe-
havior hasbeenachieved.SIVIT hasbecomeacommercialproduct.

Vision-basedinteraction with a monitor

Author: Bretzneretal. [BLL + 01, BLL02]
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a) b)

c) d)

e) f)

g) h)

Figure2.3: Con�gurationsof environmentsfor interactionwith displayspublishedin literature(1).
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a) b)
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e) f)

g) h)

Figure2.4: Con�gurationsof environmentsfor interactionwith displayspublishedin literature(2).
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Structure of the interaction environment: A singlecamerais mountedon top of a computerCRT screen.
Theusersitsin front of themonitorandpresentsthehandto thecamera(�gure 2.3e).

Typeof interaction: (1) Statichandgesturesby holdingthehandin a �x edstateduringa periodof time in
which thesystemrecognizesthecurrentstatein a prede�nedsetof states.(2) Quantitative handmotion
wherethe 2D or 3D handmotion is measured.(3) Qualitative handmotion for the input of dynamic
gestures.

Processing:Trackingandrecognitionareperformedby usingcolor-basedsegmentationandcomparisonof
the segmentswith a setof objecthypothesesapplying the statisticalapproachof particle �ltering or
condensationin ahierarchicalway.

Performance: No dataavailable.

GestureVR

Author: Segenetal. [SK98]

Structure of the interaction environment: Two cameraslook from above on a tabletop which hasuniform
color.

Typeof interaction: 3D trackingof the thumband the pointing �nger. Threestatichandgesturescanbe
appliedwhicharerecognizedbasedon thelocationandorientationof thetwo �ngers (�gure 2.3f).

Processing:By the uniform color of the tabletop, the �ngers canbe easilyseparatedfrom the background
by a simplesegmentationmethodlike thresholding.Both camerasarepre-calibratedwith respectto a
world coordinatesystem.

Performance: 60 framespersecond.

The SIVIT systemdescribedabove usesfront projectionon a tabletop. The following systems,in contrast,
usebackprojectionon a transparenttabletop.

Vision-basedaugmenteddesk

Author: Starneret al. [SLM+ 03]

Structure of the interaction environment: Theinteractionenvironmentis de�nedby abackprojectiontable,
similar to the responsive workbenchof Kruegeret al. [KBF+ 95]. Theworkbenchis illuminatedfrom
above by infraredlight-sources.A black-and-white-camerawith infrared�lter is mountedcloseto the
projectorandlooks in thedirectionof projection.In this way thecameraseestheshadows inducedby
the light sources,andcastby theuser's armon thetable. Furthermore,a black-and-whitecamerawith
aninfrared�lter is mountedabove thetable,giving asideview of theuser's arm.Additionally, infrared
light sourcesaremountedcloseto theprojectorwhich aredirectedin thesameway asprojection.The
light is re�ectedby thebottomsideof objectsplacedon thetable(�gure 2.3g).

Typeof interaction: The con�guration allows arm pointing in spaceby reconstructionof the directionof
thearm, localizationof objectsplacedon the table,andpartial3D-reconstructionof objectsplacedon
the table. The objectscanbe usedaspart of an augmentedreality scenario,that is fusion of the real
environmentwith a computer-generatedgraphicalenvironment.

Processing:The arm seenby the sidecamera,and the shadows of the arm andof the objectsinducedby
the infrared light sourcesare determinedin the imagesby segmentation. Due to the infrared light,
segmentationcanbeeasilyperformede.g. by thresholding.3D reconstructionis achievedby usingthe
locationsandshapesof theshadows,andthepositionsof thelight sourcesandthecameras.
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Performance: 14 to 20 framespersecond.

Visual gesturesfor a virtual desk

Author: O'Haganetal. [OZR92]

Structure of the interaction environment: Theinteractionenvironmentis de�ned by abackprojectiontable
asfor thevision-basedaugmenteddesk(�gure 2.3h).Theprojectionareais surveyedby astereocamera
systemfrom above thetable.

Typeof interaction: Statichandgestureswhicharelocatedin spaceareused.

Processing:Thecamerasarecalibratedusingthemethodof fundamentalmatrices,see[Fau99] andchapter6.
Thehandsarefoundby skin-color-basedsegmentation.Estimatesof theposesaredeterminedby tem-
platematching.The templateimagesareacquiredin a preprocessingstep. Classi�cationof thestatic
gestureis performedby astatisticalmethodsimilar to theoneusedin ZYKLOP.

Performance: 30 framespersecond.

O'Haganet al. useaBarcoBaronprojectiontablewhichcanbecon�guredasa horizontaltable,but alsoasa
verticalwall display, andsomethingin-between,andthusis a steptowardsbackprojectionwalls (�gure 2.4a).
In contrastto table-orientedprojection,projectionwallsallow to extendthesizeof theinteractionenvironment.
Projectionwalls have beenusedfor many applicationscenarios.Several of themarebuilt on the following
P�nder system.

P�nder

Author: Azarbayejani,Wren,Pentland[WADP97]

Structure of the interaction environment: The interactionenvironmentconsistsof a backprojectionwall
and onecameramountedon the top borderof the wall, surveying a region of several squaremeters
in front of thescreen.

Typeof interaction: Thesystemperformsfull 2D bodytrackingandcandistinguishbodypartslike e.g. the
handandtheheadby color. Thedistanceof thebody from thecamera(depth)canbe estimatedfrom
locationof theuser's feetonthe�oor . Oneor moreof theidenti�ed bodypartscanbeattachedto objects
on thescreenwhosepositioncanbe controlledin this way by moving thebodyparts. For example,a
screencursorcanbetied to oneof thehandsin orderto implementpointing.

Processing:Segmentationis performedusingblobsto representtheuserregion anda textureimageto repre-
sentthebackground.A blob is a Gaussiancolor distribution arounda pixel on thescreen.Theobject
is representedby a setof blobswhich areacquiredandupdatedby unsuperwisedlearningfrom thedif-
ferencebetweena currentimageincluding theuserandan imageof the backgroundwithout theuser.
Thebackgroundimageis representedby aGaussiancolordistribution of everypixel which is initialized
at the beginning andpermanentlyupdatedduring interaction. Body partsare identi�ed by the color
distributionsof blobs,e.g.thehandandtheheadby blobsof skincolor.

Performance: 10 to 30 framespersecond.

Sp�nder

Author: Azarbayejani,Wren,Pentland[WADP97]
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Structure of the interaction environment: The interactionenvironmentof Sp�nder is almostthe sameas
thatof P�nder. Theonly differenceis thatthecamerais replacedwith two cameras,typically mounted
in theupperleft andupperright cornersof thescreen,servingasastereocamerasystem(�gure 2.4a,b).

Typeof interaction: Sp�nder yields spatialblobs,not just 2D or 2.5D blobs like P�nder. This opensthe
possibilityof true3D-controlof objects.Concerningpointing,a spatialpointingdirectioncannow be
derived by e.g. connectingtheheadblob with thehandblob by a line or usingthe longestaxis of the
spatialextensionof ahandblob aspointingdirection.

Processing:Blob extractionis thesameasfor P�nder. 3D-reconstructionis performedmotion-basedusing
self-calibrationof theextrinsic cameraparameters,by detectingcorrespondingblobsin thetwo camera
images[AP96].

Performance: 10 to 30 framespersecond.

Examplesof applicationsof P�nder are the VisualizationSpaceby Lucenteet al. [LZG98] and the Smart
Roomby Wrenet al. [WSA+ 97]. Bothsystemsuseadditionalspeechinput in orderto performgesture-based
operations.For instance,in theVisualizationSpace, with anadditionalspokencommand”Make thisbig!” the
sizeof anobjectpresentedontheprojectionscreenis changedaccordingto thedistanceof thehandsdelivered
by P�nder. In theSmartRoom, userscan”touch” theobjects,by positioningthemselvessothatthey virtually
point at theobjects.By speechinput, theusercanselectandmove thevirtual objects.TheIntuitive Interface
by Hoch [Hoc99] combinesthe blob techniquewith a 3D-modelof the upperbody in order to copewith
occlusion.

The following systemusesa projectionwall, too. It extendsthe idea of ”smart boards”which hasbeen
implementedin asimplerwayby Hardenberg etal. [HB01] andHall etal. [HGM + 01].

Cameraprojector system

Author: Licsaretal. [LS04]

Structure of the interaction environment: Theinteractionspacecontainsa front projectionscreen.A cam-
eralooksonto a subregion of thescreen,in directionof theprojection(�gure 2.3). Thecameracould
e.g. be mountside-to-sidewith the projector. Thereforethe cameraseesthe projectedimageandthe
armof theuserwhichcoversapartof theprojectionscreenandhencere�ects theprojectedimage.

Typeof interaction: Pointinggesturesandsimplestatichandgestures.

Processing:Thearmis extractedby adifferenceimageapproach.Thehandgesturesareclassi�edby standard
methods.

Performance: In realtime,but �gures notavailable.

HMM pointing

Author: Nickel et al. [NS03]

Structure of the interaction environment: A region of a roomis surveyedby a stereocamerapair in order
to trackthehandsandtheheadof theuser. Additionally possibleis electromagnetictrackingof thehead
in orderto improve thereliability of head-handpointinggestures(�gure 2.4d).

Typeof interaction: Head-handpointing gesturesfor pointing on objectsplacedin the region surveyed by
thecameras.
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Processing:Reconstructionis performedby a combinationof skin color-basedsegmentationanda stereo-
scopic rangeimage obtainedfrom disparity maps. Static pointing gesture(motionlesshandat the
pointingposition)arerecognizedby a combinationof Hidden-Markov-Models(HMM) covering three
phases:(1) moving to thestaticposition,(2) staticposition,(3) moving away from thestaticposition.
For detectionof the pointing direction,several approachesareapplied: (1) detectionfrom the mutual
locationof thehandandthehead,(2) detectionfrom the forearmdirectionobtainedfrom the3D pix-
els closeto the hand,(3) detectionfrom the head-hand-line,and(3) inclusionof the headorientation
detectedby electromagnetictrackingfor detectionof thehead-hand-line.

Performance: Usingelectromagnetictrackingimprovestheexperimentallyevaluatedrateof identi�cation of
targetsfrom about65%to about83%.

Vision-basedinteraction usingheadmountedcameras

Author: Störringetal. [SMLG04]

Structure of the interaction environment: Theuserwearsa headmountedstereocamerapair andan aug-
mentedrealityheadmounteddisplay(�gure 2.4e).

Typeof interaction: Statichandgestures(a pointanda click gesture).

Processing:Handsegmentationis basedon skin color. The 3D �nger tip is reconstructedby triangulation.
Informationaboutcalibrationis notavailable.

Performance: 25 framespersecond.

Theenvironmentof our con�guration of interactionwith a backprojectionwall is differentfrom thoseof the
systemspresentedup to now, ascanbeseenby comparingthesketchesof �gure 2.3. Themaindifferenceis
thatanactive camerais usedto geta largeview of thehand.Alternatively, severalstaticcamerascouldhave
beenusedwhichcover theregionof interaction,but thiswould requireconsiderablymoreresources.

Usinganactive camerahasalreadybeenproposedin ARGUS.Themaindifference,however, is thatwe fuse
dataof thestaticcamerasandtheactive camerain orderto tracktheobjectof interest.Furthermore,ARGUS
hasnotbeenimplementedinto aworkingsystem.

Another differenceis that for acquisitionof the 3D location of the object of interest,static cameraswith
considerabledifferentview areusedinsteadof theusualstereocameraarrangementswith justminordeviation
of view similar to thehumaneyes.Theviewsof ourcamerasareaboutperpendicularto eachother. Thisopens
thewayto applicationof thesilhouette-basedapproachof reconstructioninsteadof theusuallyusedtechnique
of matchingof correspondingpoints. Theadvantageof thesilhouettesis thatcolor or texturechangeson the
surfaceof thetrackedobjectarenot relevant,sothattheusercanbemore�e xible with respectto clothing.

In order to be able to apply the silhouette-basedapproachwith just two cameras,the con�guration of our
interactionenvironmentis completelydifferentfrom the otherones. It restrictsthe spaceof interactionto a
region of morelimited extensionthanfor thosesystemswhich observe thewholeareain front of thescreen.
For backprojectionwalls, however, it is not uncommonthat the useris closeto the wall. Furthermore,with
increasingsizeof thewall andtherequiredhight of thepresentationroom,theregion which canbesurveyed
by our cameracon�guration increases,andopensthepossibility to interactin largerdistancesfrom thewall,
by letting thecomputervisionsystemscanningthespacestartingat theprojectionwall.

We do not usestrictly restrictedor specialillumination, in particularno infraredlight, assomeof theexisting
systemsdo. This generalitycausestroubles,and,in contrastto othersystems,we proposeseveralapproaches
to reducetheseproblemsin the stepsfollowing segmentation. Segmentationundervarying conditionsof
illuminationhasbeenthesubjectof anotherthesis[Leu02].
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In contrastto P�nder, ourcon�gurationsneedpre-calibration.Calibration-freereconstructionrequiresthatthe
correspondenceproblemis solvedreliably. This is a critical issueundertheconditionof naturalillumination.
In thecaseof pre-calibration,conditionscanbecreatedwhichallow reliableimagesegmentation.Furthermore,
thedataof calibrationcanbeusedto diminishthetroublescausedby unreliableimageprocessing,like wedo
it in ourapproach.However, weapplytechniquesof calibration-freereconstructionfor pre-calibrationin order
to diminishtheefforts requiredfor calibration,but underconditionsallowing reliableimageprocessing.

Furthermore,we includethe projectionwall into theprocessof optical-basedcalibration. In this way, addi-
tional measurementsby handarepracticallyexcluded.Most of thepapersoverviewedin this chapterhave no
explicit statementaboutinclusionof the projectionscreen,but it canbe concludedfrom the remarksabout
cameracalibrationthat the geometricrelationsareknown from systemconstructionor by manualmeasure-
ment.Advantagesof opticalcalibrationaregoodprecisionandreducedtimeto build upthesystemin casesof
no-permanentinstallation.

2.4 SystemAr chitecturesfor Human-Computer Interaction

Several generalsystemarchitecturesfor systemsof human-computerinteractionhave beenproposedin the
past.They canbeclassi�edinto [Pre99]

layer models wherean interactive systemis subdivided in layers,similar to the translationprocessof pro-
gramminglanguages.Examplesare the Seeheimmodeland the IFIP model. An importantproperty
of thesemodelsis the separationof interactionfrom application. In the Seeheimmodel, separation
is achieved by de�ning threelayers,the presentationlayer, the dialog control layer, andthe applica-
tion layer. The presentationlayer is responsiblefor the input andthe output. Within this model, the
contribution of thethesisconcernsthepresentationlayer.

object-orientedmodels wherean interactive systemis organizedasa systemof cooperatinginteractionob-
jects.A well-known exampleis theModel-View-Controller(MVC) designpattern.Themodelrepresents
thecoreapplicationandcontainsthenecessarydatawhichcanbeaccessedandmanipulatedby methods.
Theviewspresentdatato theuser. Thecontroller objectsacceptuserinputandtranslateit into requests
to themodelor theassociatedviews.

device-orientedmodels which focus on in- and output devices. The hugenumberof possibledevices is
reducedto a setof abstractdeviceswhich representdevice-independentfunctionality. Examplesarethe
graphicsstandardsGKS andPHIGS[FDFH90].

Thearchitecturalconceptpresentedin chapter3 of this thesisis notanothersystemarchitectureof acomplete
interactive system.It coversa specialaspectandcanbeembeddedin theexisting approaches.With respect
to theSeeheimmodel,thecontribution of thethesisconcernsthepresentationlayer. Within theMVC-model
the controllerobjectsarethe part of interest. Our systemconceptis device-oriented,but it is closerto real
physicalinteractionthantheabstractionof GKSor PHIGSis. On theotherhand,it givesamoregeneralview
of theembeddingof vision-basedhumancomputerinteractioninto applications,anissuewhich hasnot been
in thefocusof many of theexistingprototypeswhicharehard-codedalongthegivencon�guration,theapplied
methodsof computer-vision,andthespecialapplication.

Thereareonly very few conceptsin literaturewhich exceedthestructuresrequiredfor image-andcomputer-
vision-processing. Thesestructuresareimmediatelyimplied by theappliedalgorithms.Oneof themoregen-
eralarchitectureis ARGUS(�gure 2.5). TheARGUSarchitectureconsistsof four main layers,low level/2D
image processing, high level/2Dand3D image processing, a general gesture interface, anda layer of global
environmentcontrol. The�rst two layersarestructuredaccordingto thesophisticatedimageanalysisapproach.
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Figure2.5: Thearchitectureof ARGUS.

Theknowledge basecontainstheresultof a learningphasefor gesturesrequiredto distinguisharbitrarypos-
turesandmotionsfrom gestures.The resultof imageanalysisconsistsof geometricfeaturesof objects,in
particularpositionsandorientations,andgesturecodes.They areusedby theregion selectionandactivation
unit of thelayerof globalenvironmentcontrolin orderto decidewhichregionhasbeenselectedandto forward
this informationtogetherwith gesturecodesto theapplicationcontrol unit.

Anotherexampleis Oviatt's multimodalinterfacearchitecture[Ovi02], cf. �gure 2.4. It canbesplit into two
parts,the device-orientedpart andthe dialogue-orientedpart. The dialogue-orientedpart is de�ned by the
lower part of the diagram,startingwith the dialoguemanager. This part is provided by the device-oriented
partwith feature/frame-structureswhich canrepresentthe input dataup to thesemanticlevel. This meansin
particularthatin thecasethatspeechis involved,speechunderstandinghastakenplacein thedevice-oriented
part. The device-orientedpart consistsof threelevels, sensordatarecognition,sensordataunderstanding,
andmultimodalintegration. Sensordata recognition performslow level dataprocessingresultingin feature
data. Sensordata understandingderives semanticinformation from the features,like identifying postures
or motionsasgesturesandrepresentingthesemanticsif naturallanguageinput. Thederived informationof
every input modeis representedby its own feature/frame-structures. Themultimodalintegration fusesthem
into feature/frame-structureswhich representtheinput informationuniformly. Integrationis in�uencedby the
dialoguemanagerandby interpretationof thecurrentcontext providedby acontext management.

Onthelevel of imageprocessing,wewill proceedquitesimilarly to the�rst two layersof theARGUSconcept
in ourarchitecture(�gure 3.4).Wealsowill split imageanalysisin a2D anda3D part,andwill matchresults
of the2D processin orderto compensateerrors.Also thedatareportedfor furtherprocessingaresimilar. The
differenceon this level liesmainly in thealgorithmicapproachesusedin theselayers.
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Figure2.6: Themultimodalinterfacearchitectureby Oviatt.
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Themaindifferenceof our architectureto thoseof KohlerandOviatt is themethodof transitionbetweenthe
physicalinteractionenvironmentandtheinteractioninterfaceof theapplication.Bothsidesarerepresentedby
computer-basedmodelscalledvirtual interactionspaceandabstract interactionspace, which aremappedto
eachother. In �gure 3.1 which sketchesthe interactionspaceconcept,thevirtual interactionspaceis hidden
in the interactionspaceprocessingunit. Theabstractinteractionspacemaybeconsiderablysimplerthanthe
virtual interactionspacewhich may describethe physicalenvironmentvery accuratelyin order to support
sensordataprocessingin a model-basesway. In the ARGUS concept,the idea of having a model of the
physicalinteractionspaceis alreadyindicatedby theconceptof aknowledge databaseandaworld modeldata
base, togetherwith the region selectionand activationunit, but it is specializedon the conceptof sensitive
regionswhile we allow arbitrarymodels. The �ow control of ARGUSresponsiblefor view control is taken
over in ourconceptby thevirtual interactionspace.Analogously, theapplicationcontrolunit canbeseenasa
less�e xible predecessorof theabstractinteractionspace.

Anotherdifferenceis thatweproposea conceptof combinationof sensordataprocessingunitswhich is more
�e xible thanin ARGUS(�gure 3.2).

Finally, in contrast,ourarchitecturedoesnothaveadialoguemanager. It hasto beprovidedby theapplication
program.Theadvantageof thisapproachis its particular�e xibility of attachingapplications.

2.5 Evaluation of Vision-basedHuman-Computer Interaction Systems

Theprimarygoalof theanalysisof human-computerinteractionsystemsis evaluationof theusability. Aspects
of usabilityareef�ciency, effectivity, andcontentmentof theuser. Ef�ciency meansthe time a userneedsto
solve a given task. Effectivity denotesthe extent to which the goal of the interactiontaskis reachedby the
user. Contentmentdescribesthesubjective feelingof theuser. Anotheraspectis ergonomicswhich concerns
evaluationof thephysiologicalandpsychicalstrainof theuser. Evaluationhelpsto comparesystemsand,if
alreadyappliedduringthephaseof construction,to achieve agoodresult.

Severalapproachesof evaluationof interactive systemshave beenproposedin thepast[Pre99]: formal eval-
uation, for exampleaccordingto theGOMS-model(GOMS= Goals,Operators,Methods,SelectionRules),
heuristicevaluation, typically basedon usability inspectionby experiencedspecialists,empirical evaluation
basedon comprehensive dataacquired,for example,in usabilitylaboratories,anddiscountusabilityengineer-
ing which aimson thereductionof theefforts of testingfor smallerprojects.Furthermore,therearestandards
giving recommendationshow to evaluatetheusability, like e.g. ISO 9241. Thestandards,however, focuson
theconventionalkeyboard-screen-mouse-basedhuman-computersystems.

Theevaluationof vision-basedhuman-computerinteractionsystemsusuallyconcernstechnicalfeatureslike
numberof framesprocessedpersecond,achievedupdatingratesandprecisionof outputparameterslike posi-
tionsin thecaseof pointing[OZR92,SK98,NS03],achievedspeedof gesturerecognitionandrateof correct
recognizedgestures[Koh99, LS04,NS03],andinput latency anddisplaylag [SLM + 03].

Severaldif�culties havebeenrecognizedconcerningcollectionof thedataandthepossibilityof generalization.
O'Haganet al. [OZR92] statethat”limitation in measuringgroundtruth restrictour ability to gatheraccurate
performancedata”. Segen[SK98] notesthat ”estimationof theabsoluteaccuracy of poseestimationis prob-
lematicsincethis requiresmeasurementof the positionandorientationduring imageacquisition,andsuch
measurementswould generallyinterferewith the acquisition.” Störring et al. [SMLG04] tell that ”although
thesystemhasbeenusedby severalusers– includingpeoplewith no technicalbackground– it is dif�cult to
give quantitative resultson thegestureandpointingrecognition”. Thepaper[WADP97] on P�nder doesnot
containanexplicit evaluation,but P�nder hasbeenusedin severalapplications,alsoby peopledifferentfrom
theauthors.Many papersdo not tell thenumberof testpersonsinvolved. Thefollowing statementby Starner
et al. describesanapproachwhich is typical for the�eld: ”To evaluatethecurrentusabilityof thesystem,we
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performeda small userstudywith the goal of determiningthe relative ef�ciency andaccuracy of the object
trackingcapability. Wedesigneda taskthatrequiredusers...”. Segen[SK98] presentsrecognitionratesbased
on ”informal trialswith usersof differentage,gender, skin,andhandsize”.

Thesestatementscanbeunderstoodto expressanunsatisfactorystateof evaluationof computer-vision-based
interactive systems,andthey presentreasons.Theappliedmethodsmainly fall into thecategory of empirical
evaluation. The crucial point of empirical evaluationis how a test hasto be designedin order to become
statisticallyrelevant. A particularproblemof computer-vision-basedinteractionis that thedimensionalityof
the testenvironmentis considerablyhigher thanof classicalinteractive systems.Two typesof parameters
of in�uence canbedistinguished:extrinsic parameters which characterizetheenvironment,theappearance,
andthe behavior of the user, andintrinsic parameters of the systemwhosevaluesin�uence thebehavior of
the system. Importantparametersof the environmentare the appearanceof the backgroundand lighting.
Parametersof appearanceof the userconcernthe clothing, the skin andhair color, and the anatomy. This
illustratesthesizeof theparameterspace.

If a systemhasintrinsic parameters,the goal canbe intrinsic parameteroptimizationwhich meansto �nd
a settingso that a goodbehavior of the systemcanbe observed a particularlarge numberof settingsof the
extrinsic parameters.Anotherissueis feasibilityanalysiswhich meansto describe,for a givensettingof the
intrinsicparameters,a particularlargesetof settingsof theextrinsicparametersfor which thesystemshows a
favorablebehavior.

The resultof an experimentis evaluatedusingquality measureswhich dependon the extrinsic andintrinsic
parameters.Thequalitymeasuresmaycharacterizeef�ciency andeffectivity of asystem,but alsocontentment
of theuserif ”system”meansthecon�gurationconsistingof thehumanuserandthecomputer-basedinteractive
system.Oftennotall parametersof anexperimentequallyin�uence theresultof anexperiment.In the�eld of
experimentaldesignmethodshave beendevelopedwhich �nd out in asystematicway which parametershave
thegreatestimpacton thesystembehavior [Sta03].

As far as we know, a systematicanalysisof computervision-basedinteractionenvironmentsin the sense
of experimentaldesignhasnot yet beenperformed. It is not clearwhethera considerablereductionof the
parameterspacecanindeedbeachieved.Theanalysisof this issuewouldhave hadexceededthescopeof this
thesisso thatwe have decidedto restricttheexperimentalevaluation.Nevertheless,it give someinsight into
thebehavior of theproposedsystems.

Concerningthehumancomponent,wegobackto anobservationnotedby Dumas[Dum02], thatin adiagnostic
test,thesessionsbegin to get repetitive afteralreadya smallnumberof testpersons.Theresearchstudiesby
Vizzi [Viz90, Viz92] show that 80% of the problemsare uncoveredwith about � ve participantsand 90%
with aboutten. As alsoobserved, this observation may fail for very large products. Sinceour interaction
environmentis very focused,weassumefor our teststhata smallnumberof testpersonsis suf�cient.

With respectto theenvironmentwe do not analyzethedependency of thesystembehavior on its parameters.
We useonly onesetting,however, with slight variationscausedby performingthe experimentsat different
times. To our opinion this approachis feasiblebecauseof our goals: (1) diminishing the effectsof faulty
segmentationin laterstepsof theprocessingchain,and(2)demonstratingof thepossibilityto combinepointing
with statichandgesturesby using an active camera. This meansthat we are not interestedin analysisof
the performanceof segmentationwhich is the phasemostsensitive to the environment. For both goalsit is
suf�cient to have anenvironmentwheresegmentationworksin someway in a not too restrictedenvironment.
Theresultsof theexperimentsshow thatat leastoneenvironmentexistswhich shows this behavior. Further,
they hold for at leastthoseenvironmentsfor whichsegmentationshows asimilarbehavior.

In the following we will usea uniform format of descriptionof experiments.It consistsof threeparts: ap-
proach wherethe experimentis described,measured quantitieswhich compilesthe quality measuresof the
experiment,andobservationwheretheresultsof theexperimentaredescribedanddiscussed.
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Chapter 3

Interaction SpaceAr chitecture

Theso-calledinteractionspacearchitecture of thischaptergivesaconceptof structuringcomplex interaction
environmentslike thevision-basedinteractive backprojectionwall of �gure 1.1. Theconceptis application-
independentin the sensethat existing interactive applicationscanbe combinedwith this type of interaction
environment,if they haveaccessibleinputandoutputchannels.For example,theimplementationof thevision-
basedinteractive backprojectionwall allows to install Windows-basedapplicationsby usingthemouseinput
channelin orderto transferhandor armpointingdatato theapplication.Application-independence is achieved
by abstraction.

The interactionspacearchitecturedoesnot provide a completeinteractive systemwith complex dialog ele-
ments.It ratheris anarchitectureof a complex input device which canbeconnectedto anexisting interactive
application.Its emphasislies on processingof dataacquiredby sensorsplacedin theinteractionspaceof the
user. For thevision-basedinteractive backprojectionwall, thesensorsarethecamerasobservingtheactionsof
theuserin front of theprojectionwall. Theinteractionspacearchitectureallows model-baseddataanalysisby
introducingtheconceptof avirtual interactionspacewhich is animageof therelevantfeaturesof thephysical
interactionspacein thecomputer. This reality-orientedparthasanabstractcounterpartin form of anabstract
interactionspacewhich is independentfrom theconcreteimplementationof thephysicalinteractionspace.

Anotherpropertyof the interactionspacearchitectureis that it supportsmulti-sensorandmulti-modalinter-
action. The datacapturedby several sensorscaneitherbe input of a singlevirtual interactionspace,or of
several virtual interactionspaces.The �rst possibilitysupportssensorsynchronization,theseconddoesnot.
Multi-modality is achievedby thetypeof sensorsused.

The interactionspaceconceptandarchitecturehasbeenmotivatedby the requirementsof computer-vision-
basedinteractionby gestures.Computer-vision-basedinteractionby gesturesis thecasestudyfor thearchi-
tectureon which we will emphasizein the following chaptersafter having introducedthe basicconceptin
this chapter. The focuswill be on imagedataprocessingwith the goal of usinghand-andarm-gesturesfor
interaction.

A commonapplicationof gesturesasmeansof interactionis oneof severalmodesin multi-modalapproaches
to interaction.However, thequestionfor thepossibilityof interactionjustby gesturescanbeposed.Thestand-
aloneapplicationof gesturescouldbeof interestif othermodesarenotavailableor considerablyrestricted,for
instancespeechin noisyenvironments.Anotherexampleis the interactionwith a presentationenvironment.
In this caseinteractionconcernsswitching to the next or previous slide, or interactionwith an application
programwhich is subjectof explanationin thepresentation.In this casethechannelof speechis occupiedfor
thetalk, andothermodeshave beentakenfor the interactionwith thepresentationsystem.Onepossibility is
gestures.

Gesturesasstand-alonemodeleadto theproblemof decidingwhetherapostureor motionof theuseris indeed
meantasagesture.If multiplemodesareavailable,thecoincidenceof eventson severalchannelscanbeused
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Figure3.1: Interactionspaceconcept.

ascon�rmation thattheinputhasbeenintended.Thequestionis how to proceedif justonemodeis available.
We will outline a possibility of so-calledmulti-gesture type interaction in this chapter. Multi-gesturetype
interactionis alsosupportedby theinteractionspacearchitecture.As a casestudy, we will combinepointing
gesturesandhand-posture-basedgesturesin chapter6.

Thefollowing section3.1outlinestheinteractionspacearchitecture.Section3.2addressesthedifferentcom-
ponentsmoredetailed. Section3.3 is devoted to a classi�cationof hand-andarm-basedpointing gestures
andtheir combinationinto multi-gesture-typeinteractions.Section3.4 describesthe detailsof the principle
architectureof a multi-camerasensorprocessingunit which will be adaptedto specialcon�gurationsin the
chapters4 and5.

3.1 Outline of the Interaction SpaceAr chitecture

Theinteractionspacearchitecturesketchedin thefollowing concernscapturingandprocessingof theinputdata
of aninteractive systemby apossiblycomplex sensorcon�guration. It maybeunderstoodasageneralization
of the input sideof the ”workstation”conceptof GKS or PHIGS[FDFH90]. Thesegraphicsstandardshave
introducedanabstractconceptof a workstationwith abstractinput andoutputdevices. Theinteractionspace
architectureconnectsthephysicalenvironmentandtheapplicationin anapplication-independentmanner.

Figure 3.1 gives a survey of the architectureof the interactionspaceconcept. The useris embeddedin a
physicalinteraction space. The physicalinteractionspaceis the physicalenvironmentin which the useris
present,augmentedby display mediaand sensors which are the link betweenthe userand an interactive
application. Display mediamay be image-oriented,sound-oriented,or others. Sensorscanbe mechanical,
electro-magnetic,opticalor others.Theuserclosestheloop betweenmediaandsensors.

Thesensorsdeliver physicalsignalsaboutthewishesof theuser, expressedby oneor moremodalities.The
signalsareprocessedin the interaction spaceprocessingunit. The interactionspaceprocessingunit itself
consistsof two parts,the sensordata processingunit and the virtual interaction space(�gure 3.2a). The
sensordataprocessingunit takes the raw sensordataand derives relevant interaction spacefeatures. The
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featuresspecifythecurrentstateof thevariablepartof interestof thephysicalinteractionspace.Thefeatures
aretransferredto thevirtual interactionspace. Thevirtual interactionspaceis a computer-basedmodelof the
partof interestof thephysicalinteractionspace.It hasthreeroles. First, it maysupportsensordataanalysis
by a model-basedapproach.This is indicatedin the �gure by the arrow backto the sensorprocessingunit.
Second,if sensorsareusedwhich canbecontrolled,like e.g. active camerasor robots,thevirtual interaction
spacemaysendupdatingsignalsto thesensorcontrolunit. Third, thevirtual interactionspaceprovidesfeatures
to thenext unit in thecircle in the �gure, theabstract interactionspace, afterpossiblybeingtransformedby
an abstraction mappingunit. Theabstractinteractionspaceis a place-holderfor theapplication. It hastwo
typesof output. The �rst type of parameterscontrol the applicationafter possiblybeingtransformedby an
applicationmappingunit. Thesecondtypearedatashowing thestateof theabstractinteractionspace,which
aresentto the displaymediaasan interaction-spacerelatedfeedbackto the user. The applicationperforms
theactiontriggeredby theapplicationcontrolparametersfrom theabstractinteractionspace,andupdatesits
displaymedia.

Thefollowing sectionsgive additionaldetailsof thedifferentunitsof thearchitecture.

3.2 Interaction SpaceConcept

Thefollowing subsectiondescribestherequirementsof applicationswhichcanbepartof theinteractionspace
concept.It is followedby subsectionsexplainingtheconceptsof physicalinteractionspace,virtual interaction
space,andabstractinteractionspace.The�nal subsectionis concernedwith themappingunits.

3.2.1 The Application

The applicationis an interactive systemwhich provides input andoutput. For our purposesit is suf�cient
that the outputcanbe accessedon the signal level, e.g. video signalsor audiosignals. The signalscanbe
transferredto a suitabledisplayin thephysicalinteractionspace.Thevideosignal,for instance,canbegiven
on videoprojectorinsteadof aCRT or TFT screen.

For the modelof the virtual interactionspace,it could be helpful if the outputof the applicationwould be
provided on levels closerto the contentsof the displayeddata. For example,it could be useful to usethe
framesdisplayedontheprojectionscreenin ourscenariofor asimulationof thelighting effectsof thephysical
interactionenvironment.

The applicationhasto provide a device-independentinput interfacewhich allows to changeits state. This
conditionis ful�lled by many interactivesystemsby allowing to attachphysicaldevicesusingadriverinterface.
For example,in our scenarioof interaction,themousepointerof a Windows-basedapplicationis controlled
by dataresultingfrom processingtheframesof thecamerassurveying theregion of interaction.

3.2.2 Physical Interaction Space

Thephysicalinteractionspaceconsistsof thephysicalenvironment.Thephysicalenvironmentcomprehends
themechanics,optics,sound,etc.of theenvironmentincludingthebodyof theuser, theinputsensors,andthe
outputmedia.

3.2.3 Virtual Interaction Space

Thevirtual interactionspaceis a computer-basedmodelof thephysicalinteractionspace.Analogouslyto the
physicalinteractionspace,thevirtual interactionspacecanbesplit into thephysicalenvironmentandtheuser
behavior.
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In contrastto theabstractinteractionspace,thevirtual interactionspacemayconsidertheconcretecon�gura-
tion of thegivenphysicalinteractionspace,for exampleits geometriclayout,thelocationof thesensors,and
its illumination. In our scenario,we will seethat the mutual locationof the camerasandthe screenwill be
modeledin orderto derive theuser's handor armpositionin spacefrom the imagestreamsdeliveredby the
cameras.

Themodelof thephysicalenvironmentcanbeformulatedby any mechanismin usein the�eld of computer-
basedmodelingandsimulation. Examplesareautomata-basedapproachesor object-basedapproachesThe
stateof the virtual physicalenvironmentis adaptedby simulationwhich takes into accountthe stateof the
physicalinteractionspace.Thelink betweentherealphysicalandvirtual-physicalenvironmentis established
by thedataprovidedby thesensors.

For example,thevirtual interactionspacemight describethegeometryof thephysicalinteractionspace,the
illumination, and the cameras,representedby the possibilitiesof today's computergraphics. Furthermore,
it might containa biomechanicalhumanmodelwhich representsthe user. The simulationhasthe goal of
permanentadaptationof thestateof thevirtual interactionspaceto thestateof thephysicalinteractionspace.
The adaptationcanin particularconcernthe poseof the user, the lighting, andthe behavior of the cameras.
The simulationmight alsocomprehendthesimulationof the real cameras,whatallows to comparereal and
simulatedimagedataasanadditionalpossibilityof synchronizationof thephysicalandthevirtual world.

An advantageof a comprehensive model like that is that it may improve the reliability of imageanalysis.
Furthermore,thevirtual world canbeheldin a reasonablestateevenif thesensorstemporallyyield erroneous
informationor fail completely.

A disadvantageof theapproachis thatrealenvironmentsoftenarenot deterministicenoughin orderto allow
perfectmodeling. Furthermore,the computationalresourcesto achieve interactive simulationspeedmay be
considerable.As typical for models,however, themodelneedsto take into accountjust thoseaspectswhich
arerelevant for sensordataprocessing.For example,in the caseof speechinput it couldbe helpful to have
a modelof backgroundnoise,but theillumination of theenvironmentis of minor importance.For computer-
vision-basedsensors,theillumination is important,while soundusuallyneedsnot to bemodeled.Also within
onemodality, simpli�cations arepossible.Thesystemmaymaintaina modelof the interactionenvironment
andof just thosebodypartsof theuserwhich arerelevant for theparticulartypeof interaction.Examplesof
relevantpartsof auserarethehandtip or hand,the(fore)arm,thehead,or, morecomprehensively, akinematic
chaindescribingtheupperbody.

As alreadynoted,thevirtual interactionenvironmenthasparameterswhichde�ne theinterfaceof thephysical
interactionspace.Examplesof parametersarea 3D point describingthe locationof a handin space,a line
describingthe directionof the arm, the locationand orientationof a coordinateframe in spacegiving the
locationandorientationof thehead,anda setof pointsdescribingthespatiallocationsof thehandsandthe
head.Theseparameterscanbeinputandoutputparameters.

The physicalinteractionspacemight be complementedby behavioral model. The behavior of the userfor
examplemeanstheperformanceof a sequenceof actionsrelatedto a taskof interaction.Usinga behavioral
model, thesystemcouldsimulatetheexpectedbehavior of theuser. For instance,if thetaskof interactionis
selectinga menuitem on the screenit canbe expectedthat the userwill move thecursorto theappropriate
menuitemandactivatetheitem. Duringactivationthecursorhasto bekeptontheregioncoveredby themenu
item. In thecaseof ourscenariothistaskhasto beperformedby holdingthearmstill. Becauseof noisepresent
for severalreasonstherecouldbea notablecursormotionevenif theuseris ableto keepthearmpreciselyon
thegoal. If thesystemwould understandthat theuserintendsto selecta menuitem, thecursormotioncould
be particularlysmoothedor madelesssensitive againstarm motion in this phaseof interaction,in this way
simplifying thetaskof selectionfor theuser.

This is just a simpleexampleandcould be extendedto moresophisticatedusermodelingase.g. described
by [Yos02].



3.2. INTERACTION SPACECONCEPT 37

3.2.4 Abstract Interaction Space

Theabstractinteractionspacegeneralizesconcretephysicalinteractionspaces,similarto abstractinputdevices
of GKSor PHIGS.Differentconcretephysicalinteractionspacescanbeusedto controlanabstractinteraction
space.

For example,with respectto our scenarioof interactionwith a backprojectionwall, the abstractinteraction
spacecould be a modelconsistingof a rectangleanda line or line-segmentin space.The rectanglemight
representthe screenand the line-segment the pointing direction. The line-segmentmight have parameters
like positionandorientationin spacewhich de�ne theinterfaceof theabstractinteractionspaceto thevirtual
interactionspace.The intersectionpoint of the line or extendedline-segmentwith the screen,expressedin
coordinatesrelative to thescreen,mightde�ne theinterfaceof theapplication.

This exampleof an abstractinteractionspacecanbe controlledby differentphysicalimplementationsof an
interactionspace.An exampleis the computer-vision-basedenvironmentof �gure 1.1. The line segmentof
theabstractinteractionspacecanbedirectly tied to thearm. Anotherpossibilitycouldbe to have the top of
a tableseenfrom above by a videocameraasinteractionspace.A squareon the tabletop couldbemapped
ontoahemisphereby polarcoordinates,andeverypointon thehemispheremightcorrespondto a directionof
the line segment. In this way motionsin thesquareinducechangesof orientationof the line segmentin the
virtual interactionspace.If thelocationshouldbecontrolled,too,themodecouldpossiblychangedby ahand
posturesothatthecoordinatesin�uencedby thesquarecouldnow bethex-y-, y-z-, or x-z-coordinates.This
is a simpleexampleof indirectinteractionwhichcanbeusedin orderto controlinteractive objectswith many
degreesof freedomin a physicalinteractionspacewith lessdegreeof freedom.Anotherexampleis to control
thedegreesof freedomof anobjectin theabstractinteractionspaceby smallmotionsof the�nger of thehand
placed�at on the tabletop, similar to a marionette.Besideshigh degreesof freedom,a reasonfor indirect
controlmaybethatmotioncapturingmight not bepreciseenoughin orderto maptheuser's poseone-to-one
ontoanobjectin theabstractinteractionspace,like e.g.avirtual actor.

As weseefrom theexamples,likethevirtual interactionspace,theabstractinteractionspaceoffersaninterface
of input parametersfor its control, andan interfaceof outputparameterswhich usuallycontrol a concrete
application.

One way of feedbackthe usercanget on input actionsis from the output of the application. However, it
couldbeusefulto have additionalfeedbackdirectly from theabstractinteractionspace.For example,for the
sampleabstractinteractionspacewith thesquareandtheline segment,thesquareandtheline segmentcould
be graphicallydisplayedin an additionalwindow on the screen.Reasonscould be learningpurposesof the
useror parametercalibrationwheninitializing thesystem.

In simplecases,in particularif no model-basedsupportis provided to sensor-dataprocessing,the abstract
interactionspacemaytake over theroleof thevirtual interactionspace.

3.2.5 Processingand Mapping Units

The interactionspaceprocessingunit takestheraw sensordataandtransfersit into parameterswhich de�ne
the interfaceto therestof theprocessingchain. Theparametersprovide thedatarelevant for a specialmode
or type of interaction. Particular �e xibility canbe achieved if more thanone interactionspaceprocessing
unit is allowed. For example,in chapter6 we will usepointing to the wall andhand-posture-based gestures
simultaneously. In thisexample,oneinteractionprocessingunit takesover thepointingpart,andasecondone
the hand-posture-based gestures.Both may deliver their outputparametersinto a further virtual interaction
spacewhichcomprehendsbothtypesof input. Thisnew combinationcanbeconsideredagainasaninteraction
spaceprocessingunit. The former interactionspaceprocessingunits togethertake over the role of a sensor
dataprocessingunit. This interpretationleadsto aschemeof iterative combinationillustratedin �gure 3.2.
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Figure3.2: Iterative combinationof interactionspaceprocessingunits.
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The sensorcontrol unit allows a feedbackof sensordataprocessingto sensorswhich canbe controlledby
computers.On the left sideof �gure 1.1,anactive camerais indicated.We will usethis camerain chapter6
for handtracking in order to get imagesof the handof reasonablesize for handposturerecognition. The
conceptalsoallows to integratemore�e xible devicesinto theinteractionspace,for examplerobotsequipped
with sensorslike e.g. cameraswhich, in this way, canmove around. This scenario,however, is beyond the
scopeof this thesis.

Furthermore,theinputdataprocessingcircleof �gure 3.1containstwo so-calledmappingunits. Theabstrac-
tion mappingunit assignsoutputparametersof the virtual interactionspaceto the control parametersof an
interactionmodelin theabstractinteractionspace.Theapplicationmappingunit assignsoutputparametersof
theabstractinteractionspaceto theparametersof theinteractioninterfaceof theapplication.

Themappingunitsgive �e xibility in connectinga virtual interactionspace,anabstractinteractionspace,and
an application.A simpleexampleis theadaptationof the rangeof an outputparameterto the domainof an
input parameterby e.g. a linear transformation.It alsocould happenthat oneoutputparameterhasto be
connectedto morethanoneinputparameterof thenext stage.A morecomplicatedsituationmightbemapping
m outputparametersto n inputparameterswhat,however, possiblycouldbenotquiteintuitive to theuser.

Thesensorprocessingunit of �gure 3.1mayalsobeunderstoodasanimplicit mappingunit which transforms
dataof thephysicalworld into datafor computationalprocessing.For this reason,no explicit mappingunit
hasbeeninsertedbetweenthesensorprocessingunit andthevirtual interactionspace.Section3.4 is devoted
to computer-vision-based sensors.

3.3 Multi-type Gesture Interaction

Our interestlies in theapplicationof gesturesfor human-computerinteraction.We restrictourselvesto hand-
andarm-basedgesturetypeswhich arecompiledin the �rst subsection.Thesubsectionalsoilluminatespos-
sibilities of processingthesetypesof gesturesin the architecturalframework of �gure 3.1. The subsequent
subsectiondescribesthepossibilitiesof combinationof severalgesturetypesinto multi-typegestureinterac-
tion.

3.3.1 Hand- and Arm-basedGestureTypes

We distinguish betweensix types of hand- and arm-basedgestures: point-selectingpointing gestures,
projection-basedpointing gestures,arm pointing gestures,head/handpointing gestures,hand-basedmotion
gestures(or statichandgestures),andhand-basedmotiongestures(or dynamichandgestures).

A point-selectingpointinggesture in thephysicalinteractionspaceis performedby holdingoneof thehands
atadesiredposition.In thevirtual/abstractinteractionspacethehandmayberepresentedby apoint in a �x ed
region in space.The �x edregion canbe mappedone-to-oneon a region in the real interactionspacewhich
de�nesasensitiveregion. Sensitiveregionmeansthatthehandis acceptedasapoint-selectingpointinggesture
only if it is within theregion.

A projection-basedpointinggestureis apoint-selectingpointinggesturewhichis combinedwith aplaneregion
in spacebeingsubjectof pointing. The planeregion canbe oneof the facesof a spatialsensitive region of
thepoint-selectingpointinggesture.For example,in thevirtual/abstractinteractionspace,thespatialsensitive
region maybegiven in parameterrepresentationf : Q ! IR3, Q = [0; 1]3 theunit cube.Theregion pointed
at may correspondto the wall region de�ned by f (u; v; 0), (u; v) 2 [0; 1]2. Let f (u� ; v� ; w� ) be a gesture
point in the abstractinteractionspace.Thenits associatedpointing direction is de�ned by the vector from
f (u� ; v� ; w� ) to f (u� ; v� ; 0). Theassociatedpointingdirectionis anotheritem of thepossiblevirtual/abstract
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interactionspace. A further item is the pointing goal which is the point f (u � ; v� ; 0). The corresponding
pointingdirectionin thephysicalinteractionspaceis obtainedby the implicit mappingbetweenthephysical
andthevirtual/abstractinteractionspace.

An armpointinggesture in thephysicalinteractionspaceis de�ned by thelocationof thelower armin space,
combinedwith a planeregion in spacewhich is subjectof pointing. The correspondingitemsof a possible
virtual/abstractinteractionspaceareaplaneregionR in spaceanda line L . Theintersectionof L andR is the
pointinggoal. Theimplicit mappingbetweenthephysicalandthevirtual/abstractinteractionspaceassignsL
to a line alongthelower arm,andR to aplaneregion, like, for instance,aprojectionwall.

A furthertypeof pointinggestureis thehead/handpointinggesture, seee.g.[Koh99]. In thiscasethepointing
line is determinedby connectinga referencepoint of theheadwith a referencepoint of thehand.We do not
furtherusethisgesturetypein thefollowing.

A hand-basedmotiongestureor dynamichandgesture is givenby atrajectorydrawn into theair by moving the
handin thephysicalinteractionspace.Thecurve is recognizedasagestureif it hascertainfeatures.Different
gestureshave different features. In the virtual/abstractinteractionspace,the itemsare the sameas for the
pointinggestures.This approachleadsto two typesof dynamichandgestures,spatialdynamichandgestures
andprojecteddynamichandgestures. The�rst versionresultsif theitemsof point selectingpointinggesture
areused,thesecondversioncorrespondsto projection-basedpointingor armpointing. In this casethecurve
drawn by thepointinggoalis takenasinputof gesturerecognition.

A hand-posture-basedor static handgesture in the physicalinteractionspaceis de�ned by a postureof the
hand.A handpostureis characterizedby thedeformationof thehandandbendingof the�ngers (Figure3.3).
A handpostureis recognizedasa gestureif it hascertainfeatures.The itemsof a possiblevirtual/abstract
interactionspaceare a spatialsensitive region, a point in space,and a planecontour. The planecontour
correspondsto thehandin thephysicalinteractionspaceobservedby a camera.Thepoint correspondsto the
locationof thehandin thephysicalinteractionspace.Thecontouris only relevant for gestureanalysisif the
point is in thesensitive region anddoesnot move. Thesetwo constraintscanbeusedasa featurefor entering
or leaving thestatichandgesturemode.This is onepossibilityof implementingmulti-typegestureinteraction
which is subjectof thenext subsection.

Figure3.3: Examplesof statichandgesturesand,in theright image,theresultof handsegmentationfor hand
tracking.

3.3.2 Combining Gesture Types

Gesturesasa stand-alonemodality leadto the problemof decidingwhethera postureor motionof the user
is indeedmeantasa gesture. If multiple modesareavailable the coincidenceof eventson several channel
can be usedas con�rmation that the input hasbeenintended. In the caseof one modethis sort of time-
parallelredundancy hasto bereplacedwith othertypesof redundancy. Possibilitiesproposedin thefollowing
arelocation-boundredundancy, time-sequentialredundancy, state-boundredundancy, andtimeparallelredun-
dancy.
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By location-boundredundancywe understandthata posturehasto occurat a certainlocationin the interac-
tion spacein orderto be acceptedasa gesture.Examplesarethe sensitive regionsde�ned in the preceding
subsection.

Time-sequentialredundancymeansthatnot justasingleposturebut awell de�nedsequenceof postureshasto
occurin orderto beacceptedasagesture.By demandingasequenceof postures,theprobabilitydecreasesthat
thesequenceoccursaccidentally. On theotherhand,however, gesturerecognitionhasto work morereliable
thanfor onegesturebecausereplicationof a non-recognizedgesturesequencerequiresmoretime thanfor a
singlegesture.

State-boundredundancymeansthat a gestureis only acceptedif the virtual interactionspace,the abstract
interactionspace,or theapplicationarein aspecialstate.

Time-parallel redundancymeansthatspecialgestureshave to appearsimultaneously. This requiresthat two
gesturescanbeexecutedsimultaneously. An exampleis to usebothhands,eachexpressingonehandposture.

In chapter6, aninteractionspacebasedon the interactionwall con�gurationof �gure 1.1 is presentedwhich
allows to combineprojection-basedpointing gesturesandstatichandgesturesinto multi-gesture-typeinter-
actions. It combineslocation-paralleland time-sequentialredundancy. For example,pointing datamay be
deliveredonly if the handis suf�ciently closeto the backprojectionwall. The hand-posturemight only be
evaluatedif thehandis heldstill beforeperformingthestatichandgesture.

3.3.3 Multi-type GestureProcessing

The gesturesarecapturedby oneor moresensors.Several con�gurationsarepossible. Therecanbe one
sensorfor every gesture,disjoint groupsof sensorsfor every gesture,or overlappinggroupsof sensorsfor
every gesture.The latter in particularmeansthat a sensorcancontribute datato the recognitionprocessof
differentgestures.For thecomputer-vision-based interactive backprojectionenvironmentof �gure 1.1,thetop
andsidecamerasyield thedatafor pointing,while theactive cameratogetherwith thesecamerasgetthedata
requiredfor hand-posturerecognition.

As alreadynotedin subsection3.2.5, the probablymost �e xible possibility of sensordataprocessingis to
assignaninteractionspaceprocessingunit to everygesture.Everyinteractionspaceprocessingunit recognizes
featuresof the gesturetype assignedto it. The featuresareforwardedto onevirtual interactionspace.This
interactionspaceperformstheanalysisof thereceivedmulti-gesture-typeinput stream.

This approach,sketchedfor gestures,canalsobeappliedfor othermodalities.For example,we have imple-
menteda versionof theenvironmentaugmentedby a commercialspeechinput system.Thespeechinput has
beenusedfor singleword commands.Speechinput is assignedto anown sensordataprocessingunit with-
out supportingvirtual interactionspace,which forwardsthe recognizedwordsto a virtual interactionspace
suppliedby additionaldatafrom cameraprocessing.

3.4 Multi-Camera Data Processing

In this section,we presenta generalconceptof multi-camerasensorprocessingwhich is a casestudyof the
interactionspaceprocessingunit of the interactionspacearchitecture.This conceptwill be employed and
specializedin thenext threechaptersto threehand-andarm gesture-basedinteractionscenarios:arm-based
pointing,projection-basedpointing,andcombinationof pointingandstatichandgestures.

Figure3.4givesasurvey of thearchitectureof multi-cameradataprocessing.A setof staticcamerasprovides
imagesequencesof theregion of interaction.It is assumedthattheimagesequencesaresynchronized.In our
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Figure3.4: An architectureof multi-cameradataprocessing.Theimageshowsa3D interactionspaceprocess-
ing unit. Theboxesrepresentprocessingunits,thearcsareannotatedwith theprocesseddata.

implementation,wehavesynchronizedframe-grabbingbyasync-distributor, aself-constructedsmallhardware
module[DFH+ 02].

Theimagestreamscanbetreatedin two ways.The�rst oneis thatevery imagestreamis processedseparately.
This taskis performedby 2D interactionspaceprocessingunits. The secondoneis that several streamsare
processedtogether. This taskis taken over by a 3D interactionspaceprocessingunit. All theseinteraction
spaceprocessingunitsdeliver their outputdatainto acommonvirtual interactionspace.

3.4.1 2D Interaction SpaceProcessingUnit

A 2D interactionspaceprocessingunit consistsof numbersub-unitswith appropriateinput andoutputdata.
Figure3.5givesanoverview. Thearcsareannotatedwith thedata.

The �rst sub-unit is the segmentationunit. Its input consistsof the framesdeliveredby the camera. The
taskof thesegmentationunit is to determinethedynamicregionsin theframes.Dynamicregionsareregions
not presentin imagesof thebackgroundenvironmentwhich is assumedto beapproximatelystatic.Dynamic
regionsarein particularthoseregionswhich representtheuser. ”Approximatelystatic” meansthat physical
objectsremainat their locationfor a longertime period,andthat illumination remainsthesamefor a longer
time,or bothchangeveryslowly. Thusdynamicregionsbelongto thedifferencebetweenthebasicbackground
andthecurrentimagesinceastaticcamerais assumed.

In our implementations,weuseanapproachof segmentationwhichmaintainsaknowledgebase,ateverypixel
of every camera,on statesof the backgroundoccurringduring processing[Leu01, Leu02]. The knowledge



3.4. MULTI-CAMERA DATA PROCESSING 43

Figure3.5: Architectureof a 2D interactionspaceprocessingunit. Theboxesrepresentprocessingunits,the
arcsareannotatedwith theprocesseddata.

baseis initialized in a learningphasewithout userin the interactionphase.It is permanentlyupdatedduring
interactionin regionsnot coveredby theuser. In orderto decidewhichpixelsarenotbackground,fuzzy rules
areusedfor extractionof therelevantdataby comparisonof theknowledgebasewith thecurrentimagedata
at every timeduringinteraction.

Thedynamicregionsarefurtherprocessedby theregion �ltering unit. Its taskis to �nd thoseregionswhich
arerelevantfor interaction.It reportsso-called�ltered 2D regions.

Filtering canprimarily beperformedby usingthe locationof regionsin theframesof theinput streams.The
reasonis that in our scenariothe locationof the relevant bodypartsis often well de�ned. For example,the
handof theuseris thepartof theregionde�ned by theuserwhich is closestto theprojectionwall.

Thesecondcriterionmaybecolor. Color concernsmainly thecolorof skin,andcouldbeusedfor instanceif
thehandshave to be locatedin thecaseof transferringtheuser's poseone-to-oneto anavatarin theabstract
interactionspace.

A third criterionmaybetheshape. Accordingto ourexperience,however, shapehadturnedout to beparticu-
larly unreliablein thisphase.

It might happenthat the region identi�ed by thesecriteria doesnot exactly representthe desiredpart of the
user, or evendoesnot at all. A furtherdimensionof �ltering is openedby thefact thata streamof sequences
are available. Time-basedregion �ltering allows to analyzethe behavior of regions over time. Under the
assumptionthat the shapeof contoursshouldchangeonly moderatelyfrom frameto frame, large changes
indicateerrorsandpossiblybe correctedin the currentcontourusingprecedingcontours.An exampleis to
replacea segmentof this typeof thecurrentcontourwith thecorrespondingsegmentof theold contour. An
approachto time-basedregion �ltering is presentedin chapter5.

The �ltered 2D regionsaretransferredto the feature extractionunit. The featureextractionunit extractgeo-
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metric featuresrelevant for interaction.Geometricfeaturesarederived from the�ltered regionsaccordingto
therequirementsof thetaskof interactionto beperformedin thevirtual interactionspace.Geometricfeatures
canbe parametersspecifyinglocationandscalingof rigid bodies,or locationandshapeof non-rigidbodies
representingpartsof interestof theuser. Themostsimplecaseof ”bodies” arepointsandlines. A point may
for examplerepresentthelocationof ahandin space,a line mayrepresentthedirectionof astraightarm.

Thegeometricfeaturesarethe input of thevirtual interaction space. Themostsimplecaseis a passive user
model.Thismeansthatthefeaturedataareidenticalwith themodel.For example,thenew pointingline found
for armpointingmayimmediatelydeterminethemodel's pointingdirection.Thedif�culty with thisapproach
is that thepointingdirectioncouldbe unstableandnervous,becauseof the in�uence of segmentationerrors
andnoise. A solutioncouldbe to provide the modelof the arm with a �lter . The �lter couldbe a heuristic
low-pass�lter , but alsoaphysicalsimulationmodellettingthearmreactontheinputdatawith acertaininertia.

Thedifferentprocessingunitshavecontrolparameterswhich in�uence theirbehavior beyondtheimage-based
data. A typical examplearethresholdvalues. The objective parametersdescribethe quality of the current
behavior of thesystem,andcanbein�uencedby thecontrol-parameters.Typically, thecontrolparametersare
presetor canbe initially setinteractively. An alternative possibility is to usea parametercontrol unit which
is arrangedorthogonallyto the chainde�ned by the processingsub-units. The parametercontrol unit uses
the objective parametersprovided by the otherunits. It tries to optimizethe objective parametersonline by
modi�cation of thecontrolparametersof theprocessingsub-units.

3.4.2 3D Interaction SpaceProcessingUnit

Figure3.4 givesanoverview of thecomponentsof a 3D interactionspaceprocessingunit. A 3D interaction
spaceprocessingunit processesseveral,or evenall, cameraimagestreamstogether. In the �rst phase,how-
ever, segmentationandregion �ltering is performedseparatelyfor every imagestream,analogouslyto the2D
interactionspaceprocessingunit. Technically, theresponsiblesegmentationandregion �ltering sub-unitscan
besharedby thedifferentinteractionspaceprocessingunits. At any time step,every region �ltering sub-unit
deliversits �ltered 2D regionto a3D region�ltering unit whichis thenext sub-unitin theprocessingchainof a
3D interactionspaceprocessingunit. The3D region�ltering unit fusesthe2D regionssegmentsobtainedfrom
thedifferentcameras.In thefollowing weexplainapossiblemethodof fusionfor two cameras,for illustration.

We assumethat thecamerashave beenexternallyandinternallycalibrated,includingtheir absolutepositions
andorientations.Eachof thetwo imagesis partitionedinto cells,e.g.by aregulargrid. Eachcell togetherwith
theviewpoint of thecamerade�nes a viewing pyramid in space.All pairsof intersectingviewing pyramids,
consistingof onepyramid from every camera,aredetermined.The pairscanbe found ef�ciently in a 2d-
settingusingepipolargeometry[Fau99]. Thosepairsare removed which containa pyramid inducedby a
cell not intersectingoneof theimageregionsunderconsideration.Furthermorethosepairsareeliminatedfor
which both inducingcells of the two pyramidsdo not belongto the objectof interest. If both cells belong
to theobjectof interest,thepair is de�niti vely reported.If onecell belongsto theobject,andtheotherdoes
not, thepair is tentatively reported.The reportedsetof cellsde�nes a spatialhull of thedesiredobject. By
informationaboutspatialgeometryof the usermodel, the reportedsetof pairs is further reduced. By the
describedconsiderationof heterogeneouspairs it is possibleto merge segmentsor reducesegmentswhich
arenot correctlydeterminedin oneof the images.The decisionof the membershipof cells of imagesfrom
differentcamerasto thesameobjectis basedon color information. This approachhasbeenimplementedby
Leifkes[Lei02] usingcomponentsof thesystemof this thesis.

A typical exampleis thedeterminationof thearmregionsin thescenarioof Figure1.1. Thearmregionshave
approximatelythesamecolor in thetopandsideview, andcanthusbematchedby thisproperty. By consider-
ably differentviews of thecameras,like in theexamplewith thepointingarm,many irrelevantsegments,for
instancecausedby peoplein thebackgroundor illuminationeffectslike castshadows canberemoved.
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In contrastto the arm, otherobjectsmight have different appearancefrom different views. An interesting
problemin thiscaseis to determinethelocationof thespatialobjectfrom theviews providedby thecameras.

In chapter5 we will presentanotherrealizationof theideaof 3D region �ltering which usesthespecialgiven
con�gurationin orderto reducethecomputationalrequirements.

The resultof the 3D �ltering unit canbe 2D regionsfor every imagestream,or 3D regionsresultingfrom
fusionof the2D regionsof thedifferentcameraimages.They aretheinputof therestof theprocessingchain
which consistsof a feature extraction unit anda virtual interaction space, analogouslyto the2D interaction
spaceprocessingunit. In thesameway, aparametercontrol unit is attached.

3.4.3 Implementation

Today, a computer-vision systemlike theonedescribedin this sectioncanbe implementedon a network of
personalcomputersconnectedby a 100MBit Ethernet.Every cameramight beattachedto its own PCwhich
is responsiblefor frame grabbingand segmentation. Frame-grabbingcan be synchronizedby the already
mentionedsync-distribution hardware.

The sectionfrom region analysisup to abstractionmappingof all interactionspaceprocessingunits may
occupy anotherPC which additionally can be responsiblefor parametercontrol. This PC also keepsthe
commonvirtual interactionspace.For a high numberof cameras,or for virtual interactionspacesusingtime
consumingsimulations,morethanonePCcouldbeused.

Theapplicationcanrun on an independentcomputingenvironment,usuallyalsoa PC,beingpartof thenet-
work. The computerof the applicationcanalsotake over the outputof the application. If a morecomplex
medial output is required,a suitablesubsystemcould be addedin the sameway as it would also be done
without computer-vision-based input.

The computersmay communicateby Corba[MZ95]. Corbasatis�es the communicationrequirementsince
just resultsof segmentationandcontrolvaluesof moderatesizearetransferredbetweenthecomputers,but no
images.

Basedon con�gurationsof this type,a typical rateof 8 processedframespersecondis achievedby theimple-
mentationsof thecasestudiesdescribedin thefollowing threechaptersof this thesis.This framerateis already
suitablefor interaction,althoughmoreis desirablewhat,however, canbe expectedby the futureadvancein
hardware.
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Chapter 4

Arm-basedPointing

Arm-basedpointingwith aprojectionwall astreatedin thischapteris basedonthelocationof thestraightarm
of theuserin space.Fromthelocationof thearm,a line in spaceis derived. Thelocationof theline in space
is usedfor furtherinteraction.For instance,theintersectionpointof theline with theprojectionwall de�nesa
locationon thetwo-dimensionalscreenwhich is forwardedto theapplicationfor furtheruse.

Theemphasisof thischapterlieson theproblemof constructionof thepointingline.

Problem: 3D Arm-basedPointing

Input. Dataaboutthelocationof theuser's armin space.

Output. A pointingline correspondingto thearmlocation.

Thedataaboutthelocationof theuser's armis acquiredin theinteractionspaceof thescenarioof �gure 4.1.
In this interactionenvironment,the dataconsistsof two imagesof the arm, onefrom eachof the observing
cameras.

Figure4.1: Con�gurationof a computer-vision-based interactive backprojectionwall for interactionby poin-
ting.

47
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Figure4.2: Adaptationof thegeneralinteractionspaceconceptto armpointing.

At leasttwo possibilitiesexist to solve thisproblem.The�rst oneis to derivea3D-reconstructionof theuser's
armfrom the imagesandto determinethepointing line from thereconstruction.Thesecondalternative is to
determine2D pointinglinesin eachof thegivenimages,andto derive a3D pointingline from the2D lines.

Problem: 3D Pointing Line Construction from 2D-images

Input. Two imagesof theuser's arm,takenfrom two differentviews.

Output. A pointingline correspondingto thearmlocation.

A disadvantageof the �rst approachis thehigh methodicalandcomputationalrequirement.Thedangerwith
thisapproachis thatinteractive ratesmightnotbeachieved.Further, theprecisionof proper3D-reconstruction
is probablynot requiredbecauseof theinteractionloop in which theusermaycorrectnot too largedeviations
of thepointingline. For thatreasonswewill follow thesecondpossibility.

In termsof thegeneralframework, our approachto pointing line constructionsis structuredasshown in �g-
ure4.2. Wegive abrief outlinein thefollowing.



4.1. THE PINHOLECAMERA MODEL 49

First, the phaseof segmentation,performedby the segmentationunit, determinesthe region coveredby the
userin thecurrentframeof theinput imagesequence.Next, theregion coveredby theuseris extractedby the
2D region �ltering unit. Fromtheresultingdata,a2D pointingline is calculatedby thefeatureextractionunit.
Thedetailsof thesestepswhichtogetherde�ne thesensordataprocessingunit for everycamera,aredescribed
in section4.2. The2D virtual interactionspacejust storesandforwardsthe2D-pointingline. Togetherwith
thesensordataprocessingunit it de�nestheinteractionspaceprocessingunit of a camera.

Next, from the2D pointing linesyieldedby the interactionspaceprocessingunitsof the two cameras,a 3D
pointing line is constructedin the 3D virtual interaction spaceof �gure 4.2. A crucial point of this stepis
calibrationof theinteractionspace.Calibrationmeansto determinethemappingbehavior andthelocationof
the cameras,andthe locationof the backprojectionwall in orderto be ableto concludefrom the 2D image
datato the spatialgeometry. Given the calibrationdata,somegeometriccalculationsleadto thedesired3D
pointing line andan intersectionpoint of the line with thewall (screenpoint). Section4.3 is devotedto this
step.

A straightforward implementationof this approachon a frame-by-framebasisusuallyshows an unfavorable
behavior. The main reasonis that segmentationdoesoften not work perfectly for imagestaken in natural
environmentsof interaction.Becauseof segmentationerrors,the region representingthearmcanchangeits
shapeconsiderablyfrom frameto frame. In the thesisby Leubner[Leu02] having emergedfrom the same
project,several attemptshave beenundertaken in orderto improve segmentation.We extendtheseattempts
in later phasesof gestureprocessingby taking into accountmore global knowledgeabout the processof
interaction(Section4.4).

Our calculationsof 3D-datafrom the cameraimagesmake useof pinholecamera-basedapproachesof 3D
computervision [Fau99]. Thecentralde�nitions of thepinholemodelarerecalledin thenext section.

4.1 The Pinhole CameraModel

In the notationof Zhang[Zha00], the relationshipbetweena 3D point p = (x; y; z) � and its projection
m = (u; v) � accordingto thepinholemodelis

sm̂ = A (Rp + t ): (4.1)

wheres is anarbitraryscalefactor. m̂ := (u; v; 1)� denotesthehomogenizationof m = (u; v), obtainedby
addinganadditionalcoordinate1. Thenotation̂ will beusedthroughoutthetext for thisoperation.The3 � 3
matrix of rotationR andthe3D vectorof translationt relatea given world coordinateframeto the camera
coordinateframe.Thecamera coordinateframehasits origin in theopticalcenter, its x- andy-coordinateaxes
in parallelto theimageplane,andits z-axisalongto opticalaxisof thecamera.Theworld coordinateframeis
locatedsomewherein theenvironmentobservedby thecamera.R andt arecalledextrinsicparameters.

Thematrix

A :=

0

B
@

� 
 u0

0 � v0

0 0 1

1

C
A (4.2)

representstheintrinsic parameters of thecamera.� and� arerelatedto thedistancebetweenthecenterof the
lensandthe imageplane,calledeffectivefocal length, anddescribethehorizontalandverticalscalingof the
pixelsdeliveredby theCCD-chipof thecamera.(u0; v0) denotesthecoordinatesof theprincipal point with
respectto theimagecoordinateframe.
 describesapossibledeviationof thehorizontalandverticalaxesfrom
orthogonality.
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The relative positionof two camerasCi andCj canbe describedby a rotationmatrix R ij anda translation
vectort ij which establishthe relationbetweenthecameracoordinateframesof the �rst andsecondcamera
accordingto

p j := R ij (� r ot ; � r ot ; 
 r ot)p i + t ij : (4.3)

p i andp j denotecoordinatesof thesamespatialpoint,with respectto thecoordinateframeof cameraC i and
with respectto thecoordinateframeof cameraCj , respectively.

A morerealisticmodel is obtainedby taking into accountlensdistortion. Lensdistortion is modeledby a
function which is appliedto the (undistorted)imagepointsm = (u; v) generatedby the standardpinhole
model,

~m = m + (m � m 0) � (k1(x2 + y2) + k2(x2 + y2)2)

where ~m = (~u; ~v) is thepoint in theimageof thecamerawith lensdistortion,and

y =
v � v0

�
; (4.4)

x =
u � 
 y � u0

�
; (4.5)

arenormalizedcoordinatesobtainedby referring(u; v) to theimagecenterm 0 = (u0; v0) andby elimination
of scaling[Zha00]. k1 andk2 areparameterswhichdescribetheamountof lensdistortion.

4.2 Calculation of the 2D Pointing Dir ection

Thecalculationof the2D pointingdirectionusesdatadeliveredby segmentationof asinglecameraimage.

Problem: Calculation of the 2D Pointing Dir ection

Input: A regionde�ning thearm,deliveredby segmentation.

Output: A line de�ning thepointingdirection.

Thedataof segmentationconsistsin anotnecessarilyconnectedregionof theimagerepresentingthearm.We
assumethedatagivenin acon�guration-speci�cway.

Fromthespeci�c mutualarrangementof theuser, thecameras,andthebackprojectionwall weknow onwhich
side of the imagethe handis located,and how the arm traversesthe image. Dependenton the direction
of traversal,segmentationis performedin overlappinghorizontalor vertical rectangularstripescovering the
image.Thestripesarein parallelto theprojectionwall, asshown in �gure 4.3. In eachsubimagede�ned by
oneof thestripes,segmentationyieldstheconvex hull of thedetectedcontourpixels.Theconvex hullsarethe
inputof ouralgorithmof 2D pointingline detection.

In anext step,thestripesareprocessedaccordingto increasingdistancefrom theprojectionwall, startingwith
theoneclosestto thewall. The�rst stripe,whichcontainsaconvex hull, is assumedto containthehandof the
user. Eachneighboringstripecontaininga hull polygonwith a similar sizeis supposedto belongto thearm.
If a largedeviationbetweenthesizesof two neighboringhull polygonsis detected,thealgorithmconcludesto
have reachedthebody. In thiscasestripeprocessingis terminated.

Thesizeof a horizontal/vertical stripei is de�ned asthehorizontal/vertical extensionei of thehull polygon.
Thedeviation of two consecutive stripesi andi + 1 is measuredby r i := ei =ei +1 wherewe assumethat the
stripesarenumeratedfrom theborderof theimage.Stripei is takenasanarmstripe,aslongasr i < c0, c0 > 1
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Figure4.3: Toprow: Contourapproximationof theuserin theimagesof thewall camera(right) andtheceiling
camera(left). Thecontourof thearmis approximatedby aunionof convex hull polygonswhicharevisualized
in thepictureasline drawings.Thepolygonsarecalculatedin stripe-shapedsub-imagesarrangedhorizontally
andvertically, respectively. Thedarkenedregion of theimageindicatesa region which is recognizedby seg-
mentationasde�niti ve background[Leu02]. Bottom row: The detectedboundarybetweenthe arm andthe
bodyis indicatedby a verticalor horizontalline, respectively. Furthermore,theapproximatedpointingdirec-
tionsaredepictedby straightlines�tted to thecentroidsof theconvex hull polygonsof thestripes(indicated
by whitecrosses).

a constant.Let k bethe�rst stripeviolating this condition.Thenin this andall subsequentframesthestripes
1; : : : ; k areassumedto de�ne thearmregion,aslongasc0 � r k � c1. If thelatterconditionis violatedanew
k is calculatedfor thecurrentframe.A suitablechoiceis c0 = 1:65 andc1 = 1:8.

For eachhull polygonclassi�ed belongingto thearm, its centroidis calculated.A straightline is �tted into
thesetof centroidsby theleastsquaresmethod[BSM80]. This straightline is takenasthepointingdirection
in theimage(�gure 4.3,bottom).

In thecasethat cameradistortionis taken into account,thecentroidshave to be correctedby eliminationof
distortionbeforetheline is �tted. Thereasonis thattheimageof astraightline in spaceis usuallynotstraight.
De-warpingcanbeperformedby executionof theiterative scheme

x t+1 =
ut � 
 yt � u0

�
; yt+1 =

vt � v0

�
;

! (x t+1 ; yt+1 ) = k1(x2
t+1 + y2

t+1 ) + k2(x2
t+1 + y2

t+1 )2

ut+1 =
~u + u0! (x t+1 ; yt+1 )
1 + ! (x t+1 ; yt+1 )

; vt+1 =
~v + v0! (x t+1 ; yt+1 )
1 + ! (x t+1 ; yt+1 )

;

where! (x; y) = k1(x2 + y2) + k2(x2 + y2)2, k1, k2 thecoef�cients of distortionobtainedby cameracalibra-
tion [Zha00], ~u, ~v thedistortedcoordinates,ut , vt approximationsof theunknown undistortedcoordinates,and
(u0; v0) theimagecenter[Fau99]. Theiterationis startedwith thegivendistortedcoordinatesasanestimation
of thewantedundistortedcoordinates,

u1 := ~u; v1 := ~v:
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Experience,alsodocumentedin literature[Fau99], showsthatagoodapproximationis usuallyachievedwithin
lessthaneightiterations.A disadvantageof theapproachis thatconvergencecannotbeguaranteed.In practice
we stopiterationif the differencebetweenthe resultsof to subsequentstepsof iterationis lessthana given
smallthresholdor 20 iterationshavebeenperformed.20 iterationshavenever beenreachedin all applications
of thesystem.

4.3 Calculation of the 3D Pointing Dir ection

Thenext stepis to transferthe2D pointingdirectioninto space.

Problem: Calculation of the 3D Pointing Dir ection

Input: The two 2D-linesfrom theprecedingsection,thematricesA i , A j of the intrinsic parametersof the
two cameras,themutualarrangementof thetwo cameras,andparametersR ik , t ik , R j k , t j k describing
themutualarrangementof thetwo camerasandthebackprojectionwall.

Output: The3D-line.

The basicidea of solution is to intersectthe planesde�ned by the centerof an undistortedvirtual camera
andthe2D-pointingline in its (undistorted)image. In thecaseof two cameras,the intersectionconsistsof a
3D-linewhich is usedaspointingdirection.

The�rst steponthiswayis to determinethepositionsof thecamerasandthesizeandpositionof theprojection
wall. This is performedin a calibrationstepwhich yields thedatawith respectto a world coordinateframe
introducedin therealinteractionspaceof theuser. Thecalibrationprocedureis describedin section4.3.1.

Thedataallowsto calculatethe3D pointingline with respectto theworld coordinateframeandtheintersection
pointof thepointingline with thewall. Thedetailsarepresentedin section4.3.2.

4.3.1 EuclideanCalibration

Theapproachto calibrationof our interactionenvironment(�gure 4.1)proposedin thefollowing requiresonly
moderateeffort andachievessuf�cient precisionfor vision-basedinteraction.Thecalibrationis performedop-
tically, andalmostnomanualmeasuringis necessary. It usesthecameracalibrationmethodby Zhang[Zha00]
in orderto determinethe intrinsic cameraparameters,andconsistsof a sequenceof stepsfor extrinsic cam-
eraandwall calibration. The performanceof the approachis experimentallyanalyzedin section5.3.6and
comparedto alternative approachdescribedlater.

Usingthepinholecameramodel,calibrationof theinteractionspaceis performedasfollows.

Algorithm: EuclideanCalibration of the Interaction Space

Input: Theinteractionspaceof �gure 4.1with at leasttwo observingcamerasC i , andanadditionalreference
camera.

Output: A world coordinateframe,the intrinsic parametersof thecamerasC i , andtheextrinsic parameters
R i andt i of Ci with respectto theworld coordinateframe.

Steps:

1. Chooseaworld coordinateframesothat
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� its x-y-planecoincideswith thebackprojectionplane
� its z-axisis perpendicularto thebackprojectionplane
� theunit on all axesis centimeter.

Theorigin canbechosenarbitrarilyon thebackprojectionplane.

2. Executeintrinsiccalibrationof theobservingcameras.

3. Executeextrinsic calibrationof thereferencecamera.Thereferencecamerais locatedin front of
thewall, with view on thebackprojectionplane.

4. Determinetheextrinsicparametersof the�rst observingcamerarelative to thereferencecamera.

5. Determinethe extrinsic parametersof the otherobservingcamerasrelative to the �rst observing
camera.

Sincethelaststepusesthe�rst observingcameraasthereferencecamerafor calibrationof furtherobserving
cameras,andnoneof the further observingcamerasis usedin the stepbefore,oneof themcanbe usedas
referencecamerain step3, mountingit afterwardsto its observinglocation.Thusanadditionalcamerais not
necessarilyrequired.

Thedetailsof steps2 to 5 areasfollows.

Step2. Intrinsic calibration of the observing cameras

For intrinsic calibrationof the observingcamerasand the referencecamerawe usethe calibrationmethod
of Zhang[Zha00]. However, otherclassicalmethodsfor calibrationof the intrinsic parametersof a pinhole
camera,like e.g.[Tsa86], mayalsobeapplied.

Zhangusesacalibrationplaneshowing apatternof squares,aswedo,too. Theorientationof theplanede�nes
the locationof the world coordinateframe. Its origin andits x- andy-axesarein the calibrationplane,and
the z-axisis perpendicularto it. This de�nition implies that the calibrationplanehastheequationz = 0 in
theworld coordinateframe.Theunit on thecoordinateaxesis centimeter. In this way, theworld coordinates
of thefour cornersof every squareon thecalibrationplanecanbeeasilydetermined.Thesecornersareused
ascalibrationpoints. For calibration,picturesof the calibrationplanearetaken by the camerafrom k � 2
differentviews.

Step3. Calibration of the referencecamera

Thereferencecamerais usedin orderto relatethebackprojectionwall andtheobservingcameras.Its intrinsic
parametersareknown from the precedingstep. In order to determineits extrinsic parameters,a computer-
generatedcalibrationpatternaccordingto Zhangis displayedon the backprojectionwall (�gure 4.4). The
locationsof the calibrationpoints p de�ned by the patternare known by the indicesof the pixels of the
displayedpatternimage. Fromthesedata,theunknown extrinsic parametersR c; t c of the referencecamera
arecalculatedby themethodof Zhang[Zha00].

After doing so, the referencecameraneverthelessstaysat this position,for calibrationof the �rst observing
camerain thesubsequentstep.

Sincethe calibrationpointsp aregiven by their pixel indices,but theunit of the world coordinateframeof
theoverall systemarecentimeters,thetaskremainsto transferthevaluesof theparametersfrom pixel unitsto
centimeters.For this purpose,a scalingfactorpixel-per-centimeter (ppc) mustbedetermined.This is done
by pastinga calibrationrectanglewith known diagonallengthqcm in centimeterson thebackprojectionwall
(�gure 4.4).Let p1 andp2 betwo diagonallyoppositecornersof thecalibrationrectangle,representedin pixel
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Figure4.4: Left: A referencecamerais locatedin front of the backprojectionwall anda calibrationpattern
is projectedon the backpojectionscreen.Right: A calibrationrectangleof known sizewhich is pastedon
theprojectionscreenin orderto determinethescalingfactorbetweentheunit of screenpixelsandtheunit of
centimeter.

units. We determinethemfrom their imagesm 1 andm 2 in the imageplaneof thecalibrationcamera,using
equation(4.1),by

p i = R � 1
c (A � 1

c m̂ i � t c); i = 1; 2: (4.6)

Thenthefactorppcof conversionbetweenpixelsandcentimetersis obtainedby

ppc:=
jjp1 � p2jj

qcm
(4.7)

Alternatively, thecoordinatesof theprojectedpatternmight bedirectly measuredmanuallyon theprojection
wall, but thisapproachwouldbemoreelaborative thantheonejustdescribed.

Step4: Extrinsic calibration of the �rst observing camera

The�rst observingcamerais now placedat its �nal positionwith respectto thebackprojectionwall. Thegoal
of extrinsic calibrationin this stepis to �nd the relative positionof the observingcameraandthe reference
camera.Therelative positionof two camerasis describedby

po := R co(� r ot ; � r ot ; 
 r ot)pc + t co (4.8)

wherepc andpo denotecoordinatesof thesamespatialpoint,with respectto thecoordinateframesof reference
cameraandtheobservingcamera,respectively. This relationresultsfrom equation(4.3).

Step4 consistsof two steps,calculationof the3D world coordinatesof aball, anddeterminationof therelative
positionof thereferencecameraandtheobservingcamera.Thestepsaredescribedin thefollowing.

Calculationof the3D cameracoordinatesof a ball

A ball with known radiusr cm is usedascalibrationobject.In theprojectionplaneof thecameratheball
becomesanellipse.However, thedeviationof theellipsefrom adiscis extremelyminor. For thetypical
intrinsiccameraparameters

A =

0

B
@

222:299 � 0:947957 97:5193
0 221:228 68:6043
0 0 1

1

C
A
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which we have observed in our implementationof thesystem,a ball of size10 cm in a distanceof 200
cm to the camerayields a disc of a diameterof 11.9pixels if projectedonto the centerof the image.
If projectedcloseto the boundaryof thecameraimage,thedifferencebetweenthe lengthsof the two
mainaxesof the resultingellipseis just 0.1484pixels. For that reason,we will performthe following
calculationfor adiscinsteadof anellipse.

Thediscis separatedfrom therestof theimageby simpleimagesegmentation.Thecenterpointm 2 =
(u2; v2)� and the radiusr P ixel of the disc are calculatedin cameracoordinates,and a point m 1 =
(u1; v1)� ontheboundaryof thediscis selected.Thentherelatedspatialpointsp 1 andp2 arecalculated
in cameracoordinates,asshown in �gure 4.5. p2 is obtainedfrom

Figure4.5: Calculationof thepositionof acalibrationball.

� = cos� 1(
(A � 1m̂ 1)� A � 1m̂ 2

jjA � 1m̂ 1jj � jjA � 1m̂ 2jj
);

h =
r

sin �
;

p2 =
h

jjA � 1m̂ 2jj
� R � 1A � 1m̂ 2 � R � 1t ;

wherem̂ 1 := (u1; v1; 1)� , m̂ 2 := (u2; v2; 1)� , andtheformulaon thelastline resultsfrom resolving

h
jjA � 1m̂ 2jj

m̂ 2 = A (Rp 2 + t )

for p2. This calculationis performedfor both camerasat n differentpositionsof the calibrationball,
resultingin n positionpairs(pc;i ; po;i ) wherec standsfor thecalibrationcameraando for theobserving
camera.Thecorrespondingpointsarestoredin thesetsX c = f pc;1; :::; pc;ng andX o = f po;1; :::; po;ng
whichareusedin thefollowing for detectionof therelative positionof thetwo cameras.

Justn = 3differentball positionsaresuf�cient, but practicaltestshaveshown thatatleastsevendifferent
positionsareneededto getasuf�ciently accuratesolution.Thelocationsof thepointsaresigni�cant as
they shouldcover thewholespaceof interaction.

Determinationof the relative positionof theobservingand the referencecamera

The relative positionof the observingandthe referencecamerais determinedassolutionof themini-
mizationproblem

minx;y ;z

nX

k=1

jj t co;k � t cojj2 with t co = (x; y; z) � ; (4.9)

where

t co;k = po;k � R co(� r ot ; � r ot ; 
 r ot)pc;k ; k 2 f 1; :::; ng (4.10)



56 CHAPTER4. ARM-BASEDPOINTING

andn is thenumberof ball positions.

We solve theoptimizationproblemby anevolutionarystrategy andrefer to [Sch94] for details. In our
case,the chromosomeof the evolutionaryalgorithmis a vectorof real numberswith a chromosome
lengthof three,

q = (� r ot ; � r ot ; 
 r ot)� =: (q1; q2; q3)� (4.11)

where� r ot ; � r ot ; 
 r ot aretheanglesof therotationmatrix. ThesearchspaceQ of theindividualsq is

Q = f q = (q1; q2; q3)� j qm 2 [� � ; + � ]; m = 1; 2; 3g (4.12)

where� � and+ � arethelowerandupperboundsof thefeasibleanglesof rotation.

Thede�nition of the�tness functionis basedon t co;k, k 2 f 1; :::; ng. The�tness functiong is de�ned
asthevarianceover all thosevectors,

g(q; X c; X o; t co;1; :::; t co;n) := � 2
t := 1

n
P n

l=1 (( t co;l � � )� (t co;l � � )) ;

� := 1
n

P n
l=1 t co;l (4.13)

whereX c andX o arethesetsof usedtestlocationsof theball seenfrom thecalibrationandobservation
camera,respectively.

After initialization of the population, the recombinationschemeexecutesone-point-crossovers and
normal-distributed mutations.A crossover producesnew individuals in the searchspaceby marrying
N=2 parentpairsof thecurrentN individualsrandomly. Eachpair createstwo children.Let q t

i andqt
j

betwo parentindividualsat time t. Thenthetwo childrenare

p̂ t+1
i := (p̂t+1

i; 1 p̂t+1
i; 2 ; p̂t+1

i; 3 )� with p̂t+1
i;q :=

(
pt

j;q if q = X
pt

i;q else
q = 1; 2; 3 (4.14)

p̂ t+1
j := (p̂t+1

j; 1 p̂t+1
j; 2 ; p̂t+1

j; 3 )� with p̂t+1
j;q :=

(
pt

i;q if q = X
pt

j;q else
q = 1; 2; 3 (4.15)

whereX 2 [1; 2; 3] is randomlychosenwith uniformprobability.

Thesecondoperation,mutation,modi�es all genesof thecreatedchildren.Theamountof perturbation
is acrucialissueof thisoperation.Too largemutationmaycausetheevolutionaryalgorithmto oscillate
or convergeerroneously, andtoosmallmutationmayleadto a sluggishconvergence.In orderto reduce
theproblem,a fraction

s := 1 � X (1� t
m ) (4.16)

is introducedwhichreducestheeffectof mutationover time,whereX 2 [0; 1] is arandomnumber, t the
time stepof thecurrentgeneration,andm themaximumnumberof generations.Thenew individuals
generatedby mutationarep t+1

i andp t+1
j at time t + 1,

pt+1
i;q := I � s � � + (1 � I ) � s � (� � ) + p̂t+1

i;q (4.17)

pt+1
j;q := I � s � � + (1 � I ) � s � (� � ) + p̂t+1

j;q with q = 1; 2; 3 (4.18)

wheretheuniformly chosenrandomnumberI 2 [0; 1] setsthedirectionof mutation.

Theproposedselectionschemeis acombinationof the(� + � )- andthe(�; � )-strategy. N childrenare
createdby N parentslike for the(N + N ) strategy [Sch94]. In orderto avoid too fastconvergenceto a
local optimum,thechildrenreplacetheir parentsonly if they have better�tness values.This resembles
the(N ; N )-strategy.

Theevolutionaryalgorithmterminatesat themaximumgenerationnumber. Thechromosomeof thebest
individual createstherotationmatrixandthetranslationvectorof equation(4.8).
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Step5. External calibration of further observing cameras

Thesecondandpossiblyfurtherobservingcamerasarenow mountedat their �nal positionwith respectto the
backprojectionwall. Thereferencecamerais no longerneededsothatit canbeusedfor thispurpose.Another
iterationof theexternalcalibrationmethodanalogousto thatof step4 detectstherelative positionsof thetwo
observingcameras.Therole of thecalibrationcamerais taken over by thealreadycalibrated�rst observing
camera.Thefollowing rulesof transformationcanbeusedfor extractingexternalcalibrationdatafor camera
pairsnotexplicitly considered.

ThetransformationbetweencameraCj andCi is calculatedfrom thetransformationp j = R ij p i + t ij between
Ci andCj by R j i = R � 1

ij = R �
ij andt j i = � R � 1

ij t ij . If the transformationbetweencamerapairsCi , Ck

andCk , Cj aregiven,thetransformationbetweenthecamerapair Ci andCj is givenby R ij = R kj R ik and
t ij = R kj t ik + t kj

The systemis now completelycalibrated.An experimentalanalysisof Euclideancalibrationis presentedin
section5.3.6.

4.3.2 Calculation of the 3D Pointing Dir ection

The 3D pointing directionof the arm is determinedasfollows. For every camerathe planespannedby the
optical centerof the cameraand the 2D pointing line, which hasbeen�tted in the imageas describedin
section4.2, is determined.Theplanesarecalculatedwith respectto theperspective projectionof thecamera
model. Let m i; 1 andm i; 2 betwo arbitrarypointson the2D pointing line �tted into the imageof cameraC i ,
andm j; 1 andm j; 2 two arbitrarypointson the2D pointingline from cameraCj . Let ci undcj betheoptical
centersof thecamerasrelative to thecoordinateframeof theprojectionwall. Thetwo planesarespannedby
thepairsof vectors

v i; 1 = A � 1
i si; 1m i; 1; v i; 2 = A � 1

i si; 2m i; 2

v j; 1 = A � 1
j sj; 1m j; 1; v j; 2 = A � 1

j sj; 2m j; 2

wherethesk;l > 0 arearbitrary, andA i andA j aretheintrinsicmappingmatricesof thetwo cameras.Hence
thenormalvectorsof theplanesare

l i = v i; 1 � v i; 2; l j = v j; 1 � v j; 2:

Theintersectionof bothplanesyieldsa straightline in spacethat is takenasthedesiredpointingdirectionin
�gure 4.6. Its directionis

a = l i � l j :

Thepoint p on theprojectionwall to which theuserpointsis calculatedastheintersectionpointof theplane
of theprojectionwall andthejust calculatedpointingline as

p = ci + � � v i; 1 + 
 � a

where� and
 aresolutionsof thesystemof equations

ci + � � v i; 1 = cj + � 1 � v j; 1 + � 2 � v j; 2; ci;z + � � vi; 1;z + 
 � az = 0:

Hereci + � �v i; 1 is thestartingpointof theray, anda its direction.The�rst equationstellsthatthestartingpoint
lies on theplaneinducedby thesecondcamera.Thesecondequationexpressestheconditionof intersection
of the ray with theprojectionwall, usingthat thecoordinatesystemis locatedon theprojectionwall so that
thez-coordinateof thepointson thewall is equalto 0.

This schemeof calculationhasbeenappliedin asimilarway in e.g.[Hoc99].

The coordinatesof the intersectionpoint on the projectionwall areexpressedwith respectto the screenco-
ordinateframe.They areforwardedto theapplicationsystemwhich performsa desiredreaction,for instance
updatingthecursorpositionto this location.
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Figure4.6: Thepointingdirectionis determinedasthestraightline resultingfrom theintersectionof theplanes
spannedby theopticalcenterandthepointingline in theimageof everycamera.

4.4 Err or Corr ection

The implementationof theapproachshows that themotionof a cursorboundto thepointing locationon the
backprojectionwall is notcontinuous.Evenif theuserdoesnotmovethearm,themousecursorjumpsaround
the intendedpositionby up to several centimetersin theworst case,andstill by aboutonecentimeterunder
goodillumination of the interactionspace.In orderto copewith this problemwe have analyzedthe reasons
andhave developedseveralapproachesof correctionwhicharedescribedin thefollowing.

4.4.1 WeightedCentroids

A mainreasonof non-smoothmotionis thatsegmentationmayfail in oneor morestripes.A particularundesir-
ableeffect is thattheconvex hull in astripechangesits shapediscontinuouslybecauseof wrongsegmentation.
We correctthis effect by assigninga weight to every stripe,describingtheamountby which the term of the
resultingconvex hull centerof this stripe is multiplied in the least-square-�ttingof the 2D line of pointing
direction. Theweight is updatedover time. It is determinedfrom a certainnumberof centroidsobtainedfor
thestripein thepast,andreducesthepriority of thestripein thecalculationin thecaseof nervousmotion.

Theweightgt
i of stripei for framet is iteratively de�ned as

gt
i := w � gt � 1

i + (1 � w) � ct � 1
i :

w 2 [0; 1] is an updatefactor. It indicatesthe percentageby which the old weight is consideredin the new
weight. A suitablechoiceis w = 0:8. ct

i representsthechangingof centroidfrom frameto frame. If a point
doesnotchangeits position,ct

i is high. If apointchangesits positionsigni�cantly, ct
i is low sothattheweight

by which thepoint is consideredin thefuturedecreases.ct
i is de�ned as

ct
i :=

maxj fjj qt
j � qt � 1

j jjqg � jjqt
i � qt � 1

i jjq

P
k(maxj fjj qt

j � qt � 1
j jjqg � jjqt

k � qt � 1
k jjq)

;

wherethe maximumandthe sumis taken over all stripes,andq t
i is the centroidof stripe i at time t. The

exponentq � 1 increasesthein�uence of stronglyjumpingpoints,while theexpression

maxj fjj qt
j � qt � 1

j jjqg � jjqt
i � qt � 1

i jjq
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is high if q i variesmoderately, andis equalto 0 for the centroidwith highestchange.A suitablechoiceis
q = 2. The�nal formulaof ct

i is obtainedby normalizingtheexpressionsinto [0; 1]. c0 is setto 1=n wheren
is thenumberof stripes.

4.4.2 Arm-Torso Separation

Anothereffect is thattheboundaryline betweenthearmandthebodyjumpsrapidlyandconsiderably. Depen-
denton thelocationof theboundaryline, thenumberof pointsinvolved in thecalculationof the2D pointing
line mayvaryconsiderably, which leadsto quitedifferentandnon-reliablepointinglines.Thiseffect is severe
if theuserholdsthearmstill in orderto �x thecursorat a particularpoint on thewall. An indicatorfor this
situationis thatthe�ngertip, which usuallyis deliveredquitereliably, shows noneor just minor motion. The
criterionis whetherthe�ngertip pointdoesnotchangethestripeof segmentation.If thissituationis identi�ed,
the pointing line is not determinedby line �tting, but by taking the line throughthe �ngertip with thesame
directionasin precedingframesin which thenumberof reliableconvex hull centersonthearmhasbeenhigh.

The locationof the �ngertip requiredasan indicatoris determinedasthepoint of thesegmentedarm in the
cameraimageswhich is closestto theprojectionwall. In our interactionenvironment,this point canbeeasily
determinedasa point on the arm segmentclosestto oneof the horizontalor vertical imageboundaries,see
�gure 4.3.

4.4.3 Filtering of the ScreenPoint

Becausethe�nal objectof interestin ourapplicationis thepositionof thecursoron thescreen,featuresof the
time behavior of this positionmayalsobeusedfor correction.As before,thecorrectiondependson themode
of interaction.We distinguishbetweenlocationpointing– theuserpointsto theprojectionwall anddoesnot
move thearm,correctingpointing– theusermovesthearmslowly to adjustthepositionof thecursorwithin
a smallarea,anddynamicpointing– theusermovesthearmquickly to a completelynew location.Themode
of interactionis identi�ed by applyingthresholdson the differencesof cursorpositionsbetweensuccessive
frames. In all the threecasesthe mousecursorposition is obtainedby a weightedaverageof a numberof
cursorpositionsin thepastthusachieving a smoothingeffect. For locationpointing, theweightsarechosen
so that smoothingis strongerthanfor correctingpointing. For dynamicpointing, just a minor smoothingis
performed.

Let p t be the point on the backprojectionwall computedfrom the framesat time t. Let ~p t � 1 be the actual
cursorpositionat time t � 1. Let 0 < r 1 < r2 betwo thresholdvalues.

� If jjp t � ~p t � 1jj � r 1 thentheinteractionmodeis assumedto belocationpointing.

� If r 1 � jjp t � ~p t � 1jj � r 2 thentheinteractionmodeis assumedto becorrectingpointing.

� If r 2 � jjp t � ~p t � 1jj thentheinteractionmodeis assumedto bedynamicpointing.

For thechoiceof thevaluesof r 1 andr 2 wereferto section4.5.

Let be0 < w1 < w2. Dependenton therecognizedinteractionmode,thenew cursorlocationis calculatedas

~p t :=

8
><

>:

w1 � p t + (1 � w1) � ~p t � 1 for locationpointing
w2 � p t + (1 � w2) � ~p t � 1 for correctingpointing

p t for dynamicpointing

A suitablechoiceof thevaluesof w1 andw2 is w1 = 0:65 andw2 = 0:4.
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4.5 Experimental Evaluation

In thefollowing wepresenttheresultsof anexperimentalinvestigationof anarm-basedpointingimplementa-
tion. Wehave implementedtheapproachin VisualC++ on a Dual PentiumPC1100MHz equippedwith two
MatroxMeteor2 framegrabbers.

Performanceevaluationof an interactive systemlike the presentedonehastwo aspects:the computational
performanceandtheusability. Bothaspectsarenotcompletelyseparated.For example,usabilityalsodepends
on thetime thesystemneedsto reacton actionsby theuser. Thecentraltechnicalquantityin our caseis the
frame-rate,that is thenumberof framesdeliveredby thecamerawhich areprocessedpersecond.Thereason
is that theframerateis equivalentto theupdaterateof thearmpositionreconstructedby thesystem.On the
hardwareplatformmentionedabove,a frame-rateof 8 framespersecondis achieved.

Thefollowing evaluationof usabilityconcernsquantitative aspectsof performinga taskof localization.The
taskis madeconcreteby demandingfrom theuserto locatea cursorattachedto thearmlocationat a desired
locationon thebackprojectionscreen.Theanalysisis restrictedto theeffect of systemparametersin the last
phaseof this taskwhentheuseris alreadycloseto thegoal. Thereasonis that thearmmotionperformedto
movethecursorbetweentwo distantlocationsusuallyshouldberapidsothattheprecisetrajectorytraversedby
thecursorbetweenthoselocationsusuallyis notof interest.Wedonotconsidertheinputof precisetrajectories
like e.g.requiredfor free-formcurve drawing. This taskis notadequatefor ourscenario- thealreadyexisting
troublesin amouse-basedenvironmentareextendedby thefactthattheuserswould certainlybecomerapidly
tediousif they wouldhave to performslow andprecisearmmotionsover a longerperiodof time.

For theevaluationof theaspectof usabilityjustdescribedwehave performedthefollowing experiments.

Experiment: Usability of arm-basedpointing

Approach: Thequalityhow a userinteractswith arm-basedpointingis investigatedwith differentparameter
settingsof thearm-basedpointingalgorithm.For thatpurposetheusercontrolsacursorontheprojection
screenby armmotions.Thegoalis to placethecursor, initially outside,into abuttonof size170mm �
50 mm (length� height)asfastaspossible.Thetestwasrepeatedseveraltimes.

Parameters: Theeffectof the�ltering parametersr 1 andr 2 is investigated.r 1 andr 2 de�ne cursordeviations
characterizinglocationpointing andcorrectingpointing. Their valuesarevariedin orderto checkthe
effect on theusabilityof thesystem.

Measured quantities: The experimenthasbeenperformedin two sessions.The two sessionshave taken
placeat differenttimes. This meansthat theenvironmenthasnot beenidenticalwith e.g. lighting. At
the beginning of the sessions,the systemhasbeencalibrated. In the �rst session,the experimenthas
beenperformedby two differentuser, calleduser1 anduser2 in the following. In thesecondsession,
threeusershavebeeninvolved,calleduser3, 4, and5. User1 anduser3 havebeenthesameperson.He
hasbeenexperiencedwith thesystem.Users2, 4, and5 have beennovices,without knowledgeof the
system.User2 and5 hasbeenfemale,theothersmale.

The time necessaryto placethecursoron thebutton is measuredby a stopwatch. The userentersan
interactionphaseby saying”start” andterminatesit by saying”stop” whenthecursoris on thebutton.

Observations: The table4.1 compilesthe best,worst andaveragetimesof the trial sequencesfor different
parametersettings.Thebestresultsareachieved for r 1 = 6 cm andr 2 = 12 cm in bothsessions.The
measuredvaluesof bothsessionsarerathersimilar, althoughtheenvironmenthasnotbeenidentical.

The testhasshown that it is equalfor the speedof interactionwhetherthe userhasmuchexperience
with thesystem(user1 and3) or interactswith thesystemfor the�rst time (user2, 4, and5). Further,
thereis just a minor learningeffect. Althoughtheuseralreadyknows for thesecondtestserieswhere
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to move thehandin theareasof interactionin orderto reachthebutton,theaveragetimesimprove just
minor, if at all. Thestrongdifferencebetweenthebest-casetime, theworst-casttime, andtheaverage
time in seconds(see�gure 4.1)shows thattheusermusthave someluck to reachthegoal.Reasonsare
thetroublesof imagesegmentation,thepositionof thecursorat thebeginningof theinteraction,andthe
armpositionfrom wheretheuserstartswith theinteraction.

Thefollowing experimentanalyzesthelocationof thecursorin thelocationmodeof interactionquantitatively
andgivesimplicationson therequiredsizeof interactionelements.

Experiment: Stability of the cursor position for location pointing

Approach: Jitteringof thecursorpositionis measuredfor thesituationthat theuserheldsthearmin a �x ed
position.Measurementsareperformedwith andwithoutweightingthecentroids(chapter4.4.1)in order
to investigatetheeffectof errorcorrection.

Parameters: Thesamesettingof theparametersr 1 andr 2 like in theprecedingexperimenthasbeenused.

Measured quantities: Theexperimenthasbeenperformedin thesecondsessionof theprecedingexperiment,
datafrom the �rst sessiondo not exsit. Themaximumdistanceof cursorpositions,theaveragecursor
position,thevarianceof thecursorposition,andthemaximumandminumumdifferenceof thecursor
positionsfrom theaverage,measuredona representative sequenceof positions(Table4.3).

Observations: Measurementsfor the importantsituationof keepingthe cursorat a desired�x ed position
show thatthesetechniquesreducetheerrorto aboutonehalf of theoriginal one.On goodillumination
conditionsadesiredcursorlocationcanbefoundwith adeviationbetween0:5 and2 cm. An implication
of thisobservationis thatselectableitems,like iconsor menu�elds, shouldhaveat leastthissizeon the
projectionwall.
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User1 User2
r1 r2 best worst average best worst average

2 4 8,23 16,32 12,51 9,65 17,85 13,51
4,56 24,66 13,23 6,58 22,66 12,75

2 6 5,65 18,22 11,78 4,52 19,74 12,60
3,25 19,65 12,84 4,65 19,65 14,03

3 8 6,58 21,96 11,99 8,18 21,72 13,09
6,65 19,65 14,63 8,98 21,95 15,49

4 10 10,19 19,65 13,13 11,67 25,65 15,53
6,87 15,55 11,86 7,86 17,37 12,65

5 10 3,58 19,65 11,01 6,98 23,25 12,57
3,55 16,98 9,84 5,98 18,98 11,35

6 12 3,65 13,65 7,01 4,77 14,74 8,28
3,96 14,20 8,01 6,21 15,65 9,99

8 15 6,59 17,58 11,31 6,20 14,05 11,34
5,65 15,65 10,63 6,58 16,87 11,01

8 20 8,65 21,52 16,22 9,99 20,52 16,25
11,98 23,10 16,02 9,65 22,51 15,83

10 24 9,65 21,32 15,77 11,04 25,66 17,47
10,65 21,98 16,61 11,75 22,40 17,00

User3 User4 User5
r1 r2 best worst average best worst average best worst average
2 4 9,85 17,66 13,68 11,52 18,56 15,03 6,71 18,95 12,74

6,66 22,51 14,57 9,21 18,10 12,87 7,85 18,78 12,23
2 6 8,25 16,84 13,70 5,66 21,47 15,14 7,16 19,83 13,77

4,88 21,65 13,50 8,14 22,05 14,74 6,99 18,20 13,53
3 8 6,22 22,04 12,56 7,91 15,21 12,34 5,65 19,66 11,91

6,65 22,55 16,14 10,84 18,56 14,40 6,65 21,60 16,50
4 10 11,65 17,70 13,50 9,06 28,57 16,03 12,41 21,25 15,26

8,62 15,59 12,34 8,75 13,24 10,27 8,09 16,59 13,61
5 10 3,58 21,80 12,77 5,00 16,95 10,94 5,84 22,56 14,22

4,66 17,08 11,14 3,25 18,84 10,74 5,88 18,88 12,27
6 12 2,48 12,05 7,73 6,88 13,84 10,15 4,58 16,48 9,17

2,84 14,20 9,21 8,77 14,50 11,45 5,55 12,21 10,41
8 15 8,95 21,44 12,90 9,66 14,73 12,33 6,17 19,66 12,48

6,07 16,80 11,11 7,84 20,49 14,45 6,72 12,40 10,23
8 20 9,84 20,42 16,74 12,97 22,72 16,28 9,61 20,05 17,03

11,98 22,12 16,94 10,01 23,25 15,76 14,03 20,21 15,36
10 24 9,00 22,00 16,30 12,87 25,00 18,23 10,21 22,14 17,39

12,42 21,94 17,41 12,71 21,87 17,14 7,59 22,68 16,41

Table4.1: Usability of arm-basedpointingandin�uence of thecontrolparametersr 1 andr 2. Testshave been
performedfor several settingsof the tolerancesr 1 andr 2. Every row correspondsto a particularparameter
setting. For every setting20 trials have beenexecuted.The best,worst, andaveragetimesin secondshave
beendeterminedfor the �rst 10 trials andthesecond10 trials of every sequence,which aredisplayedin two
linesonevery row.
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User1
r1 r2 best worst average
2 4 9,49 17,87 13,49

6,92 21,34 13,26
2 6 6,94 19,22 13,40

5,58 20,44 12,73
3 8 6,91 20,12 12,38

7,84 19,65 14,63
4 10 11,00 22,56 14,69

8,04 15,67 12,35
5 10 5,21 20,64 12,03

4,74 12,15 11,07
6 12 4,47 14,15 8,47

5,47 14,15 9,81
8 15 ´7,51 17,47 12,07

6,57 16,44 11,49
8 20 10,21 21,05 16,50

11,53 22,23 15,98
10 24 10,55 23,22 17,03

11,02 22,17 16,91

Table4.2: Averageover all users

User3 User4 User5
r1 r2 best worst average best worst average best worst average
2 4 13.67 29.62 21.69 12.65 32.27 22.79 12.36 21.77 15.92

11.65 26.97 17.93 9.65 35.66 24.55 11.64 20.07 15.71
2 6 16.97 24.55 20.84 12.67 26.57 18.99 12.59 22.40 17.27

10.65 25.67 16.88 9.66 25.64 16.56 10.78 22.64 17.01
3 8 11.66 22.65 18.08 8.06 29.11 16.88 8.64 23.45 16.03

10.37 22.65 17.62 10.64 22.37 19.24 9.67 22.63 18.90
4 10 10.66 22.64 16.60 10.64 24.56 17.93 13.61 24.68 18.73

13.64 22.59 18.66 11.90 20.46 15.90 8.65 22.97 16.85
5 10 9.05 19.68 13.52 9.67 21.67 17.97 12.65 29.54 21.43

9.08 21.34 16.21 9.60 19.99 15.70 10.10 35.22 20.84
6 12 15.00 13.54 19.96 9.67 16.37 13.26 9.36 29.64 16.59

12.64 16.97 15.19 12.29 19.20 15.09 10.00 30.64 17.03
8 15 13.67 19.06 16.26 11.67 31.04 21.36 9.68 22.65 15.17

11.19 19.99 15.06 6.66 22.67 15.87 11.55 16.92 15.03
8 20 17.81 24.67 21.24 8.26 23.21 17.78 12.00 21.67 18.51

16.48 30.46 22.95 16.55 25.00 21.27 14.65 21.54 17.35
10 24 13.00 22.54 18.89 11.68 23.09 19.19 13.64 25.64 21.28

22.54 31.05 24.92 16.43 21.90 19.51 11.67 21.67 18.85

Table4.3: Resultsof thesametestlike in theprecedingtable,but without correctioncentroidweighting. As
couldbeexpected,thelocationtime is worse.
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Chapter 5

Projection-basedPointing

Projection-basedpointingis basedon thelocationof thehandrelatively to thebackprojectionwall. Thespace
of interactionis givenby thecommonregion of observationof bothcameras,cf. �gure 5.1.

Figure 5.1: The spaceof interactionof projection-basedpointing which is de�ned by the region of space
observedby bothobservingcameras.

Problem: 3D Projection-basedPointing

Input. Dataaboutthelocationof theuser's handin space.

Output. Theimage~h of areferencepointh correspondingto theuser'shand,onthebackprojectionwall with
respectto avirtual projectionwhichmapstheinteractionspaceontothescreen.

For example,a virtual projectioncentera could be chosenin front of the screen.Thenthe point ~h on the
projectionwall determinedby thepositionof thereferencepointh of thehandcouldbeobtainedby intersecting
the line througha andh with theprojectionwall. Theprojectionhasto bede�ned in a way that it mapsthe
interactionspacesothatits imageapproximatelycoverstheprojectionwall.

Figure5.2showstheadaptationof theinteractionspaceconceptto thesolutionof theproblemof 3Dprojection-
basedpointingpresentedin thischapter. Webrie�y outlinethestepsin thefollowing.

65
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Figure5.2: Adaptationof theinteractionspaceconceptto projection-basedpointing.

Thesegmentationunit is thesameasin chapter4 andyieldstheregion of thecurrentframerepresentingthe
user.

Thesubsequentregion �ltering unit detectserrosof contourof theregion andcorrectsthem,if possible.The
reasonis that, like arm-basedpointing, projection-basedpointing suffers from the resultsof segmentation.
Detectionis basedon theobservationis thattheregionsof thearmfoundin subsequentframesof acamerado
not deviatetoomuchfrom eachother. The3D region �ltering unit usestheobservationthattheregionsof the
armfoundby segmentationin correspondingframesof differentcamerasat thesametime arerelatedto each
other. Besideserror detectionby violation of expectedrelationsbasedon epipolarcorrespondence,the unit
alsoperformsa correctionof contours,usingthecollecteddata. Section5.4.2andsection5.4.3aredevoted
to errordetectionbasedon spacecoherenceandtime coherence,respectively, while section 5.5 is concerned
with contourcorrection.

The behavior of the region �ltering units is controlledby theparamatercontrol unit. Dependenton combi-
nationsof error featuresdetectedby theregion �ltering units,theparametercontrolunit adaptsthevaluesof
parametersde�ning thebehavior of theregion �ltering units.Thedetailsarepresentedin section5.5.4.

The next stepin the data�o w of �gure 5.2 is performedby the 2D feature extraction unit. The 2D feature
extractionunit determinesthe point of the �ltered userregion which is closestto the projectionwall. For a
straighthand,thispointcanbeexpectedto correspondto a �nger tip. For thatreasonwewill call thepoint2D
�nger tip or 2D �nger tip point in thefollowing.
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The2D �nger tips areinput of the3D virtual interactionspace. The3D virtual interactionspaceusesthe2D
�nger tips to calculatethedesiredpointinggoalh of 3D projection-basedpointing. We presenttwo solutions
for thecalculationof thescreenpointh. The�rst solution,calledexplicit projection(Section5.2),reconstructs
a spatial�nger tip point h in spaceexplicitly. The requiredmappinginformationcanbe eitherobtainedby
Euclideancalibrationlike in Section4.3.1,or basedon a differentapproachwhich usesso-calledprojective
calibration.

Projective calibrationis alsoappliedin our secondsolution,calledimplicit projection(Section5.3). In that
case,thespatial�nger tip point is not calculatedexplicitly. Rather, its imageon the imageplaneof a virtual
referencecamera,whichde�nestheprojectionfromtheinteractionspaceontheprojectionwall, is immediately
calculatedfrom the�nger tip pointson theimagesof thetwo observingcameras.

Beforeforwardingthescreenpoint h to theabstractinteractionspaceor theapplication,the3D virtual inter-
actionspacesmoothsthemotionof thescreenpoint. Thegoalof smoothingis to eliminatejittering resulting
from sensornoiseandprocessingerrors,in particularin phasesof locationpointing.Locationpointingmeans
that the usertries to keepan item at somelocation on the screenby holding the arm still. Section5.6 is
concernedwith thattopic.

Sinceprojection-basedpointingmakessigni�cant useof epipolargeometry, the following sectionbrie�y re-
callsthemainde�nitions of thisconcept.

5.1 Epipolar Geometry

5.1.1 Fundamentalsof Epipolar Geometry

Theepipolargeometryis inducedby two pinholecamerasCi andCj with centerpointsci andcj (�gure 5.3).
Let m be a point in spaceseenby both cameras.The threespatialpointsm, c i und cj spanthe so-called
epipolarplaneF . Theline of intersectionl i;j of F with theimageplaneI i of cameraCi is calledepipolarline
of cameraCi . Theepipolarline of cameraCj in theimageplaneof cameraCi is de�ned analogously.

Figure5.3: Epipolargeometry. Correspondingpointsappearon the epipolarline on the imageplaneof the
othercamera.

Let m i und m j be the imagesof m on the imageplanesof Ci andCj , respectively. Epipolarlinesexpress
a particularepipolar relationbetweenthosepoints. Thepoint m i is locatedon theepipolarline l i;j , andthe



68 CHAPTER5. PROJECTION-BASEDPOINTING

pointm j ontheepipolarline l j;i . Thereasonis thatfor agivenimagepointm j thecorrespondingspatialpoint
m canbelocatedeverywhereon line cj m j . Theprojectionof thespatialline cj m ontotheimageplaneI i of
cameraCi , however, is just theepipolarline l i;j . Thismeansthata searchfor thecorrespondingpointm i of a
pointm j ontheimageplaneof cameraCj canberestrictedontheepipolarline l i;j , andviceversa(�gure 5.3).

All epipolarlinesof theimageplaneI i intersectin thesamepoint ei;j of theimageplane,calledepipol. The
epipoleei;j is the intersectionpoint of line ci cj with planeI i . For any point m j , the epipolarline l i;j is
givenasintersectionof theplaneF de�ned by thepointsc i , cj andm j with theimageplaneI i . All epipolar
planesde�ne abundleof planesall containingci cj . Henceall epipolarlinescontaintheintersectionpointei;j .
Intuitively, theepipoleei;j mapsthecentercj of cameraCj into theimageplaneI i .

5.1.2 Projective Spaceand Duality

Epipolargeometrycanbemathematicallyexpressedin anaturalway in termsof projectivegeometry[Fau99].
The2D projectivespaceconsistsof all linestraversingtheorigin of thecoordinateframeof theaf�ne 3D space.
Thelinesde�ne the2D projective points.A mappingontothe2D af�ne spaceis obtainedby consideringthe
planez = 1. A projective point is mappedto theaf�ne point which resultsfrom intersectionof its line with
theplanez = 1. Vice versa,an af�ne point is mappedto theprojective point which correspondsto the line
connectingtheorigin with theaf�ne point. A projective point is representedby a coordinatetriple of oneof
thepointsof its line. Oftenthetriple whosethird entry is equalto 1 is taken. This meansthatanaf�ne point
m = (u; v) � is projectively representedby theprojective coordinatesm̂ = (u; v; 1)� .

In thefollowing weusetwo projectivespaces,de�ned with respectto thecamera-centeredcoordinateframeof
thecamerasCi andCj , respectively. A point(x; y; z) in thesecoordinateframesgetstheprojectivecoordinates

m̂ = (u; v; 1)� := (
x
z

;
y
z

; 1)�

wherem = (u; v) � arethecoordinatesof the imageof (x; y; z) � on the imageplaneof thecamera,up to a
scalingfactordependingon thefocal lengthof thecamera.

Lines in 2D projective spacecorrespondto planesthroughtheorigin of thede�ning 3D space.A projective
line is representedby a triple l̂ = (a;b;c) � which is oneof the normalvectorsof the de�ning plane. The
projective pointsona projective line l̂ = (a;b;c) � aregivenby thesolutionsm̂ of theequationm̂ � l̂ = 0.

In this way, projective pointsaswell asprojective linesarerepresentedby triples. Thusa triple canbeunder-
stoodasa point or asa line. This observation leadsto theprinciple of duality of projective geometrywhich
saysthatpropositionsonprojective pointsandlinesremainvalid if bothtermsareexchanged.´

A projective line l̂ = (lx ; ly ; lz)� canbe expressedascross-productof the coordinatevectorsof two of its
projective pointsm̂ a = (ua; va; 1)� andm̂ b = (ub; vb; 1)� ,

l̂ = m̂ a � m̂ b: (5.1)

Figure5.4 shows that an imageline is representedby a line in the projective space.The two imagepoints
m a andm b lie on theimageplaneandde�ne animageline. Thepointsm̂ a andm̂ b togetherwith theorigin
generateaplaneL . Thecross-productof m̂ a andm̂ b generatesa normalof L which representstheprojective
line.

Accordingto theprincipleof duality, a projective point canberepresentedascross-productof two projective
lines,

m̂ = l̂a � l̂b: (5.2)

l̂a and̂lb representthetwo planesL a andL b andthusarenormalsof theplanes.Thecorrespondingaf�ne lines
aregeneratedasintersectionof thetwo planeswith theimageplane.Theintersectionof theaf�ne linesgives
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Figure5.4: Thecross-productof thecoordinatevectorsm̂ a, m̂ b of two projective pointsyieldsa coef�cient
vector̂l of theconnectingprojective lines.

a pointwhoseprojective representationis theintersectionline of theplanesL a andL b. Sincetheintersection
line is perpendicularto l̂a andl̂b, m̂ calculatedaccordingto (5.2) representstheprojective intersectionpoint.
Figure5.5givesagraphicaldescription.

Figure5.5: A point representedasanintersectionof two lines.

5.1.3 Normalized Corr espondingImagePoints

We now cometo the epipolar relation of correspondingpoints. It tells that the correspondingpoint m̂ j is
locatedon theepipolarline l̂ i;j , andviceversa,in theprojective space.Thederivationis asfollows [XZ96].

Usingtheprojective notation,theepipolarlinesareprojectively representedby theequations

m̂ �
j l̂ j;i = 0 and m̂ �

i l̂ i;j = 0; (5.3)

wheretheequationsreferto theprojective spaceof cameraCi andCj , respectively.
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In Euclidianspacethe correspondingpointsaretransferredby a rotationR ij anda translationt ij from one
coordinatesysteminto theother,

p j = R ij p i + t ij :

Insertionof thenormalizedpointsresultsin

p̂ j =
1
zj

(zi R ij p̂ i + t ij ):

Thecross-productwith t ij yields

t ij � p̂ j =
zi

zj
(t ij � R ij p̂ i ):

Thescalarproductwith p̂ j gives
zi

zj
p̂ �

j (t ij � R ij p̂ i ) = 0: (5.4)

In orderto simplify therepresentation,thecross-productof two vectorsis replacedwith themultiplicationof
avectorwith amatrix, t � a = [t ]� a, where

[t ij ]� :=

0

B
@

0 � tz ty

tz 0 � tx

� ty tx 0

1

C
A :

In thiswayweget
p̂ �

j [t ij ]� R ij p̂ i = 0:

Puttingall to togetheryields
p̂ �

j E ij p̂ i = 0: (5.5)

with E ij := [t ij ]� R ij . Equation(5.5) is denotedasepipolar equation. E ij is calledessentialmatrix. The
essentialmatrixhasbeenintroducedin [LH81].

5.1.4 The FundamentalMatrix of the Epipolar Relation

By addingtheintrinsic parametersA i andA j in equation(5.5), thecorrespondingimagepointsareformally
relatedby

m̂ �
j F ij m̂ i = 0; (5.6)

whereF ij = A �
j

� 1E ij A � 1
i is theso-calledfundamentalmatrix.

ThefundamentalmatrixF ij expressestheepipolarconditionbetweentwo imagepoints,m̂ j = (uj ; vj ; 1)� in
cameraCj andm̂ i = (ui ; vi ; 1)� in cameraCi .

Theepipolarline l̂ j;i on theimageplaneof cameraCj is calculatedby

l̂ j;i = F ij m̂ i ; (5.7)

andtheepipolarline l̂ i;j on theimageplaneof cameraCi by

l̂ i;j = F �
ij m̂ j : (5.8)

Figure5.4 illustratesthat thepointsof theepipolarline canbeobtainedby solvingtheequationm̂ �
j l̂ j;i = 0.

Theepipoleŝej;i andêi;j , respectively, aregivenby

F j i êj;i = 0; F �
j i êi;j = 0: (5.9)

Thefundamentalmatrix betweenCj , Ci andthefundamentalmatrixbetweenCi andCj satisfytherelation

F j i = F �
ij : (5.10)
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5.2 Explicit Projection

Explicit projectionworksasfollows.

Algorithm: Pointing by Explicit Projection

Input: The interactionspaceof �gure 5.1 with two observingcamerasC1, C2, calibratedby the Euclidean
methodof section4.3.1,andcorrespondingarmcontoursc1 andc2 in theimagesof C1 andC2, respec-
tively.

Output: A pointinggoalq on theprojectionwall.

Steps:

1. Determinethespatiallocationof the�nger tip from thecontoursc1 andc2.

2. Calculatethe epipolarlines inducedby the �nger tip point. The segmentsof the epipolarlines
insidetheboundaryof thecameraimagesde�ne a quadrilateralregion in space.Usea mappingf
of this region ontotheprojectionwall in orderto mapthe�nger tip pointontotheprojectionwall.

Step1 is performedby �nding �nger tip pointsm 1 andm 2 onthecontoursc1 andc2. For thispurposeweuse
theknowledgeof the locationof theprojectionwall. m 1 andm 2 arechosenastangentpointsof thetangent
of c1 andc2, respectively, in parallelto theimageedgeon thesideof theprojectionwall. If cameradistortion
is relevant,thecontoursarede-warpedin prior. By usingtheintrinsicandextrinsicparametersof thecameras
C1 andC2 determinedby thecalibrationroutineof section4.3.1,we calculatespatiallinesfrom thecenterof
projectionof C1 to m 1 andfrom thecenterof projectionof C2 to m 2. Theapproximateintersectionpoint of
thosetwo linesis reportedas�nger tip pointp (�gure 5.6).Formally,

ps =
1
2

(s1 + s2); (5.11)

where

s1 = c1 + t1 � a; s2 = c2 + t2 � b; (5.12)

with

t1 =
n �

1c2 � n �
1c1

n �
1a

; t2 =
n �

2c1 � n �
2c2

n �
2b

; (5.13)

and

n1 = b � (b � a); n2 = a � (a � b): (5.14)

Step2 performsthe mappingof the �nger tip point p onto the projectionwall. The epipolarplaneof p as
well asthetwo epipolarlineson theimageplanesof thetwo camerascanimmediatelybecalculatedfrom the
cameraparameters.Theepipolarline hastwo intersectionpointswith theboundaryof thecameraimage.The
two lines betweenthe intersectionpointsandthe cameracenterinducea wedgeon the epipolarplane. The
intersectionof thetwo wedgesde�nesaquadrilateralregion I (p) on theepipolarplane.I (p) de�nesthatpart
of theepipolarplanewhich is observed by bothcamerasandthusis relevant for interaction.Let p 1, p2, p3,
andp4 betheverticesof I (p), indexedcyclically aroundtheboundary.

Let S be the region on the backprojectionwall which hasto be reachedby pointing. We assumeS to be of
quadrilateralshape,too,with verticesq1, q2, q3, andq4, sothatthe�rst two verticesde�ne theleft boundary
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Figure5.6: Calculationof the3D �nger tip pointasapproximateintersectionof two spatiallines.

of S, thesecondtwo the right boundaryof S, andq i correspondscanonicallyto p i , asshown in �gure 5.7.
Thentheimagef (p) of p on thescreenon thebackprojectionplaneis calculatedby

q12 := v � q1 + (1 � v) � q2;

q43 := v � q4 + (1 � v) � q3;

f (p) := u � q12 + (1 � u) � q43;

whereu andv areobtainedasasolutionof thesystemof equations

p12 = v � p1 + (1 � v) � p2;

p43 = v � p4 + (1 � v) � p3;

p = u � p12 + (1 � u) � p43:

In thecurrentimplementation,q i , i = 1; : : : ; 4, aredeterminedby �rst removing the third coordinatesfrom
the pointsp i , i = 1; : : : ; 4. The resultingpoints areconsideredas points in the coordinatesystemof the
backprojectionwall. Thequadrilateralinducedby themis scaledwith respectto its centerso that it contains
the desiredprojectionareaof the screen. The cornerpoints of the resultingquadrilateralare usedas p i ,
i = 1; : : : ; 4.

5.3 Implicit Projection

Implicit projectiontakesinto accountthefactthatthelocationof thehandneedsnotnecessarilybedetermined
in orderto getthe�nal pointingposition.Thisobservationdiminishesthecalibrationrequirementsagainstthe
approachof arm-basedpointingandexplicit projection,which is oneof its mainadvantages.

Implicit projectionusesa resultof Faugeras[FR96] which shows that in a con�guration of threeobserving
camerasthe locationm 3 of a spatialpoint q in the imageof the third cameracan be calculatedfrom the
locationsm 1 andm 2 of q in theimagesof the�rst andsecondcamera,undertheconditionthatthefundamental
matricesbetweeneachpairof camerasareknown. Werecallthis resultin section5.3.1.

Section5.3.2presentsthe algorithmfor calculationof the pointing goal from the 2D-locationsof the hand
providedby theimagesof thetwo observingcameras.Section5.3.3is devotedto theprocedureof calibration
in which therequiredfundamentalmatricesaredetermined.
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Figure5.7: A quadrilateralsurfaceof interaction(grey) is determinedfrom the locationof the user's hand.
Thena bilinearcorrespondenceis establishedbetweenthesurfaceof interactionandtheprojectionwall. The
bilinearmappingcouplesthe handanda correspondingpoint on thewall (indicatedby the cursor)so that a
desiredregion of thewall is coveredwhenmoving thehandin theregion of interaction.

5.3.1 Epipolar Geometry for ThreeCameras

Faugeras[FR96] haspresentedpossibilitiesfor thecalculationof points,lines,andcurvesfrom viewsby three
cameras.

Let F ik andF j k be the fundamentalmatricesbetweenthecamerasCi , Ck , andthecamerasCj , Ck , respec-
tively. If two correspondingpointsm̂ i andm̂ j of a spatialpoint in two cameraimagesareknown, thenits
correspondingpoint m̂ k in thethird cameracanbepredictedby

m̂ k = F ik m̂ i � F j km̂ j : (5.15)

This canbeseenasfollows. Let l̂k;i andl̂k;j bethevectorsof thetwo epipolarlinesin theimageof thethird
cameraCk with respectto theothertwo cameras(�gure 5.8.), calculatedaccordingto equation(5.7). Since
bothepipolarlineshave emergedfrom thecorrespondingpointsm̂ i andm̂ j , andthusfrom thesamespatial
pointm, thecorrespondingpoint m̂ k mustlie on bothepipolarlines.By takingthecross-product,thedesired
correspondingpoint is obtainedby equation(5.2).

The correspondingpoint in the imageof the third camera,m k , is derived from m̂ k by taking the �rst two
coordinatesdividedby the third coordinate.An observation interestingfor thefollowing is thatm k canthus
becalculatedwithoutexaminationof thepoint in thetakenimage.

5.3.2 Calculation of the Pointing Goal by FundamentalMatrices

Thekey ideaof theapproachof implicit projectionis tode�ne theprojectionof the�nger tip ontotheprojection
wall by a real camera. This so-calledprojectioncamerais placedin front of the projectionwall so that it
coverstheprojectionareaandtheinteractionspacewell. In thecalibrationphase,a functiong is determined
which mapsthe imageof the projectioncameraonto the imageof the backprojectionplane. Furthermore,
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Figure5.8: Epipolargeometryof threecameras.

the fundamentalmatricesbetweenthe projectioncameraandevery observingcameraaredeterminedin the
calibrationphase.Usingthemethodof Faugeras,weareablein theapplicationphaseto calculatethelocation
of the�nger tip in theimageof theprojectioncamera,andfrom thatlocationa locationon theprojectionwall
by applyingg. Theprojectioncameracanberemovedaftercalibrationsincethelocationof thecorresponding
pointon its imageplaneis calculatedby Faugeras'methodandneedsnotbedetectedfrom a realimage.

Theprocedureto beperformedin theapplicationphasefor calculationof thepointinggoalworksasfollows.

Algorithm: Calculation of Pointing Goal by Implicit Projection

Input: The interactionspaceof �gure 5.1 with two observingcamerasC1, C2, correspondingcontoursc1

andc2 in the imagesof C1 andC2, respectively, the fundamentalmatricesbetweenthe two observing
camerasanda third virtual projectioncameraC0, a mappingg betweentheimageof thevirtual camera
andthewall.

Output: A pointinggoalon thewall.

Steps:

1. Determinethe�nger tip pointsm 1 andm 2 from thecontoursc1 andc2 in thetwo cameraimages.

2. Calculatethecorresponding�nger tip pointm 0 ontheimageof thevirtual projectioncamerausing
m 1 andm 2 by equation(5.15).

3. Determinethepointinggoalm w = g(m 0) on thewall by usingthegivenmappingg betweenthe
imageof thevirtual cameraandthewall.

For g, a linear function is usedwhich is de�ned in thenext sectionaspartof thecalibrationprocedure.The
�nger tips m 1 andm 2 in step1 canbedeterminedby theapproachdescribedin section5.2. Thecalibration



5.3. IMPLICIT PROJECTION 75

of theoverall con�gurationincludingtheprojectioncameraC0, which is requiredin step2, is describedin the
following section.

5.3.3 Projective Calibration

Projective calibrationof our interactionenvironmentworksasfollows.

Algorithm: Projective Calibration of the Interaction Space

Input: Thecon�gurationof theinteractionenvironmentaccordingto �gure 5.9,consistingof two observing
camerasC1 andC2, aprojectioncameraC0, andtheprojectionwall. Theprojectioncamerais placedin
front of thewall sothatit coverstheprojectionareaandtheinteractionspacewell.

Output: ThefundamentalmatricesF 10, F20, and,optionally, F 12, asspeci�edbelow.

Steps:

1. Determinethewall intergrationmappingg betweentheimageplaneof theprojectioncameraand
thewall.

2. Determinethefundamentalmatrix F 10 betweenthe �rst observingcameraC1 andtheprojection
cameraC0 .

3. DeterminethefundamentalmatrixF 20 betweenthesecondobservingcameraC2 andtheprojection
cameraC2.

4. Remove theprojectioncamera.

5. DeterminethefundamentalmatrixF 12 betweenthetwo observingcameras.

Thelaststepis optional.It is only requiredif a correspondenceanalysisshouldbeexecutedin theapplication
phase.Theorderof thestepsis notmandatory:the�rst stepcanalsobeperformedlater. For themappingg of
step1, a linearfunction

g(x) = S(x � b)

is used,whereb is thecenterof theimageof theprojectioncameraC0 andx is anarbitrarypointof theimage,

Figure5.9: Projective calibration.Theprojectioncamerais only requiredfor calibration,not in thephaseof
application.



76 CHAPTER5. PROJECTION-BASEDPOINTING

bothgivenin thecoordinateframeof thecamera,with pixel unitsin thex- andy-coordinates,and

S =

 
� x 0
0 � y

!

a scalingmatrix. The imageg(x) is expressedin thecoordinateframeof theprojectionwall, in pixel units,
too.

Theparametersb andS aredeterminedin thecalibrationphaseof theoverallsystemdescribedin section5.3.3,
asfollows. A patternof points,asshown in �gure 5.9,is displayedon theprojectionwall. Theparametersare
obtainedby minimizingthesumof thesquaresof thedistancesbetweenthepointsof thepatternandtheimage
of thecorrespondingpointsin theimageof cameraC0 with respectto g. This leastsquaresproblemis solved
by astandardmethod.Lensdistortionof C0 is notbetakeninto account.

In thenext section,theprocedureof calibrationof apairof camerasrequiredin step2 and3 is explained.

5.3.4 Calibration of a Pair of Cameras

In the following we presentan approachto calibrationof a pair of cameraswhich yields the fundamental
matrix of thetwo cameras.It takesinto accountour specialsituationof cameraswith very differentlocation
and orientation,in contrastto usualstereocameracon�gurationswherethe camerasare arrangedclosely
to eachother, with very similar or even parallelviewing directions. The approachcombinesseveral known
methods.In [LH81, XZ96, Har97, FL96,Zha96] furthermethodsfor thecalculationof thefundamentalmatrix
arepresentedwhich,however, arenot immediatelywell suitedfor ourcameracon�guration.

In thefollowing subsectionwe discusstherequirementson a solutionin our interactionenvironmentin more
details.Thesubsequentsubsectiondescribesthesolutionwehave chosen.

Observations

In a parallelstereocon�guration the two camerasarearrangedcloselyto eachother, both showing into the
samedirection. This con�guration causesonly small horizontaldisparities,so that thecorrespondingpoints
arealmostat thesamelocationin bothcameraimages.This impliesthattheirdistortionsshouldalmostbethe
same.Experimentshave shown thatan improvementof thecalibrationerrorby just about0.05pixelscanbe
achievedif lensdistortionis takeninto account.

Becauseof ourextremelydifferentcameralocations– theview directionsof thecamersareaboutperpendicular
to eachother– lensdistortionmayhave a strongin�uence. Correspondingpointsdo not justdiffer by asmall
disparitybut maybe locatedcompletelyelsewhere.This observation implies that lensdistortionmayhave a
differenteffect. Thedeviation is particularlyhigh closeto theboundaryof theimagebecausethebiggestlens
distortionis given there. Experimentshave shown thatan improvementof thecalibrationerrorof about1.9
pixels canbe achieved by taking lensdistortioninto account. As �gure 5.10 shows, epipolarlines become
curvedunderthein�uence of lensdistortion.

For calibration,a setof calibrationpoints is used. A dif�culty arisesif the imageshows outliers in the re-
constructedcalibrationpoints. In orderto eliminateoutliers,Least-Median-of-Squarealgorithmshave been
applied[Fau99]. Thesealgorithmsonly usehalf of thegivensetof pairsof pointswhich aremostsuitedfor
optimization.Thesecondhalf doesnothave in�uenceontheresultof calibration.In thismannerupto 50%of
theoutlierscanbeeliminated.However, it hasturnedout thatthesealgorithms,in thecasethatnooutliersex-
ist, justeliminatethosepointswhicharecloseto theimageboundaryandhenceareimportantfor correctionof
lensedistortion.Eliminationof thosepointsmakesthecalculationof thelensdistortioncoef�cients in-precise
andmoresenitive to noiseof theremainingpoints.ThuswedonotapplyaLeast-Median-of-Squareapproach,
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Figure5.10: Epipolarcurve correspondingto the�nger tip in the imageof a secondcamerawhich is located
to theleft.

andtakeparticularcarethatoutliersareavoided.Outliersareremovedby �rst performingthecalculationwith
all points. Then the imageis subdivided by a 4 � 4 grid, and in every grid cell the point with the largest
calibrationerroris removed. In thiswaytheremovedpointsareaboutequallydistributedover thewholepoint
set.

In [Har97] a generalimprovementhasbeenachievedby normalizingthepoint dataresultingfrom segmenta-
tion. In thefollowing weadoptthatapproach.

Normalizationmovestheoriginof theimageto theimagecenterandscalesthemaximalcoordinatesto 1:0. Let
T i andT j bethematricesof camerai andcameraj which performnormalizationin homogeneousnotation.
Then

m̂ o
i = T i m̂ i ; (5.16)

m̂ o
j = T j m̂ j ; (5.17)

are the normalizedhomogeneousimage coordinatesof m i and m j . Insertion into the epipolar relation
m̂ �

j F ij m̂ i yieldstheversionof theequationusedin thefollowing,

m̂ o �
j G ij m̂ o

i := m̂ o �
j T � 1

j
�
F ij T � 1

i m̂ o
i : (5.18)

Thefundamentalmatrixof thenon-normalizedversioncanbeextractedby F ij := T �
j G ij T i . In thefollowing

weassumethatthegivenpointsarenormalized.

The algorithm

Thealgorithmworksasfollows.

Algorithm: Projective Calibration of a Pair of Cameras

Input: Theimages~m i;k , ~m j;k of calibrationpointsm k , k = 1; : : : ; n, n � 8, takenby two camerasCi and
Cj .

Output: A fundamentalmatrixF i;j andavectork of cameradistortioncoef�cients.

Steps:

1. Calculateaninitial solutionx 0 of (5.21)undertheassumptionthatthereis no lensdistortion.
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2. Iterate

(a) Solve

mink

X

k

g( ~m i;k ; ~m j;k )2 (5.19)

with F ij = const.from theprecedingstep.
(b) Solve

minF ij

X

k

g( ~m i;k ; ~m j;k )2 (5.20)

with k = const.from theprecedingstep.

We usethecalibrationball of section4.3which is placedat several locationsin theview of bothcameras.An
imageis takenby bothcamerasfor eachlocation.The3D-coordinatesof them k arenotneeded.

Thealgorithmsolvesthecalibrationproblemby �nding asolutionof theminimizationproblem

minF ij ;k

X

k

g( ~m i;k ; ~m j;k )2 (5.21)

where
g( ~m i;k ; ~m j;k ) = ĥ( ~m i;k )� F ij ĥ( ~m j;k ): (5.22)

~m i;k and ~m j;k aretherealobservabledistortedimagesof theideal,non-observabledistortion-freeimagepoints
m i;k andm j;k of camerasCi andCj , respectively. Thefunctionh( ~m i;k ) correctsthedistortedimagepoints.
Theparametersof thefundamentalmatrixF ij andof thevectork = (k1; k2)� of thelensdistortioncoef�cients
de�ne thevectorof solutionx.

Thebasicideaof thealgorithmusedfor solvingtheoptimizationproblemis to separatethecalculationof the
coef�cients of thefundamentalmatrix (step2(b)) andthoseof lensdistortion(step2(a)). Oneof thegroupof
coef�cients is alternatinglyheldconstantandtheotheroneis updatedin orderto approachanoptimalsolution
xmin .

The algorithmworks accordingto the principleof iterative descent.The groupof coef�cients whosevalues
aremodi�ed de�ne thevectorof descent.Using just onegroupof coef�cients canbeunderstoodasa partial
optimizationwith repectto thosecoef�cients. Thepartialoptimizationyieldsa new improvedsolutionvector
x. By iteration,thesolutionvectorconvergestowardsthedesiredoptimumx min . See[NM93] for details.

Like in [Zha96] we usethe Levenberg-Marquardtalgorithmfor optimizationof the part of the fundamental
matrix,andthesimplex methodof NelderundMead[NM65] for optimizationof thepartof thecoef�cients of
lensdistortion.

Thenext subsectionpresentsthecalculationof the initial solutionx 0 of step1. Thesubsequenttwo subsec-
tionsdescribethealgorithmsfor thecorrectionof distortionof thedistortedcoordinates(step2a)andfor the
calculationof thefundamentalmatrix (step2b).

Step1: Calculation of an initial solution

The initial solution x 0 is calculatedanalyticallyby the eight-pointalgorithm of Longuet-Higgins[LH81],
undertheassumptionthatno lensdistortionoccurs.Theeight-pointalgorithmoptimizes

minF ij

X

k

(m̂ �
j;k F ij m̂ i;k )2
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with m̂ j;k = (uj;k ; vj;k ; 1)� , m j;k = (uj;k ; vj;k ), andm̂ i;k = (ui;k ; vi;k ; 1)� , m i;k = (ui;k ; vi;k ). Therepresen-
tationis transferredinto thelinearnotation

minf jjUf jj2: (5.23)

Hereavectorf is de�ned from thevariablesof F ij , andacolumnu i of thematrixU = [u1; � � � ; uk ] from the
pointsm̂ j;k andm̂ i;k ,

f = (F11; F12; F13; F21; F22; F23; F31; F32; F33)�

u i = (ui;k uj;k ; vi;k uj;k ; uj;k ; ui;k vj;k ; vi;k vj;k ; vj;k ; ui;k ; vi;k ; 1)� :

jj :jj denotestheEuclideannorm.

Differentmethodsof solutionfor thissystemof equationsexist whichareextensively describedin [Fau99].

Step2a: Correction of distortion of the points

Im contrastto [Zha96] we usea differentfunction for correctionof distortion. Becauseof our systemarchi-
tecturewe have to assumethat the camerasareadjustedwith different levels of zoomin orderto cover the
interactionspaceoptimally. For that reason,it canbe expectedthat thecamerashave differentpropertiesof
distortion,in contrastto [Zha96]. Thusbothcamerashave theirown coef�cients k c, c 2 f i; j g, of distortion.

For correctionof distortionwe usethesamemodelasbefore,however with just onecoef�cient percamera,
andwith m 0;c = (0; 0)� by assumednormalization,

~m c = m c + m c � (kcr 2);

where ~m c = (~uc; ~vc)� aretherealobservableundistortedimagepointsof theidealnon-observableundistorted
imagepointsm c = (u; v) � , c 2 f i; j g. Thedistortionis calculatedfrom thenormalizedcoordinates(u; v) �

by r :=
p

u2 + v2 . In this formula we do not considerthe deviation from the center. The reasonfor that
approach,andfor usingonly kc is thatthecalculationbecomeslessaccurateif moreparametersaretakeninto
account,becauseof thenoisein thegivendata.

Step2b: Calculation of the fundamental matrix

[FL96] shows that thealgorithmis unstablefor noisydata. For that reason,theoptimizationproblem(5.23)
is replacedwith a slightly modi�ed optimizationproblemin the iterative phaseof thealgorithm. Thegoal is
minimizationof theepipolardistanceby

minF ij

X

k

(d(m j;k ; F ij m̂ i;k )2 + d(m i;k ; F �
ij m̂ j;k )2); (5.24)

wherethedistanceof anepipolarline l = (l x ; ly ; lz) to apointm = (u; v) is calculated,accordingto [Fau99],
by

d(m; l) :=
lxu + lyv + lzq

l2x + l2y
: (5.25)

Thatyieldsthenew optimizationproblem

minF ij

X

k

e2
ij;k (m̂ �

j;k F ij m̂ i;k )2; (5.26)

where
eij;k = (

1
l2i;k ;x + l2i;k ;y

+
1

l2j;k ;x + l2j;k ;y
)

1
2 (5.27)

andl i;k andl j;k aretheepipolarlinesinducedby m k on theimagesof thetwo camerasCi andCj .
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5.3.5 Extensionof HomogeneousCalibration to EuclideanCalibration

In thefollowing wepresentanalternativeapproachto thealgorithmof extrinsiccalibrationof apairof cameras
usedin theEuclideancalibrationof theinteractionspacedescribedin section4.3.1.It consistsin anextension
of homogeneouscalibrationof apairof cameras.It allows animmediateextensionof theprocedureof projec-
tivecalibrationof theinteractionspaceto acalibrationprocedure(section5.3.3)whichsolvesthesametaskas
theprocedureof Euclideancalibrationof theinteractionspacein section4.3.1.

WeassumethattheintrinsicparametersA i , A j of two camerasCi andCj areknown, andthatthefundamental
matrix F ij hasbeendeliveredby projective calibration. The goal is to calculatethe transformationbetween
thecameracoordinatesystemof Ci andCj , composedof a vectorof translationt ij anda matrix of rotation
R ij . Thealgorithmdescribedin thefollowing consistsin four stepsandworkslike in [Hor90].

Algorithm: Extensionof HomogeneousCalibration to EuclideanCalibration

Input: TheintrinsicparametersA i , A j of two camerasCi andCj , andthefundamentalmatrix F ij .

Output: The transformationbetweenthe cameracoordinateframeof C i andCj , composedof a vectorof
translationt ij andamatrixof rotationR ij .

Steps:

1. Calculatetheessentialmatrix
E ij = A T

j F ij A i :

2. Extractcandidatesof translationt from E ij .

3. Extractcandidatesof rotationR from E ij .

4. Selectt ij andR ij from thecandidatesof steps2 and3.

Thealgorithmusestheorthogonalityof thematrixof rotationin oderto extracttranslationsandthenrotations.
For selectionof theright transformation,thedistanceof at leastonecorrespondingpair of pointsis required,
which is provided by usinga ball-shapedtestobject like in section4.3.1. The detailsaredescribedin the
following.

Step2: Extraction of translation

Accordingto [Hor90], the translationvectort canbe extractedfrom the essentialmatrix asfollows. Let be
R = (r 1 r 2 r 3) thematrixof rotation.Thentheessentialmatrix canbewrittenas

E = (t � r 1 t � r 2 t � r 3):

Every columnof theessentialmatrix is orthogonalto t , andt is in parallelto thecross-productof theother
two columns.Hence,with E = (e1 e2 e3),

e1 � e2 = (t � r 1) � (t � r 2) = (r �
3t )t (5.28)

and
e2 � e3 = (r �

1t )t ; e3 � e1 = (r �
2t )t : (5.29)

In orderto minimize numericalerrors,the oneof highestamountamongthe threeexpressions,denotedby
ei � ej , is takenin orderto representthevectorof translation.Thescalingfactorcanbederivedfrom thefact
thatthesumof thesquaresof theentriesof theessentialmatrix is equivalentto 2(t � t ). Thiscanbeseenfrom

jj t � r 1jj2 + jj t � r 2jj2 + jj t � r 3jj2 = 3(t � t ) � t � t :
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Then

t = �
ei � ej

jjei � ej jj

r
1
2

Trace(EE � ) (5.30)

yields two possiblesolutionsfor t whereTrace(:) denotesthe sum of the squareddiagonalelementsof a
matrix.

Step3: Extraction of rotation

Let
Cofactors(E) := (e2 � e3 e3 � e1 e1 � e2)�

betheso-calledcofactormatrixof E.

By (5.28)and(5.29),thecofactormatrixcanalsobewrittenas

Cofactors(E) = ((r �
1t )t (r �

2t )t (r �
3t )t ) � :

This expressioncanbetransformedinto

Cofactors(E) = (t (R � t )� )� = (( tt � )R )� :

With [t ]2� := tt � � (t � t )I this leadsto

[t ]� E = [t ]2� R = (tt � )R � (t � t )R :

Fromthisexpressionweget
(t � t )R = Cofactors(E) � � [t ]� E: (5.31)

Sinceequation(5.30)hastwo solutions+ t and� t , this equationyields two possiblematricesof rotation,a
matrixR + for + t , andamatrixR � for � t .

Step4: Selectionof the solution

A negative sign in equation(5.4), resultingin p̂ �
j (� E)p̂ i = 0, generatestwo new combinationsof solutions

from the two combinations.By the decomposition� E = � ([t ]� R) = (� [t ]� )R this is coupledwith the
translation,resultingin thefollowing combinationsof solution,

� + t with R + for anessentialmatrixE

� � t with R � for anessentialmatrixE

� � t with R + for anessentialmatrix � E

� + t with R � for anessentialmatrix � E

Furthermore,theepipolarequation(5.4)canbemultipliedwith anarbitraryscalarfactor. Thusthereallength
of thetranslationvectoris unknown, and3D reconstructionis just possibleup to a scalingfactor. If, however,
for at leastonepair of correspondingpointsp i , p j the distancebetweenthosepointsis known, the scaling
factorcanbecalculated.For thatpurpose,themethodof depthcalculationof theball, usedin theEuclidean
calibrationprocedure,is applied.Thecorrespondingpointsful�ll therelation

p j = R � p i + st :
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In orderto choosetheright oneof thepossiblecombinations,thetwo relationsR + andR � have to betested.
Thecombinationwith + t and� t automaticallyresultin thesignof s. Thematrixof rotationwith thesmallest
varianceof s over all pointsp i;k , p j;k usedis thedesiredone.Thechoiceis performedasfollows. Weset

p j;k = R + p i;k +

0

B
@

sk;x � tx

sk;y � ty

sk;z � tz

1

C
A

andresolve thethreeequationsfor sk;x , sk;y , andsk;z, respectively. Theoriginally onescalarvaluesk is re-
placedwith threevaluessk;x ; sk;y ; sk;z sinceit cannotbeexpectedthatthey areidenticalfor all threeequations
becauseof roundingerrors.Thenweset

� +
s :=

1
N

NX

k=1

(
1
3

sk;x +
1
3

sk;y +
1
3

sk;z)2;

� +
s

2 :=
1
N

NX

k=1

(
1
3

sk;x +
1
3

sk;y +
1
3

kk;z � � +
s )2:

For R � weproceedanalogouslyfor thecalculationof theaverage� �
s andof thevariance� +

s
2.

Basedon thevariances,R ij andt ij arechosenas

R ij =

(
R + if � +

s
2 � � �

s
2

R � otherwise;

t ij =

(
� +

s � t if � +
s

2 � � �
s

2

� �
s � t otherwise:

5.3.6 Evaluation of Calibration

In thissectionwe investigatetheaccuracy of theapproachesof calibration.

For theexperimentalanalysis,pointswhosepositionsareprovidedin 3D spacehave to bedeterminedby the
calibratedcameracon�guration. Thepointsaredeliveredby thefour cornersof a testplatewhich is placedat
differentlocationsin space.Figure5.11shows views on thetestplatetakenby theceilingandsidecamerasof
our interactionenvironment.Thepositionsof thecornersin theimagescanbewell determined.However, in

Figure5.11:Thecornersof a rectangularplateareusedastestpointsfor investigationof accuracy of calibra-
tion. Theleft imageshows aview from theceilingcamera,theright imageaview from thesidecameraof our
interactionenvironment.
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orderto avoid additionalsourcesof error, wehave preferredmanualextractionof thecornersby mouseclicks
againstautomaticsegmentation.

A �rst ideawasto determinetheabsolutepositionof theplatein spaceby conventionalmanualmeasurements.
However, it hasturnedout thatmanualmeasurementis too inaccurate– theresultshavevariedupto 4 cm. For
that reasonwe have decidedto investigateonly therelative precisionof thecamerapair. We investigatehow
far theimagesof thesamepointon thetwo cameraimagescorrespond.

Oneapproachis to take theray from thecameracenterto a reconstructedtestpoint, for bothcameras.Ideally,
bothraysshouldintersect.However, becauseof calibrationerrors,they usuallywill not. Wemeasuretheerror
by theminimumdistanceof thetwo rays.Sincethiserrormeasurerequiresreconstructionof the3D testpoint
wecall it Euclideanerror.

A secondapproachis to considerthe epipolarline which is inducedby the imageof a spatialpoint on the
imageof the�rst cameraon the imageof thesecondcamera.Thedistancebetweentheepipolarline andthe
imageof thepointon theimageof thesecondcamerais takenaserrorvalue.A seconderrorvalueis obtained
by exchangingthe role of the two cameras.For this measurethe knowledgeof the fundamentalmatricesis
suf�cient, a completereconstructionof the 3D testpoint is not required. For that reasonwe call this error
measureprojectiveerror.

In the following we analyzetheerrorof themethodsof Euclideanandof projective calibrationof a pairsof
camera,andcomparebothmethodsusingthetwo typesof errormeasure.

Projective error analysis

Projective erroranalysisis basedon theprojective error.

Experiment: Projective error analysis

Approach: The two-camera-con�gurationof �gure 5.1 is used. The plate is placedat several locationsin
space,asshown in �gure 5.11,sothattheinteractionspaceis well covered.Thecornerpointsvisible in
bothcamerasaremanuallyextractedfrom thetwo cameraimages.Theprojective errorfor theextracted
cornerpointsis determinedfor thecasethat thesystemis calibratedby projective calibration,andfor
thecasethatthesystemhasbeencalibratedby Euclideancalibration.

Parameters: None.

Measured quantities:

Two projective errorpairsfor every testpoint, onefor theprojectively calibratedcamerapair andone
for theEuclidean-calibratedcamerapair. Theprojective errorpairscanbe immediatelycalculatedfor
projective calibrationsincethefundamentalmatricesareavailable.For Euclideancalibrationthefunda-
mentalmatricescanbederivedfrom thecalibrationdata.

Observation:

Table5.1shows theresults.Thecoordinatesof theimagesof thetestpointsin theimagesof cameraC i

andcameraCj , aswell astheprojective errorslistedin theright columnsof thetablearegivenin pixel
unitsof the196� 144cameraimages.

In theaverage,theprojective errorof Euclideancalibrationis between0:71 and0:77 pixels. For pro-
jective calibrationtheaverageprojective error is about0:81 to 0:95 pixels. This meansthatprojective
calibrationis slightly worse.Thereasoncouldbethat, for Euclideancalibration,calibrationobjectsin
3D areused,while for projective calibrationjust the2D positionsin thecameraimagesareused.
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Figure5.12visualizestheprojectiveerrorby discscenteredattheimagesof thetestpointsontheimages
of thetwo cameras.It canbenoticedthatbothcalibrationmethodsshow lowererrorscloseto thecenter
of the imagesthanat theborders.Projective calibrationis slightly worseat theborderthanprojective
calibration. The reasoncould be that for projective calibrationjust oneinsteadof two lensdistortion
coef�cients is used.

Sometimesit mayhappenthatevenby themanualapproachthetestpointscannotbelocatedprecisely
in theimages.Thepositionof atestpointcanvaryby � 1 pixels. In orderto geta feelingof theresulting
error, table5.2 shows the effect of slight variationson the projective error for the testpoint 15-bl. It
canbenoticedthata deviation by 1 pixel canalreadycausea differenceof theprojective errorby 1:19
pixels. If thedeviation occursin thex- andy-axissimultaneously, thedifferenceis 1:64 pixels. For a
deviation by onepixel in bothcameraimages,thedifferenceis even2:79 pixels. Takingthis accuracy
of measurementinto account,it canbeconcludedthatbothcalibrationmethodsareveryaccurate.

Figure5.12:Visualizationof theprojectiveerrorby discscenteredattheimagesof thetestpointsontheimages
of the two cameras.The radiusof a disc is proportionalto theprojective errorat this point. The upperrow
shows the errorsin the two cameraimagesfor Euclideancalibration,the lower row theerrorsfor projective
calibration.

Euclideanerror analysis

Thefollowing experimentanalyzestheEuclideanerrorby theexperimentof analysisof theprojective errorin
theprecedingsubsectionanalogously.

Experiment: Euclideanerror analysis
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Approach: The two-camera-con�gurationof �gure 5.1 is used. The plate is placedat several locationsin
space,asshown in �gure 5.11,sothattheinteractionspaceis well covered.Thecornerpointsvisibleon
bothcamerasaremanuallyextractedfrom thetwo cameraimages.TheEuclideanerrorfor theextracted
cornerpointsis determinedfor thecasethat thesystemis calibratedby projective calibration,andfor
thecasethatthesystemis calibratedby Euclideancalibration.

Parameters: None.

Measured quantities:

Two Euclideanerror valuesfor every test point, one for the projectively calibratedcamerapair and
onefor the Euclidean-calibratedcamerapair. The Euclideanerror canbe immediatelycalculatedfor
Euclideancalibration.For projectivecalibration,theextensionof homogeneouscalibrationto Euclidean
calibrationof section5.3.5is used.

Observations:

Theresultsarecompiledin table5.3. In orderto geta feelingfor theaccuracy, weagaininvestigatethe
effect of variationof theimagesof a testpointby � 1 pixel. Startingwith thecenter(192=2; 144=2; 1) �

of the imageof oneof thecamerasin homogeneouscoordinates,we calculatetherelationof thedepth
to thevariationby 1 pixel. Let m̂ 1 = (95:5; 72; 1)� andm̂ 2 = (96:5; 72; 1)� be two imagepointsin
homogeneouspixel coordinateswhichdiffer by 1 pixel. With thecalibratedintrinsiccameraparameters

A =

0

B
@

222:299 � 0:947957 97:5193
0 221:228 68:6043
0 0 1

1

C
A

andwith thespatialpointsp i in thecameracoordinatesystemcorrespondingto m̂ i , weget

si m i = Ap , A � 1si m i = p i ; i = 1; 2:

Weconsiderthecasethatp i , i = 1; 2, have equaldistancefrom thecameracenter, thatis s := s1 = s2.
For thiscaseweget

p1 � p2 = sA � 1(m̂ 1 � m̂ 2) = sA � 1

0

B
@

1
0
0

1

C
A

or 0

B
@

p1;x � p2;x

p1;y � p2;y

p1;z � p2;z

1

C
A = s

0

B
@

0:004498
0
0

1

C
A

Hence
xdif f := p1;x � p2;x = s � 0:004498:

sm̂ = Ap impliess = pz. Both togetheryieldsthedependency

xdif f = pz � 0:004498 (5.32)

betweenthex-differenceof two pointsof equaldistanceandthedistance.

Thecenterof theinteractionspaceis at about200cmfrom thecameras.Accordingto (5.32),onepixel
differenceon the imageimplies a x-differenceof 0:8996cm in space. If a deviation of onepixel is
assumedin both cameraimages,the x-differenceis 1:7992cm. Basedon this observation, it canbe
concludedthatbothmethodsof calibrationareveryaccurate.
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5.4 Err or Detectionby CoherenceAnalysis

Our con�guration with two observingcamerasopensthe possibility to cross-checkthe resultsof segmenta-
tion performedon the two framestaken by the two camerason the sametime for consistency. The reason
for usefulnessof this approachis a spatialcoherencebetweenthe two imageswhich could be disturbedby
erroneoussegmentation.Anotherpossibility is to cross-checktheresultsof segmentationperformedon con-
secutive framesdeliveredby the samecamera.In that casethe time coherenceexisting betweenthe frames
couldalsobedisturbedby erroneoussegmentation.

In thefollowing weusebothtypesof coherenceto de�ne errorfeatures,in section5.4.2for thecaseof spatial
coherenceandin section5.4.3for thecaseof timecoherence.Thenwepresentanapproachto errorcorrection
whichusestheerrorfeatures.It turnsoutthatfor certaincombinationsof errorevents,it is possibleto construct
a satis�ableapproximationof thetrue,but becauseof errorsnotavailable,resultof segmentation.Section5.5
is devotedto thatissue.

5.4.1 RelatedWork

Ourapproachof errordetectionandcorrectionhasbeeninspiredby severalexistingmethods,which,however,
cannotbe appliedin a straightforward way to our con�guration becauseof our cameraarrangementandthe
requirementsof onlineprocessing.

In [HP00], Han and Park introducea contourmatchingalgorithmusingepipolargeometry. They useone
moving camerato trackoneobjectcontour. Thegoal is to detectcorrespondingcontourpartsbetweenboth
frames.Theapproachmatchesthecontourspartby partusingthefactthatbothcontourshavealmostthesame
shape.In our interactionenvironment,in contrastto thestereocon�guration usedby HanandPark, the two
camerashave a wide baseline,so that an objectmay appearquite differently in both cameraviews andthe
methodby HanandParkcannotbeapplied.

Similar work hasbeenperformedin theareaof structure-from-motion.Basedon contoursegmentation,the
publications[Zha95, TK95] useepipolargeometry, aswewill do, too.

Otherapproacheslike [AP96] go the inversedirection. The 3D interactionspaceis virtually coveredby a
regular3D grid of cells. By epipolargeometry, thegrid is projectedontothecameraimages.Every projected
grid cell is checked for whetherit is occupiedby the object in both images.The union of the occupied3D
cellsde�nes anapproximationof theobjectin space.Matchingerrorsarerecognizedby grid cellsoccupied
in just oneimage. This observation could be usedfor error correction,but it is lessprecisebecauseof the
discretizationby thegrid.

In [Buv] a stereovision groupingandmatchingalgorithm is usedto improve segmentationresultsif edge
detectionyieldsunsatisfactoryresults,like edgejunctionswhich arenot completelydetected,or edgeswhich
aresplit in parts.Thealgorithmgroupsedgesegmentsin thegradientimageby their connectionswith other
edgesegmentsandby their relativepositions.Theconnectedsegmentsin oneof thestereoimagesarematched
with correspondingsegmentsin theotherimageusingepipolargeometry. Thesegmentationis improved by
modifying thematchedcomponentsby consideringthe geometricpropertiesexisting in only oneof the two
images.For example,if two segmentsbelongingto thesameconnectedcomponentarelinked in oneimage,
but not in the otherone,thenthe two segmentsarelinked together. A similar approachhasbeendescribed
in [SH87], which needssix minutesto repaironepair of frames.Thusbothmethodsaretoo slow for online
correctionof segmentation,asrequired.Furthermore,they arebasedonstereocamerapairs,in contrastto our
cameracon�gurationwith quitedifferentviews.
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5.4.2 Err or Detectionby Spatially Corr espondingContours

We useerror featuresderived from propertiesof epipolargeometry. The advantageof this approachis that
the necessarymutual epipolar lines on the imagesof the two camerasare available from both calibration
proceduresused,in particularfor projective calibrationwhich requiresrelatively moderatecalibrationefforts.
In thearchitectureof �gure 5.2, thetaskis performedby a processingunit which getsdatafrom every image
stream,denoted3D region �ltering unit in the�gure.

The basicideaof error featuredetectionis to sweepthe interactionspacein front of both cameraswith the
epipolarplanesof thetwo cameras.Theepipolarplanesaretheplanescontainingthecentersof bothcameras
Ci andCj . Thesweepis intuitively performedby rotatinga planearoundtheline throughthecameracenters.
The sweepstartswith a planebelow the objectof interest,that is in our casethe pointing arm, androtates
until it is completelyabove theobjectof interest.Thesweepingplaneinducesasweepingepipolarline on the
imageplanesof cameraCi andcameraCj , respectively. Thesweepingepipolarline rotatesaroundtheepipole
of its imagewhich canbe calculatedby formula (5.9). Hencethe spacesweepcanbe implementedby two
synchronizedplanesweeps.Synchronizationis achieved by calculatingcorrespondingcontourlineson both
imagesaccordingto the formulas(5.7) and(5.8). If an epipolarline on the imageof C i is given,oneof its
pointsis usedasm̂ i in (5.7) in orderto get thecorrespondingepipolarline on theimageof C j . Analogously,
if an epipolarline on the imageof Cj is given, oneof its points is usedas m̂ j in (5.8) in order to get the
correspondingepipolarline on theimageof Ci .

In the ideal case,the objectof interestis representedby singlecontoursci andcj in both images,andthe
sweepingepipolarplaneinducessweepingepipolar lines on both imageswhich simultaneouslyenterand
leave the correspondingcontours,as depictedin �gure 5.13. If the correspondingsweepinglines do not

Figure5.13:An objectof interestrepresentedby singleclosedcorrespondingcontoursci andcj in theimages
of camerasCi (left) and Cj (right). In the ideal casedepictedhere, the sweepingepipolarplaneinduces
sweepingepipolarlineson bothimageswhichsimultaneouslyenterandleave thecorrespondingcontours.

enteror leave thecontourssimultaneously, thesegmentationis erroneous.This observation leadsto theerror
featuresusedfor errordetectionbasedon spatiallycorrespondingcontoursde�ned in thefollowing. An error
featureconsistsof aninterval betweenconsecutiveentryor exit pointsof thecorrespondingepipolarlinesof an
epipolarsweep,which representsa contradictingbehavior on thetwo images.Figure5.14givesanexample.
Segmentationof theimageof cameraCi hasfoundacontourlargerthantheoneof theobjectof interest.The
sweep�nds theinterval betweenthelinesl j;i; 1 andgj; 1, expressedin thenotationof the imageof Cj , or gi; 1

andl i;j; 1, expressedin thenotationof the imageof Ci , wherel j;i; 1 is thecorrespondingepipolarline of gi; 1,
andl i;j; 1 is thecorrespondingepipolarline of gj; 1. This interval, however, is not feasiblesinceit violatesthe
conditionthateitherbothcorrespondingepipolarlinescontainobjectpoints,or noneof themdoes.

The following algorithmgeneralizesthis observation andextendsit to the caseof the occurrenceof several
non-connectedcontours.
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Figure5.14:Thesegmentationof theimageof Ci hasdeliveredacontourlargerthanthecorrectone(left). In
thiscase,thespacesweep�nds aninterval [l j;i; 1; gj; 1], expressedin thenotationof theimageof Cj (right), or
[gi; 1; l i;j; 1], expressedin thenotationof theimageof Ci (left) which is not feasible.

Algorithm: Err or Feature Detectionfrom Spatially CorrespondingContours

Input: Oneor morecontoursof theobjectof interestin the imagesof two camerasC i andCj , deliveredby
segmentation,andthefundamentalmatrixF ij betweenCi andCj .

Output: Error features,expressedby classi�edintervalsof anepipolarsweep.

Parameter: A thresholdl0 > 0.

Steps: Scanboth imageswith the epipolarplane,andreport thoseintervals whereonescanline intersects
a contourbut the otherdoesnot, and report thoseintervals andcorrespondingtype which ful�ll the
appropriateconditionof oneof thefollowing types:

S1:i=j : The interval is the �rst interval of thesequenceof reportedintervals. Its entryplaneentersa
contourof theimageof cameraCi /Cj . Its exit planeentersacontourof theimageof cameraCj /Ci .
Theinterval lengthexceedsagiventhresholdl0.

S2:i=j : The interval is the last interval of the sequenceof reportedintervals. Its exit planeleaves a
contourof the imageof cameraCi /Cj . Its entry planeleavesa contourof the imageof camera
Cj /Ci Theinterval lengthexceedsa giventhresholdl0.

S3:i=j : The interval is neitherthe �rst nor the last interval of the sequenceof reportedintervals. Its
entryplaneleavesa contourof theimageof cameraCi /Cj andis insideof a contourof theimage
of cameraCj /Ci . Its exit planeentersa contourof the imageof cameraCi /Cj andis insideof a
contourof theimageof cameraCj /Ci .

S4:i=j : The interval neitherintersectsa contourof the imageof cameraC i /Cj nor a contourof the
imageof cameraCj /Ci .

Eachof themaincanonicalcasesSk, k = 1; : : : ; 4, hastwo symmetricversions,Sk:i andSk:j .

S1 covers the caseof a non-feasibleglobally �rst interval. The examplejust discussedand illustratedin
�gure 5.14is of caseS1. Anotherexamplefor caseS1 is that thecontourfoundby segmentationis smaller
thanthecorrectcontour. Figure5.15depictsthis situation.Theproblematicinterval [g j; 1; l j;i; 1] (w.r.t. theleft
image)and[l i;j; 1; gi; 1] (w.r.t. theright image),respectively, containspairsof correspondingepipolarlinesone
of whichcontainsacontourpointandoneof whichdoesnot, thusindicatinganerroneoussituation.

ThecaseS2 is thecorrespondingcaseto S1 of anon-feasibleglobally lastinterval.

The thresholdl0 is requiredsinceeven for the caseof correctsegmentationit cannotbe expectedthat the
correspondingepipolarlinesenteror leave thecontoursin exactly thesamemoment.If thedistancebetween
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Figure5.15: Thesegmentationof the imageof Ci hasdelivereda contoursmallerthanthecorrectone(left),
with epipolarlyextremalpointsm i; 1 andm i; 2. In this case,the spacesweep�nds an interval [g j; 1; l j;i; 1],
expressedin thenotationof the imageof Cj (right), or [l i;j; 1; gi; 1], expressedin thenotationof the imageof
Ci (left) which is not feasible.

the entry/exit point in one imageandthe epipolarline inducedin that imageby the entry/exit point of the
otherimagedoesnotexceedthethreshold,asimultaneousoccurrenceof botheventsis assumed,andno error
interval is reported.

A particularinterestin the casesS1 andS2 resultsfrom the observation that,accordingto the arrangement
of thecamerasin our scenarioof interactionwith a backprojectionwall, the�nger tip is anextremalpoint of
theepipolarsweepin bothimages,cf. e.g. �gure 5.23.Thethin linestraversingthetop right imagefrom left
to right, andthelinestraversingthebottomleft imagefrom top to bottomareepipolarlinescorrespondingto
eventsof particularinterestin thecon�gurationdepictedin the �gure, asexplainedlater. Thusthealgorithm
candetectsegmentationerrorsat the�nger tip which areparticularcritical for projection-basedpointing. As
wewill seelater, with additionalinformationit will evenbepossibleto proposeareasonablecorrectionof the
error.

TheerrorfeatureS3 treatsthecasethatagapbetweentwo contoursoccursin oneof thecameraimages,but no
gapis observedin theotherimage.Figure5.16givesanexample.Theimageof cameraC i (left image)shows
two contoursresultingfrom segmentation,whereasthe imageof cameraC j shows just onecontour. Thegap
correspondsto theS3-typesweepinginterval [g i; 3; gi; 4] ontheimageof cameraCi andin theinterval bounded
by thecorrespondingepipolarlines,[l j;i; 3; l j;i; 4].

Therecanbeat leasttwo reasonswhich couldhave causedthecaseS3. The�rst reasonis thattheprocessof
segmentationhaswronglyproducedthegapbetweenthecontours(left image).Thesecondreasonis thatseg-
mentationhaswrongly mergedtwo separatedcontoursinto onecontour(right image).Undertheassumption
thattheobjectinducesexactlyonecontourin bothimages,only thesecondcaseis irrelevant.

Theerror featureS4 is relevant if theboundaryof theregion coveredby theobjectof interestin the images
consistsof just oneconnectedcontour. S4 describesan interval of epipolarpairsof sweepinglines which
do not intersectany contourin both cameraimages.Sincethe sequenceof sweepingintervals startswith a
globally �rst entrypoint anda globally lastexit point, the interval separatesat leasttwo contoursin not less
thanof the images.Thusthe single-contour-assumption is violatedandan error is reportedin form of that
interval labeledwith S4.

5.4.3 Err or Detectionby ImageSequenceAnalysis

Errordetectionby imagesequenceanalysisis basedonmatchingof thecontoursof theobjectof interestin two
consecutive framesdeliveredby thesamecamera.This meansthat theoperationis performedon the image
streamof cameraCi andon the imagestreamof cameraCj separately. In thearchitectureof �gure 5.2, the
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Figure5.16: Occurrenceof a sweepinginterval of type S3, [g i; 3; gi; 4] in the left image,andthe epipolarly
correspondinginterval [l j;i; 3; l j;i; 4] in theright image.

taskis performedby aseparateprocessingunit for everystream,denotedin the�gure by time-based2D region
�ltering unit.

Our approachto contourmatchingusesthe assumptionthat the relevant contourson consecutive framesare
very similar, andthat they arealmostrigid. In fact, in the caseof pointing in our interactionenvironment,
the relevant contourusually envelopesthe arm and possiblya comparatively small part of the torso. The
arm contourandthe torsocontourareapproximatelyrigid, but they could move oneagainstthe other. We
considerthemotionof thearmby applyingtheKarhunen-Lóeve transformation(KLT) or PrincipalComponent
Analysis(PCA) [GW02]. TheKLT, appliedto thecontoursof two consecutive frames,yieldsa transforminto
a coordinateframewith its origin at theaverageof theinput points,andcoordinateaxesorientedin direction
of theextremalextensionsof thecontour. By thecharacteristicsof thecontoursof interestin ourapplicationit
canbeexpectedthatthearmcontoursof two consecutive framesmatchwell afterapplyingtheKLT to both,if
they have beenproperlysegmented.

A possibility to measurethesimilarity betweencontoursis to investigatethedistanceof every vertex of one
polygonalcontourto theothercontour, afterapplicationof theKLT to bothcontours,

h(pk ; ck
2) := minfjj pk � qk jj j qk 2 ck

2g; (5.33)

h(qk ; ck
1) := minfjj qk � pk jj j pk 2 ck

1g; (5.34)

whereck
1, ck

2 denotetheKLT-transformedsetsof contourverticeson two given images,respectively, andp k

andqk areverticesonck
1 andck

2, respectively.

Anotherpossibilityis to measuresimilarity on theoriginalcontoursin thesameway,

h(p; c2) := minfjj p � qjj j q 2 c2g; (5.35)

h(q; c1) := minfjj p � qjj j p 2 c1g; (5.36)

wherec1, c2 denotethesetof contourverticeson thetwo given image,respectively, andp andq arevertices
on c1 andc2, respectively.

As explained,our contourscouldcontaindifferentparts,for which eithertheoneor theothermeasuremakes
sense.For thatreasonweusethefollowing measureformulatedwith respectto theoriginaldata,

h� (p; c2) := minf h(p; c2); h(pk ; ck
2)g; (5.37)

h� (q; c1) := minf h(q; c1); h(qk ; ck
1)g: (5.38)

A straightforwarderrormeasurebasedonerrordetectionby imagesequenceanalysisis themaximumdeviation
betweenthetwo contours,measuredin bothdirection,in thissense.
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Figure5.17: Visualizationof thedistanceh� betweentwo contoursin subsequentframes,in bothdirections.
Contoursegmentsconsistingof verticesononecontourwhichhasgotanearestneighboronthesecondcontour
at adistanceof lessthan3:5 pixelsaredisplayedin green,theothersin red.

Algorithm: Err or Feature Detectionby ImageSequenceAnalysis

Input: The contourck of the segmentedregion in a frameof a camerak, the contourc�
k of the segmented

region in theprecedingframe.

Output: An error featuree(ck ; c�
k ) which is 1 if the distancebetweenthe two contoursexceedsan error

thresholdh0, and0 else.

Parameter: An errorthresholdh0 > 0.

Steps:

1. v(ck ; c�
k ) := maxf h� (p; c�

k ); h� (q; ck ) j p 2 ck ; q 2 c�
k g;

2. If v(ck ; c�
k ) > h0, thene(ck ; c�

k ) := 1 elsee(ck ; c�
k ) := 0;

3. Reporte(ck ; c�
k ).

v(ck ; c�
k ) is the so-calledHausdorff-distanceof the two point setsck and c+

k . It can be calculatedby the
O(n logn)-algorithmof [ABG+ 01], n thenumberof involvedvertices.

Thismeasureis particularlyusefulin theimportantcaseof locationpointingwhentheuserholdsthehandstill.
In thatcaseanerrorcanbereportedif thevaluedeliveredby thealgorithmexceedsa given thresholdh0, as
doneby thealgorithm.

Figure5.17visualizesthedistancesh� betweentwo contoursin subsequentframes,in bothdirections.Contour
segmentsconsistingof verticeswhichhave a nearestneighboron thesecondcontourat adistanceof lessthan
3:5 pixelsaredisplayedin green,theothersin red.

5.5 Contour Corr ectionby CoherenceAnalysis

In section5.4.2we have describederror featuresbasedon imagestakenat thesametime by thetwo cameras
observingtheinteractionspace,while in section5.4.3errorfeaturesbasedon consecutive framesof thesame
camerahave beenproposed.Now we combineboth conceptsin orderto try to correcterroneouscontours.
In the architectureoutlinedin the diagramof �gure 5.2, this task is distributed amongthe processingunits
responsiblefor errordetectionbasedon spatialcoherence(3D region �ltering unit) andthoseresponsiblefor
error detectionbasedon time coherence(time-based2D region �ltering). For that purpose,datahave to be
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transferred.Thetime-basedregion �ltering unitssupplythe3D region �ltering unit with contouranddistance
data.The3D region�ltering unit sendsdatarelatedto theepipolarsweepingintervalsto thetime-basedregion
�ltering units. Thedecisionwhethera correction,andif so,which typeis executed,needsa globalview. It is
takenoverby the3D region �ltering unit.

The following subsectionspresentheuristicsof correctionfor several con�gurationsof contourswhich have
shown to beuseful:correctionby contourshrinking,by contourexpansion,andby gapclosing.Theheuristics
areappliedif a certaincombinationof error featuresandcon�gurationsof contours,listed with eachof the
heuristics,occurs.For reasonsof ef�ciency, they do notcoverall possibilities,but many relevantones.

5.5.1 Corr ection by Contour Shrinking

Correctionby contourshrinkingworksasfollows.

Algorithm: Correction by Contour Shrinking

Parameters: l0 > 0 of spatialerrorfeaturedetection,h0 > 0 of time-basederrorfeaturedetection,athreshold
h1 > 0.

Spatial error feature: S1; i (analogouslyS1; j , S2; i , S2; j ).

Time-basederror feature: e(ci ; c�
i ) = 1 whereci is thecontourof intereston thecurrentframeof camera

Ci , andc�
i is contourof intereston theprecedingframeof cameraCi .

Con�guration:

1. ci consistsof onecontourloop.

2. c�
i consistsof onecontourloop.

3. h� (m i; 1; c�
i ) > h1 wherem i; 1 is theentry/exit point of theS1; i -interval of theepipolarsweep,

andthenearestneigboringvertex of m i; 1 on c�
i is on thesamesideof thetangentialepipolarline

of m i; 1 astheverticesadjacentto m i; 1 on ci .

Correction:
It is triedto constructanew contourc0

i by replacingasegmentci; 0 of thecontourci whichcontainsm i; 1,
with a segmentc0

i; 0 which is obtainedfrom a correspondingsegmentc�
i; 0 of thecontourc�

i by rotation,
translation,andscaling. Figure5.18depictsthe contourci; 1 in black andthe contourc�

i; 1 in blue and
green.Thegreenpartrepresentsthesegmentc�

i; 0. It is constructedby thefollowing steps.

Steps:

1. Walk alongci in bothdirections,startingatm i; 1, until verticesp l andp r with h� (p l ; c�
i ) � h1 and

h� (p r ; c�
i ) � h1 arefound. Let p �

l andp �
r bethecorrespondingnearestneighboringverticesof

p l andp r , respectively, on c�
i . Theredline segmentsin �gure 5.18indicatethenearest-neighbor-

relationbetweenverticesonci andc�
i .

2. If p l andp r exist, then

(a) De�ne a segmentof c�
i , take thatsegmentasc�

i; 0 androtate,translate,andscaleit so that it
�ts assegmentci; 0 betweenp l andp r ;

(b) Reportthenew contourandreturn.

3. Otherwisereturnwithoutcorrection.
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Figure5.18: Contourcorrectionby shrinking. The contourci; 1 of the currentframeis drawn in black, the
contourof theprecedingframec�

i; 1 in blueandgreen.Thegreenpartbetweenthetwo blueverticesrepresents
thesegmentc�

i; 0 whichis usedto replacetheerroneoussegmentbetweenthetwo blackverticeswhocorrespond
to thebluevertices.The red line segmentsindicatethenearest-neighbor-relation betweenverticeson ci and
c�

i .

Figure5.19 shows an exampletaken from our casestudy. The �rst row shows the given con�guration. In
theleft image,thecontourat thehandfoundby segmentationis too large,in theright imageit is correct.The
secondrow showstheprecedingframesof bothimages.In bothframes,thecontourshavebeenfoundcorrectly.
The third row shows a color codingof thedistancesof verticesof thecontourin theprecedingframeto the
contourof the currentframe. Verticesof a distance> 3:5 pixels aredrawn in red, the othersin green.The
imagesof row 4 show theepipolarlinesboundingtheS1-errorinterval, theconstructednew contoursegment
in the left image(green),thereplacedcontoursegment(blue),andthecontourof theregion of thepreceding
frame(cyan).

Thechoiceof h0 is subjectof thelatersection5.5.4.

5.5.2 Corr ection by Contour Expansion

Correctionby contourexpansionis quitesimilar to correctionby contourshrinking,andworksasfollows.

Algorithm: Correction by Contour Expansion

Parameters: l0 > 0 of spatialerrorfeaturedetection,h0 > 0 of time-basederrorfeaturedetection,athreshold
h1 > 0.

Spatial error feature: S1; i (analogousS1; j , S2; i , S2; j ).

Time-basederror feature: e(ci ; c�
i ) = 1, whereci , c�

i arede�ned asbefore.

Con�guration:

1. ci consistsof onecontourloop.

2. c�
i consistsof onecontourloop.

3. h� (m i; 1; c� 1
i ) > h1 wherem i; 1 is theentry/exit point of theS1; i -interval of theepipolarsweep,

and the nearestneigboringvertex of m i; 1 on c�
i andthe verticesadjacentto m i; 1 on ci areon

differentsidesof thetangentialepipolarline of m i; 1.

Correction:
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Figure5.19:Contourcorrectionby shrinking.First row: Thegivencon�guration: In theleft imagethecontour
at the handfound by segmentationis too large, in the right imageit is correct. Secondrow: The preceding
framesof bothimageswherethecontourshave beenfoundcorrectlyin bothimages.Third row: Color coding
of thedistancesof verticesof thecontourin theprecedingframeto thecontourof thecurrentframe.Vertices
of a distance> 3:5 pixelsaredrawn in red,theothersin green.Fourthrow: Theepipolarlinesboundingthe
S1-errorinterval, theconstructednew contoursegmentin theleft image(green),thereplacedcontoursegment
(blue),andthecontourof theregion of theprecedingframe(cyan).
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Figure5.20: Thecontourci; 1 of thecurrentframeis drawn in black, thecontourof theprecedingframec�
i; 1

in blueandgreen.Thegreenpartbetweenthe two blueverticesrepresentsthesegmentc�
i; 0 which is usedto

replacetheerroneoussegmentbetweenthetwo blackverticeswhich correspondto thebluevertices.Thered
line segmentsindicatethenearest-neighbor-relation betweenverticeson ci andc�

i .

Figure5.21: Contourcorrectionby expansion.First row: Segmentationhasdelivereda contourwhich does
not includethehand.Secondrow: TheepipolarlinesboundingtheS1-errorinterval, andtheconstructednew
contoursegmentin theright image(green).

It is triedto constructanew contourc0
i by replacingasegmentci; 0 of thecontourci whichcontainsm i; 1,

with a segmentc0
i; 0 which is obtainedfrom a correspondingsegmentc�

i; 0 of thecontourc�
i by rotation,

translation,andscaling. Figure5.20depictsthe contourci; 1 in black andthe contourc�
i; 1 in blue and

green.Thegreenpartrepresentsthesegmentc�
i; 0. It is constructedby stepsanalogouslyto thoseof the

contourshrinking.

Figure5.21shows an exampleof contourexpansion.The �rst row shows an imagefor which segmentation
hasdelivereda contourwhich doesnot includethehand.Thetwo imagesof therow show theepipolarlines
boundingtheS1-errorinterval. Theconstructednew contoursegmentis depictedin theright image(green).

In our implementationwehave seth1 = h0, h0 theparameterusedin section5.5.1.

5.5.3 Corr ection by Gap Closing

Correctionby gapclosingworksasfollows.

Algorithm: Correction by Gap Closing

Parameters: l0 > 0 of spatialerrorfeaturedetection,h0 > 0 of time-basederrorfeaturedetection,athreshold
h2 > 0.
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Spatial error feature: S3; i (analogousS3; j )

Time-basederror feature: e(ci ; c�
i ) = 1, whereci , c�

i arede�ned asbefore.

Con�guration:
ci consistsof two contourloopsci; 1 andci; 2, c�

i consistsof onecontourloop.

Correction:
It is tried to constructa new contourc0

i which consistsof four segmentsc0
i; 1, c0

i; 2, c0
i; 3, c0

i; 4. c0
i; 1 and

c0
i; 3 aresegmentsof ci; 1 andci; 2, respectively, andc0

i; 2 andc0
i; 4 areobtainedby rotating,translating,and

scalingtwo segmentsof thecontourc�
i . Figure5.22,right, showstheresultingcontourc0

i . Thesegments
c0

i; 2 andc0
i; 4 aredrawn in green.Theleft partof the�gure shows thetwo contoursci; 1 andci; 2, drawn in

black,andthecontourc�
i , drawn in blue.Correctionis performedby thefollowing steps.

Steps:

1. Calculate the sets V1 and V2 of all vertices p � on c�
i with h� (p � ; ci; 1) < h� (p � ; ci; 2),

h� (p � ; ci; 1) � h2 and h� (p � ; ci; 2) < h� (p � ; ci; 1), h� (p � ; ci; 2) � h2, respectively. The red
line segmentsin �gure 5.22,left, indicatepairsbetweentheverticesp � andtheirnearestneighbor
verticesonci .

2. Searchfor two pairsof vertices(p �
1 ; p �

2 ), (q�
1 ; q�

2 ) with p �
1 ; q�

1 2 V1, p �
2 ; q�

2 2 V2, so that
disjoint segmentsc�

i; 2 andc�
i; 4 of c�

i betweenp �
1 ; p �

2 andq�
1 ; q�

2 , respectively, exist which do not
containverticesin V1 or V2. p �

k , q�
k , k = 1; 2, arerepresentedby bluedotsin �gure 5.22,left.

3. If suchpairsexist, then

(a) Let pk , qk bethenearestneighboringverticesof p �
k , q�

k onci , k = 1; 2. Rotate,translateand
scalec�

i; 2 andc�
i; 4 sothatsegmentsc0

i; 2 andc0
i; 4 connectp1,p2 andq1,q2, respectively. pk , qk ,

k = 1; 2, arerepresentedby blackdotsin �gure 5.22,left.

(b) Considerthefour contourswhich resultby splittingci;k at pk , qk , k = 1; 2. Selectthosetwo
of them,calledc0

i; 1 andc0
i; 4, whichapproximatec�

i best.
(c) Reportc0

i; 1, c0
i; 2, c0

i; 3, c0
i; 4.

4. Otherwisereturnwithoutcorrection.

Figure5.22: The imageon the right shows the resultingcontourc0
i . Thesegmentsc0

i; 2 andc0
i; 4 aredrawn in

green.Theleft imageshows thetwo contoursci; 1 andci; 2, drawn in black,andthecontourc�
i , drawn in blue.

Theredline segmentsindicatepairsbetweentheverticesp � andtheir nearestneighborverticesonci .

Figure5.23showsanexampleof correctionby gapclosing.Theleft imageof the�rst row showsanerroneous
segmentationwhichhasdeliveredtwo contours.Theresultof errorcorrectionis presentedin theright imageof
the�rst row. Thenew contouris drawn in green.Theimagesof thesecondrow show theepipolarlineswhich
boundtheS3-errorinterval, andthe�rst andlastepipolarline of thecompletesweepingprocess,indicatedin
bothcameraviews.
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Figure5.23: Contourcorrectionby gapclosing. First row, left image:Segmentationhasdeliveredtwo con-
tours. First row, right image: The resultof error correction. The new contouris drawn in green. Second
row: Theepipolarlineswhich boundtheS3-error interval, andthe�rst andlastepipolarline of thecomplete
sweepingprocess,indicatedin bothcameraimages.

In our implementationwehave seth2 = h0, h0 theparameterusedin section5.5.1.

An analogouscaseto gap�lling is bridgeopening.A bridgeoccursif two separateregionsarefalsemerged
by segmentation.Sincein our applicationtheregularcaseis onecontour, bridgeopeningis not relevantand
thusnot treatedhere.

5.5.4 Parameter Control

The time-basedanalysisandthe space-basederror analysisusethresholdparametersin orderto distinguish
betweenfaultydiscontinuouslydeformedregionsandregionsdeformedduecorrectlyto motion. If thethresh-
oldsaretoo high, incorrectlydeformedregionsarerecognizedascorrectregions.If thethresholdsareto low,
regionsrepresentinga correctdeformationby movementaredetectedaserroneous.This problemis reduced
by parametercontrol. In thesystemarchitectureof �gure 5.2,parametercontrolis performedby theparameter
controlunit. Theparametercontrolunit increasesor decreasestheparametervaluesdependingonthedetected
casein every frame,accordingto givenrules.

We applyparametercontrol to theparametersl0 andh1 (= h0 = h2 in our implementation)od thepreceding
sections.It worksasfollows.

Algorithm: Parameter Control of Err or Correction

Input:

� theS1/S2 error featuresdetectedby thealgorithmof error featuredetectionfrom spatiallycorre-
spondingcontours

� theerror featuredetectedby thealgorithmof error featuredetectionby imagesequenceanalysis
for thetwo observingcamerasCi andCj .
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Output: Thethresholdvaluessubjectof controlare

� l0 > 0 which in�uencesthesensitivity of S1- andS2-intervals

� h1 > 0 which in�uencesthesensitivity of differencebetweenthecontourof thecurrentframeand
thecontourof theprecedingframe,measuredby thedistanceof an epipolartangentpoint of the
currentcontourto theprecedingcontour.

Algorithm:

Parametercontrolis performedby processingtheerrorfeaturesframeby frame.Dependentonthegiven
con�gurationof thevaluesof error featuresof thecurrentlyprocessedframes,thethresholdvaluesare
increasedor decreased.The casesof con�gurationscausingupdating,andthe correspondingupdates
to be performed,arecompiledin �gure 5.24. Sincethe possibility of correctionis checked for in the
contoursof theimagestreamsof cameraCi andCj simultaneously, thetablecontainscolumnsfor both
cameras.

S1/S2 errorfeature contourdistanceCi contourdistanceCj

case1: noerror low/noerror low/noerror
parameter
update: decreasel0 decreaseh1 decreaseh1

case2: noerror low/noerror high/error
parameter
update: – – increaseh1

case3: noerror high/error low/noerror
parameter
update: – increaseh1 –
case4: noerror high/error high/error

parameter
update: – increaseh1 increaseh1

case5: outlier i /inlier j low/noerror low/noerror
parameter
update: increasel0 – –
case6: outlier i /inlier j low/noerror high/error

parameter
update: – – –
case7: outlier i /inlier j high/error low/noerror

parameter
update: – – –
case8: outlier i /inlier j high/error high/error

parameter
update: increasel0 increaseh1 increaseh1

Figure5.24:Parametercontrol: Thethresholdvaluesl 0 andh1 areadapteddependenton errorfeaturesof the
currentframe.

Therearedifferenttypesof cases.The cases1, 6, and7 areconsistentcases.In thesecases,no parameter
updateis necessary(althoughone is performedin case1, which will be explainedlater). All othercases
show contradictoryerrorfeatures,indicatingthaterrorfeaturesarepossiblynotcorrectlydetermined,probably
becauseof anon-adequatethresholdvalue.In thesecases,correctionis performed.

For example,in case2, thedistancebetweenthesubsequentcontoursdeliveredby cameraC j leadsto anerror,
but theepipolaranalysisdoesnot. In this situationit is reasonableto increaseh1, asdonein thetable,sincea
higherthresholdwouldhave transferredcase2 into thefeasiblecase1.



5.6. POINT MOTION FILTERING 99

At a �rst glanceit might look strangethat thevaluesaredecreasedin the idealcase1. Thereason,however,
is thatcase1 couldhave happenedbecausethevaluesaretoo largeandnot suf�ciently sensitive, althoughan
error might have occurred. By keepingthe thresholdvaluesin a critical region, it is intendedto avoid this
effect,althoughin thismannerin theideal,error-freecase,acertainnumberof errorsmightbeevoked.

5.6 Point Motion Filtering

Whenimplementingtheapproachasdescribedup to now, a signi�cant jitter effect of thecalculatedpointing
goal canbe noticed. Reasonsfor jittering might be the imagenoisecausedby the camerasand inaccurate
segmentation.The errorsin the imageareadditionallyintensi�ed by the scalingfrom the imagespaceinto
interactionspace.

Anothereffect arenon-continuousjumpsof thepointinggoal.Thereasonis therelative low frameratewhich
is signi�cantly below theat least16framespersecondrequiredto give theimpressionof acontinuousmotion.

Evidently, �ltering is requiredin orderto eliminatethat effect. In the architectureof �gure 5.2, �ltering is
performedby thefeature extractionunit. Two �lters areapplied,a smoothing�lter for noisereduction(sub-
section5.6.1),andaninterpolation�lter whicheliminatestheeffectof discontinuousmotion(subsection5.6.2).

5.6.1 Smoothingof Point Motion

A sequenceof pointsin spaceis smoothedby estimatingthenoisein a giveninput sequenceof points.In our
case,theinputsequenceis givenby thecalculated�nger tip pointsin space.Fromthenoise,a tolerancevalue
is calculatedwhichde�nesthesizeof anaxes-parallelboxarounda�nger tip point. As longasa�nger tip lies
insidetheprecedingbox, thecenterof thebox is reportedasthe�ltered positionof the�nger tip. Otherwise,
thecurrent�nger tip point is forwardedwithoutmodi�cation. Thedetailsareasfollows.

Algorithm: Smoothingof Point Motion

Input: A sequenceof pointsq i , i = 0; : : : ; in 3D space

Output: A �ltered sequenceof points~q i , i = 0; : : : ; of probablylessvariancethantheinput sequence.

Paramters: A scalingfactors > 0 andaweight� > 0.

Steps:

j := 0;

For i = 1; 2; ::::

1. If q i is in astaticinterval of theinputsequence,thatis

(gi;k > 0 ^ gi � 1;k < 0) _ (gi;k < 0 ^ gi � 1;k > 0);

wheregi;k , k 2 f x; y; zg, denotesacoordinatecomponentof

gi =

(
0 if i = 0;

q i � q i � 1 if i > 0;

then

(a) p j = q i .
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(b) Calculate

h(� ) j
2 =

(
0 if j = 0;

h(� )2
j � 1 + � � (( 1

2gj � 1
2gj � 1)2 � h(� )2

j � 1) if j > 0;

where

gj =

(
0 if j = 0;

p j � p j � 1 if j > 0:

(c) Updatetheextensionof thebox to 2 � s � h(� ) j
2.

(d) If thecurrentpointp j is insidethebox thenreportthecurrentcenterof theboxas~q i .
Otherwisemove the box so that its orginally closestcornerto p j lies on p j , andreport the
centerof theboxas~q i .

(e) Incrementj by 1.

2. Otherwisereportq i as~q i , andresetj = 0;

Thesquareof vectorto betakenin stepb denotescomponent-wisesquaringof thevector.

In step1, the algorithmestimatesthe noiseof the input sequencein staticphases,whenthe useris in the
locationpointingmode.A staticphasemeansthat thedifferencesequenceg i is closeto 0 in all coordinates,
herede�ned by achangeof signof two consecutive values,

(gi;k > 0 ^ gi � 1;k < 0) _ (gi;k < 0 ^ gi � 1;k > 0);

wheregk;i , k 2 f x; y; zg, denotesacoordinatecomponentof g i .

h(� ) j denotesa modi�cation of theaveragesquaredlocal varianceof thedifferencesequenceg j of theinput
sequencein astaticphase.Theaveragesquaredlocalvarianceis de�ned by

h j
2 =

(
1
j

P j
k=1 (gk � gk )2 if j � 1

0 else;

wheregk is a localaveragelike e.g.

gk :=

(
1
2(gk + gk� 1) if k � 1

gk else:

It canberewritten recursively as

h0
2 := 0;h j

2 = h j � 1
2 +

1
j

� ((
1
2

gj �
1
2

gj � 1)2 � h2
j � 1):

With respectto theoriginal input sequence,thelocal variancecanberewrittenas

1
j

jX

k=1

(gk � gk)2 =
1
j

jX

k=1

(gk �
1
2

(gk + gk� 1))2

=
1
j

jX

k=1

(
1
2

gk �
1
2

gk� 1)2

=
1
j

jX

k=1

(
1
2

pk � pk� 1 +
1
2

pk� 2)2
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Thusthelocalvariancecanbeunderstoodastheaverageof thesquareddiscretesecondderivativesof theinput
sequence.

A disadvantageof thelocalvarianceis thatit equallyconsidersthewholehistoryof thesequence.Themodi�ed
valueh(� ) i allows to preferthemorerecentvaluesof theinput sequenceby anappropriatechoiceof � > 0,
for instance� = 0:2 insteadof theoriginal 1

j .

The estimatednoisedeterminesthe sizeof the �ltering rectangleusedby the algorithm. The scalingfactor
s > 0 canbe usedto control thesensitivity of the �lter . With s = 2, we couldobserve experimentallythat
about98%of thenoisecanbeeliminated,thatis in 98%of all pointsof a testsequencethebox hasremained
unchanged.

Experiment: Smoothingof Point Motion

Approach: Theuserperformsa prescribedpointingmotion. It consistsof four phasesof pointingat a �x ed
goalatdifferentlocations.Thelastlocationis justaslightmodi�cation of theprecedingonein orderto
show thatthe�lter is not too inaccurate.

Data: The sequenceof coordinatesof the calculated�nger tip points,of the x-, y- andz-extensionsof the
correspondingboundingboxes,andthe resultingsmoothedsequenceof �nger tip pointsfor an image
sequenceof 64 frames.

Observation: Theapproachadaptswell to thegivenconditions.Thesizeof theboundingboxcorrelateswith
theamountof noise. Figure5.25shows thex-coordinateof the �nger tip (blue), thecenterof thebox
(red),thex-extensionof thebox indicatedby line segments,andthesequencedifferenceof theresulting
�ltered �nger tip points. Up to frame22, the noiselevel is low. Thusthe resultingboundingbox is
small. Noise increasesbetweenframes22 and28, turning the extensionof the box. With frame35,
noisebecomesless,andthesizeof thecorrespondingbox is reducedcontinuously.

The box canalsobe usedto remove outliersfrom the given sequence.An outlier is a point whoseposition
deviatessigni�cantly from thepositionsof its predecessorandsuccessorwhich shouldbeapproximatelythe
samein astaticphase.Wede�ne anoutlierasa pointp j for which

(gj;k > h(� )2
j � 1;k ^ gj � 1;k < � h(� )2

j � 1;k ) _ (gi;k < � h(� )2
j � 1;k ^ gi � 1;k > h(� )2

j � 1;k );

for oneof thecoordinatesk, k 2 f x; y; zg. For example,let be

px;0 = 10; px;1 = 10; px;2 = 30; px;3 = 10; px;4 = 10:

This implies

gx;0 = 0; gx;1 = 0; gx;2 = 20; gx;3 = � 20; gx;4 = 0:

Theoutlier px;2 = 30 canbeclearlynoticedby consecutive positive andnegative outliersin thesequenceof
differenceswhichcanberecognizedby thecriterionformulatedabove. In contrast,

px;0 = 10; px;1 = 10; px;2 = 30; px;3 = 30; px;4 = 30

gx;0 = 0; gx;1 = 0; gx;2 = 20; gx;3 = 0; gx;4 = 0

is recgognizedaslegalby thecriterion.
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Figure5.25: Smoothingof the motion of a �nger tip. The userperformsa prescribedpointing motion. It
consistsin four phasesof pointingat a �x edgoalat differentlocations.Thelastlocationdeviatesjust slightly
from theprecedingonein orderto show thatthe�lter is not too inaccurate.Thecurvesshow thex-coordinates
of the given point sequence,of the sequenceof centerpointsof the calculatedbox, the x-extensionof the
boxes,andthedifferencesof thex-coordinatesof consecutive pointsof theresulting�ltered point sequence.

5.6.2 Inter polation of Point Motion

In orderto generatea continuoussequenceof points,additionalpointsareinsertedbetweenthepointscalcu-
latedfrom theinput image.We uselinear interpolationfor thatpurpose.Thecurrentpoint p i is connectedto
the precedingpoint p i � 1 by a line segment. The line segmentis divided by k pointsin equaldistance,and
thesepoints,followedby p i , arereportedby theresponsiblefeatureextractionunit for furtherprocessing.The
appearanceof continuityincreaseswith k.

5.7 Experimental Evaluation

In the following we presentthe resultsof an experimentalinvestigationof an implementationof projection-
basedpointing.Wehave implementedtheapproachin VisualC++onaDualPentiumPC1100MHz equipped
with two MatroxMeteor2 framegrabbers.Like in section4.5,performanceevaluationconcernsthecomputa-
tionalperformanceandtheusability.

Concerningcomputationalperformance,thesystemhasdeliveredabout10 locationsandpointingdirections
persecondon thishardware.

Thefollowing subsectionsaredevotedto theevaluationof performanceaspectsof usability, to theanalysisof
theeffectof pointmotion�ltering, andto theevaluationof coherence-basederrorcorrection.
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5.7.1 Evaluation of Usability and the Effect of Point Motion Filtering

The evaluationof the usability of the systemagainfocusseson the taskof localization. The following two
experimentsareanalogousto theexperimentsof arm-basedpointingin section4.5.

Experiment: Usability of projection-basedpointing and in�uence of control parameters

Approach: Theexperimenttakesplacein theinteractionenvironmentshown in �gure 5.1.A cursorlinkedto
theuser's handasdescribedin theprecedingsectionsis displayedon thebackprojectionwall. A button
of size170mm� 50mm (width � height)is shown in thecenterof thescreen.Theuserhasto move
the cursor, initially placedat an arbitrarylocationon the screen,onto the button. This taskhasto be
repeatedseveraltimes.

Parameters: As weknow, thesystemhasseveralcontrolparameterswhosevaluescouldin�uence theusabil-
ity. In thisexperiment,weanalyzethein�uence of

� theboxsizefactors whichcontrolsthesizeof therectangleusedfor smoothingof pointmotionin
thealgorithmof section5.6.1,

� the numberk of cursorpositionsinterpolatedbetweentwo positionsoriginally deliveredby the
system,in orderto smooththecursortrajectoryvisually, cf. section5.6.2.

Further, an additionalscalingfactorm is introduced.It controlsthe sensitivity of cursormotion with
respectto handmotion,similar like thesensitivity of themouseof aclassicaldesktopsystemcanbeset.
m scalesthemappingfunctionsf of section5.2or g of section5.3,respectively.

Thequantitiesaremodifedduringtheexperiment.

Measured quantities: The experimenthasbeenperformedin two sessions.The two sessionshave taken
placeat differenttimes. This meansthat theenvironmenthasnot beenidenticalwith e.g. lighting. At
the beginning of the sessions,the systemhasbeencalibrated. In the �rst session,the experimenthas
beenperformedby two differentuser, calleduser1 anduser2 in the following. In thesecondsession,
threeusershavebeeninvolved,calleduser3, 4, and5. User1 anduser3 havebeenthesameperson.He
hasbeenexperiencedwith thesystem.Users2, 4, and5 have beennovices,without knowledgeof the
system.User2 hasbeenfemale,theothersmale.

Every userhadto performthe taskof cursorlocations20 timesin sequencewith the samesetof pa-
rametervalues.This actionis repeatedfor several parametersettings.In every round,the datavalues
measuredfor the �rst 10 timeshave beenanalyzedseparatelyfrom thoseof the next 10 times. The
reasonis to analyzeapossiblelearningeffectduringtheexperiment.

Timing hasbeenperformedusinga stop-watch. Theuserentersan interactionphaseby saying”start”
andleavesit by saying”stop” whenthecursoris on thebutton.

Observations: Table5.4 compilesthe best,worst andaveragetimesof the trial sequencesfor differentpa-
rametersettings.

The in�uence of the parameterscanbe qualitatively describedasfollows. If the scalingfactor is too
high, theusercaninteractover thewholeareaof theprojectionwall, but thecursorjumpstoo muchon
thewall. If thescalingfactoris too small,theusercannotinteractwith thewholeareaof projection.If
thebox for noisereductionis too large,thecursorfollows amotionof thearmtoo late. If thebox is too
small thecursorjumpstoo muchin orderthata goalcanbeselected.If too many cursorpositionsare
insertedby interpolation,thecursorlagsconsiderably. If thenumberof insertedpositionsis small, the
cursormotionappearsunharmoniously.



104 CHAPTER5. PROJECTION-BASEDPOINTING

A parametersettingof m = 2:5 for scaling,s = 0:5 for box size,andk = 1 for thenumberof inserted
interpolatedpointsis anoptimalchoicein theusedtestenvironment.It couldbenoticedthatthesystem
becomestoosluggishif thenumberof interpolatedpointsincreases.Subjectiveobservationshaveshown
thatin thiscasetheusermovesthehandtoofar, sothatthecursorsuddenlymovesfarbeyondthebutton
to beselected.If theboxis largerthan2:0, theuserhasto performlargearmmotionsin orderto movethe
cursor. A scalinglessthan1:5 makesthispartof interactioneasier(seecase1:5 in table5.4). However,
in this casejust objectscloseto thecenterof theprojectionwall canbeeasilyselectedwhile objectsat
theborderof thedisplayareacanbeselectedhardlyor evennot.

The resultsaresimilar to thoseof arm-basedpointing in section4. This meansthat theexperienceof
theuserhaspracticallyno in�uence on theperformanceof theuser. Thestrongdifferencebetweenthe
best-casetime, theworst-casetime,andtheaveragetime in seconds(see�gue 5.4)shows that theuser
musthavesomeluck to reachthegoal.Reasonsagainareimagesegmentationerrors,theinitial location
of thecursor, andhow theuserstartswith theinteraction.

The time requiredfor selectionof a button certainlydependson the sizeof the button. In the following we
investigatethe dependency in a quantitative way. Table5.5 shows the best,worst and averagetimesover
sequencesof tentrialsdependenton thehorizontalandverticalextensionof abutton.

Experiment: In�uence of the button sizeon selectiontime

Approach: Theuserperformsactionsof selectionof a button like in theprecedingexperiment,for different
horizontalandverticalextensions.

Parameter:

Thehorizontalandverticalextensionsof thebuttonin mm.

Measured quantities: The testpersonshave beenthe samelike in the precedingexperiment. For eachex-
tensionof thebutton,everyuserexecutestenactionsof selection.For every action,therequiredtime is
measuredasbefore.For everyseries,thebest,worse,andaveragetimesaredetermined.

Observations: In table5.5it canbeobservedthattheexperienceduser1 shows abetterperformancethanthe
unexperienceduser2. With a few exceptions,it canberecognizedthat thetimesareworsefor smaller
buttons.Theverticalextensionhasmorein�uence thanthehorizontalextension.Thiscanberecognized
from theparticularhightimesrequiredby user1 (9:38sec)aswell asuser2 (12:45sec)for anextension
of 230mm� 60mm. For bothusers,80mm seemsto beanacceptableverticalextension.Morenarrow
buttonsleadto worseresults.

5.7.2 Evaluation of Coherence-basedErr or Corr ection

Wewill now analyzeexperimentallytheperformanceof coherence-basederrorcorrection.

In thefollowing experiment,theeffectof thedistancethresholdl 0 which in�uencesthetoleranceof correction
of segmentationis investigated.The goal of the experimentis to �nd an optimal parametersettingand to
compareit with thesettinggeneratedby automaticparametercontrol.

Experiment: Analysis of segmentationerror correction

Approach: Theexperimentanalyzestheeffectof theapproachof errorcorrection.For thatpurpose,different
parametersettingsare investigated.The error correctionprocessis provided with eight sequencesof
contoursextractedfrom usualinteractionsequences.Eachof the eight sequencesis characterizedby
an error type and the numberof occurringerroneoussegmentationsof this type, which is found out
manually. Thefollowing errortypesaredistinguished:
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type 1: outlier, thesegmentfoundis too large

type 2: clipped,thesegmentfoundis toosmall

type 3: gap,two segmentsinsteadof one

type 4: merged,onesegmentinsteadof two.

Figure 5.6 shows the error type occurringin every sequence,the numberof its occurrence,and the
maximumerrorvaluein pixel units.Theerrorcorrectionprocessis appliedto thesequenceof contours
andthenumberof erroneoussegmentationswhichcanbecorrectedby theerrorcorrectionprocess,and
therecognizederrortypearereported.

Parameters: Thedistancethresholdl0. It controlsthesensitivity of errorcorrectionby coherenceanalysis.
Sensitivity is proportionalto theamountof l0. l0 hasbeenselectedsinceit is crucialfor theperformance
of errorcorrection.

Measured quantities:

� thenumberof correctederroneoussegmentations.

� themaximumdistanceerroroccurringin theoutputsequenceaftercorrection,

� theminimumdistanceerrorof theinput sequencewhichcouldbecorrected.

Thedistanceerror is measuredlike in step1 of thealgorithmof section5.4.3,but with theoriginal and
thecorrectedcontoursasparameters.

Observations: Table5.7 shows the resultsof measurements.The successof error correctionis presented
by the number(# corr) andpercentage(% corr) of correctederrors. Further, the maximumdistance
error(err-max,in pixel units)aftercorrection,andtheminimumdistanceerrorwhichcouldbecorrected
(err-min, in pixel units)aredisplayed.1 indicatesthatno correctionasbeenpossible.

Most of theerrorsarereducedfor l0 = 3. A smallervalueof l0 = 2 canreducethenumberof existing
errors,but it couldhappenthatcorrectresultsarenow recognizedaserroneousandarefalselycorrected.

Thefollowing experimentanalyzestheeffect of coherence-basederrorcorrectionwith parametercontrol.

Experiment: Analysis of adaptive parameter control

Approach: The experimentanalyzesthe effect of parametercontrol on the result of segmentation(sec-
tion 5.5.4).Theimagesequencesof theprecedingexperimentareusedagain,andthesameerrortypes
aredistinguished,in order to compareadaptive parametercontrol with the resultsof �x ed parameter
settings.

Measured quantities: Themeasuredquantitiesarethesameasin theprecedingexperiment:

� thenumberof correctederroneoussegmentations.

� themaximumdistanceerroroccurringin theoutputsequenceaftercorrection,

� theminimumdistanceerrorof theinput sequencewhichcouldbecorrected.

Observations: Figue5.8shows theresultsof theexperiment.l 0 = 3 hasbeenusedasinitial valueof adaptive
parametercontrol, asthe bestchoiceof the precedingexperiment. Adaptive parametercontrol yields
betterresultsthana �x edsetting.

Experiment: Analysis of cursor stability
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Approach: The experimentusesthe scenarioof interactionof �gure 5.1. The userhasperformeda hand
motionconsistingof phasesof rapidmotion,slow motion,andlocationpointing, i.e. no motion. Two
sessionsof interactionhave beenrecorded,one lasting15 seconds(150 frames)and the otherabout
1.5minutes(1076frames).

Case1.

Measured quantities: Numberof frameson which thesystemyieldsthedesiredcursorpositionin the
phaseof locationpointing, i.e. still arm, if the raw segmentedregion dataare fed in without further
�ltering. Thedesiredcursorpositionis achieved if thecursoris within a given6 cm � 6 cm squareon
thescreen.

Observation: It hasturnedout that thesystemyields thedesiredcursorpositionin about92% of the
framesfor the raw segmentedregion data. In 8% of the framesthe cursorhasnot beenat the desired
position.

Case2.

Measured quantities: Numberof frameson which the systemyields the desiredcursorposition, if
coherence-basedcorrectionandparametercontrolareactivated,but pointmotionsmoothingis not.

Observation: 97.3%of thecursorpositionshavebeendeterminedcorrectlyby coherence-basedcorrec-
tion.

The precedingexperimentinvestigatestheeffect of coherence-basederrorcorrectionwith parametercontrol
on the�nal point positionon thescreen.Thefollowing experimentis concernedwith theinterior behavior of
theprocess.

Experiment: Analysis of coherence-basederror correction with parameter control

Approach: The experimentusesthe scenarioof interactionof �gure 5.1. The userhasperformeda hand
motion consistingof phasesof rapid, slow, and no motion. Five sessionsof interactionhave been
recorded,eachyieldinganimagesequenceof 150to 200frames.

Case1. Measured quantities: Thepercentageof errorscorrectedby coherence-based�ltering, dependent
on the lengthof theinterval (i.e. thenumber)of consecutive erroneousframesprecedingthecorrected
frame. Figure5.26displaysthe acquireddata. Two casesof interactionarerepresentedin the �gure,
onewith relatively fasthandmotion,andonewith relatively slow motion.Furthermore,theanalysishas
beenperformedwithoutandwith parametercontrol.Bothcurvesareshown in the�gure.

Observation: The possibility of correctingwrong resultsof segmentationdependson the numberof
subsequenterroneousframes. As it could be expected,the possibility of correctiondecreaseswith
increasingintervals. For slow motion, thesuccessof correctionwashigher. An explanationis that the
regionsseenregions,which areusedfor correction,aremoresimilar to the currentone in the slow-
moving casethanin thefast-moving case,becauseof lessdeformations.

Case2:

Measured quantities: Thedevelopmentof thepercentageof errorscorrectedby coherence-basedcon-
tour correctionwith parametercontrol over time. For every frame, the percentageof occurrenceof
cases1, 6 or 7, accordingto thede�nition of �gure 5.24is plottedfor the�rst 42 frames(�gure 5.27),
whicharejust thosecaseswith consistentcontours.

Observation: At thebeginningof theinteraction,with unfavorablepresetparameters,thesystemdetects
many non-matchingcontours. From frame 35 on, the systembehaves better. 80% of the casesare
now recognizedasfavorablecases.A detectionrateof 100%is not possiblebecauseof thedescribed
approachof decreasingparametervaluesin thefavorablecase1.
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Figure5.26: Thepercentageof errorsthatcouldbecorrectedby coherence-based�ltering, dependenton the
lengthof the erroneousinterval of frames. The left �gure representsdatafor a fast-moving hand,the right
�gure for aslow-moving hand.Theuppercurvesincludeparametercontrol.

Figure5.27: Theeffect of theparametercontrol loop. Thecurve shows thedevelopmentof thepercentageof
favorablecasesover time,over � ve imagesequences.
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testpoint Ci Cj Euclideancal. projectivecal.
x y x y Cami Camj min Cami Camj min

1-blo 172 99 122 90 0.26 0.19 0.19 1.39 0.97 0.97
1-tr 174 139 150 91 0.39 0.27 0.27 2.37 1.59 1.59
1-br 138 137 151 114 1.80 1.51 1.51 1.80 1.51 1.51
1-lu 138 101 120 111 1.01 0.89 0.89 1.16 1.00 1.00
2-blo 169 55 88 89 1.16 0.86 0.86 2.09 0.79 0.79
2-tr 173 92 117 89 0.22 0.15 0.15 1.06 0.74 0.74
2-br 139 96 115 112 1.43 1.27 1.27 0.63 0.55 0.55
2-lu 137 62 84 111 1.14 1.04 1.04 0.27 0.24 0.24
3-blo 158 18 57 89 0.85 0.66 0.66 0.77 0.60 0.60
3-tr 173 49 85 88 0.05 0.04 0.04 0.14 0.10 0.10
3-br 143 66 89 109 1.04 0.92 0.92 0.30 0.26 0.26
3-lu 130 36 58 110 1.23 1.15 1.15 0.11 0.10 0.10
4-tl 113 65 89 96 0.46 0.43 0.43 0.58 0.52 0.52
4-tr 116 104 124 96 1.63 1.45 1.45 0.07 0.06 0.06
4-lu 85 72 85 124 0.68 0.79 0.68 1.53 1.74 1.53
5-tl 118 93 115 96 0.68 0.61 0.61 0.76 0.65 0.65
5-tr 121 133 150 95 0.44 0.37 0.37 2.27 1.85 1.85
6-tl 21 72 76 117 0.74 1.11 0.74 1.73 2.60 1.73
6-tr 39 103 123 111 0.86 1.12 0.86 1.44 1.84 1.44
7-tl 25 32 16 113 0.74 1.08 0.74 1.93 1.98 1.93
7-tr 32 64 69 112 0.29 0.41 0.29 1.30 1.50 1.30
8-br 22 115 145 10 1.06 0.79 0.79 0.13 0.09 0.09
8-lu 27 63 99 21 1.57 1.31 1.31 1.75 1.30 1.30
10-br 103 125 146 21 0.57 0.32 0.32 1.26 0.69 0.69
10-lu 86 72 111 30 0.18 0.12 0.12 1.98 1.32 1.32
11-tl 129 35 81 54 0.02 0.02 0.02 1.57 1.08 1.08
11-tr 127 81 114 54 0.19 0.13 0.13 0.89 0.59 0.59
12-tl 121 36 82 50 0.20 0.14 0.14 1.84 1.27 1.27
12-tr 123 84 117 52 1.13 0.77 0.77 0.05 0.03 0.03
13-tr 16 94 121 48 0.86 0.89 0.86 0.33 0.34 0.33
13-br 14 112 137 96 1.16 1.57 1.16 0.94 1.25 0.94
14-tl 162 36 87 54 1.06 0.66 0.66 1.20 0.74 0.74
14-tr 167 84 118 53 1.03 0.62 0.62 0.62 0.36 0.36
15-tl 131 52 85 80 0.01 0.01 0.01 0.00 0.00 0.00

Table5.1: Projectiveerroranalysisof Euclideanandprojective calibration.i -tl,i -tr,i -br,i -bl denotethetop left,
top right, bottomright, bottomleft cornerof the i -th usedlocationof the testplate. The coordinatesof the
imagesof thetestpointsin the imagesof cameraCi andcameraCj , aswell astheprojective errorslisted in
theright columnsof thetable,aregivenin pixel unitsof the196� 144cameraimages.

testpoint Cami Camj Euclideancal. projectivecal.
x y x y Cam0 Cam1 min Cam0 Cam1 min

15-bl 131 52 85 80 0.01 0.01 0.01 0.00 0.00 0.00
15-bl 132 52 85 80 0.16 0.13 0.13 0.17 0.14 0.00
15-bl 131 51 85 80 0.99 0.78 0.78 0.97 0.78 0.00
15-bl 131 52 86 80 1.19 0.94 0.94 1.17 0.93 0.00
15-bl 131 52 85 81 0.45 0.35 0.35 0.37 0.30 0.00
15-bl 132 53 85 80 1.15 0.90 0.90 1.23 0.90 0.00
15-bl 131 52 85 80 1.64 1.29 1.56 1.25 0.90 0.00
15-bl 131 53 85 81 2.79 2.20 2.20 2,69 2.17 0.00

Table5.2: Effectof thevariationof a testpointontheprojective errorfor Euclideanandprojective calibration.
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testpoint Ci Cj err. Euclideancal. err. projectivecal.
x y x y cm cm

1-tl 172 99 122 90 0.72 1.30
1-tr 174 139 150 91 1.14 0.69
1-br 138 137 151 114 0.97 0.97
1-lu 138 101 120 111 0.67 1.41
2-tl 169 55 88 89 0.61 3.63
2-tr 173 92 117 89 0.55 1.56
2-br 139 96 115 112 0.37 1.93
2-lu 137 62 84 111 0.17 2.77
3-tl 158 18 57 89 0.45 4.35
3-tr 173 49 85 88 0.08 3.20
3-br 143 66 89 109 0.18 2.76
3-lu 130 36 58 110 0.07 3.43
4-tl 113 65 89 96 0.32 0.83
4-tr 116 104 124 96 0.03 0.74
4-br 86 107 125 123 0.78 0.18
4-lu 85 72 85 124 0.95 0.03
5-tl 118 93 115 96 0.41 0.44
5-tr 121 133 150 95 1.11 0.45
6-tl 21 72 76 117 1.00 2.70
6-tr 39 103 123 111 0.78 2.10
7-tl 25 32 16 113 1.47 2.01
7-tr 32 64 69 112 1.19 2.48
8-br 22 115 145 10 0.04 3.45
8-lu 27 63 99 21 1.00 2.22
10-tl 125 35 100 10 1.01 1.09
10-tr 149 95 132 4 1.03 1.52
11-tl 129 35 81 54 0.71 1.03
11-tr 127 81 114 54 0.38 0.18
12-tl 121 36 82 50 0.81 0.76
12-tr 123 84 117 52 0.02 0.86
13-tr 16 94 121 48 0.14 2.92
13-br 14 112 137 96 0.47 2.63
14-tl 162 36 87 54 0.53 1.41
14-tr 167 84 118 53 0.25 0.33
15-lu 131 53 85 81 0.00 1.26

Table5.3: Euclideanerroranalysisof Euclideanandprojectivecalibration.i -tl,i -tr,i -br,i -bl denotethetop left,
top right, bottomright, andbottomleft cornerof thei -th usedlocationof thetestplate.Thecoordinatesof the
imagesof thetestpointsin theimagesof cameraCi andcameraCj , aregivenin pixel unitsof the196� 144
cameraimages.Theunit of Euclideanerrorvalueslistedin theright columnsof thetableis cm.
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User1 User2
motionscale box size #interp. best worst average best worst average

2,50 1,00 1 4,36 19,39 10,53 9,02 24,43 16,38
5,74 16,83 9,99 9,65 22,65 16,23

2,50 1,00 5 7,19 17,47 12,73 3,65 13,50 9,05
4,36 24,71 12,70 3,54 13,54 8,80

2,50 1,00 10 5,45 23,39 13,46 8,24 12,42 10,37
10,76 17,34 14,60 5,54 14,05 9,44

2,50 2,00 1 3,87 21,65 12,62 8,06 17,15 12,57
3,65 21,25 13,20 6,54 14,54 11,06

2,50 0,50 1 3,23 11,41 6,73 2,54 5,19 3,49
4,24 7,34 5,81 6,58 8,54 7,59

2,50 0,25 1 5,74 16,83 11,39 8,18 12,36 9,60
3,87 12,76 9,30 7,52 14,54 10,47

2,50 0,25 5 5,74 16,83 11,39 9,52 13,51 11,63
5,98 12,76 9,73 8,18 12,36 9,95

3,50 0,50 1 9,30 23,87 16,29 6,54 15,22 10,33
9,54 19,90 13,43 7,58 12,87 10,04

1,50 0,50 1 2,80 11,54 7,90 1,03 33,08 14,69
3,60 11,65 7,41 11,54 16,25 14,48

User3 User4 User5
scaling box #interp. best worst average best worst average best worst average

2.50 1.00 1 6.13 19.62 11.50 11.65 20.02 16.22 10.07 22.28 17.08
9.24 16.73 12.97 11.10 26.92 16.37 13.89 25.24 17.53

2.50 1.00 5 5.22 17.17 12.81 12.02 19.68 15.95 12.64 20.99 17.01
4.84 27.77 13.64 10.99 32.99 18.73 10.56 33.28 19.84

2.50 1.00 10 9.50 14.97 10.71 12.15 25.49 17.30 12.30 25.67 17.46
8.56 21.85 15.90 12.71 20.31 17.33 11.31 20.30 17.23

2.50 2.00 1 6.54 17.55 12.34 8.25 27.91 18.81 4.67 24.85 14.56
9.19 20.31 14.72 11.04 30.24 20.00 10.83 32.86 20.78

2.50 0.50 1 5.02 12.88 8.18 6.50 16.81 11.61 9.28 17.29 12.17
6.64 12.65 9.02 5.01 13.64 9.92 6.61 16.64 12.41

2.50 0.25 1 5.52 15.74 9.82 13.72 26.20 18.80 15.51 28.33 20.82
7.50 14.05 12.03 9.51 21.85 13.80 4.67 22.94 14.06

2.50 0.25 5 9.70 14.56 12.17 13.21 23.62 17.80 12.90 25.59 18.96
9.26 16.93 13.15 12.39 18.90 16.06 13.01 21.23 16.75

3.50 0.50 1 7.95 28.83 18.00 12.65 25.92 19.91 15.36 27.51 21.25
8.18 20.14 12.20 17.27 27.06 20.35 17.07 29.07 20.84

1.50 0.50 1 9.67 17.98 13.58 12.68 15.99 14.42 11.97 17.49 14.90
7.56 16.88 12.08 12.07 16.02 14.34 10.49 17.33 14.21

Table5.4: Usability of projection-basedpointing andin�uence of control parameters.Testshave beenper-
formedfor differentsettingsof thescalefactor, thenoisereducingbox,andthenumberof interpolatedcursor
positions.Every row correspondsto a particularparametersetting.For every setting20 trials have beenexe-
cuted.Thebest,worst,andaveragetimesin secondshavebeendeterminedfor the�rst 10trialsandthesecond
10 trialsof everysequence,whicharedisplayedin two lineson every row.
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user x y max min average
mm mm sec sec sec

1 300 130 6.52 2.54 4.28
1 250 100 7.52 3.1 5.05
1 230 60 10.52 8.51 9.38
1 200 80 7.52 4.56 5.59
1 165 45 10.26 4.56 8.64
1 145 40 19.52 9.54 12.07
1 125 30 22.26 10.55 13.60
2 300 130 6.85 3.72 5.53
2 250 100 8.34 3.83 5.04
2 230 60 24.56 6.48 12.45
2 200 80 12.22 4.99 7.73
2 165 45 13.32 3.07 7.45
2 145 40 19.52 9.54 11.96
2 125 30 16.88 4.96 9.64
3 300 130 10.28 5.87 7.96
3 250 100 9.11 3.89 6.06
3 230 60 14.36 11.59 13.40
3 200 80 9.01 4.67 6.29
3 165 45 11.76 6.83 9.31
3 145 40 19.41 8.90 12.55
3 125 30 20.17 6.53 10.58
4 300 130 11.35 6.32 8.99
4 250 100 11.05 2.84 6.78
4 230 60 22.52 4.16 15.53
4 200 80 14.69 6.98 9.73
4 165 45 9.98 5.16 8.14
4 145 40 21.34 6.42 12.27
4 125 30 21.41 9.10 14.39
5 300 130 11.40 6.11 9.09
5 250 100 10.81 2.93 6.82
5 230 60 25.86 8.49 15.64
5 200 80 17.11 2.98 10.26
5 165 45 15.54 3.86 8.78
5 145 40 21.57 8.46 14.13
5 125 30 21.40 9.67 15.69

Table5.5: In�uence of thebuttonsizeon selectiontime. Thetablecompilesthebest,worstandaveragetimes
over sequencesof tentrialsdependenton thehorizontalandverticalextensionof abutton.
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errortype #errors err-max

sequence1 1 6 6.00
sequence2 1 12 6.00
sequence3 1 1 5.00
sequence4 2 4 3.00
sequence5 2 6 6.00
sequence6 3 1 15.00
sequence7 3 3 12.00
sequence8 4 2 8.00

Table5.6: Thetablelists theerror type,thenumberof its occurrence,andthemaximumerrorvaluein pixel
unitsfor eighttestsequenceswhichareusedto analyzethedistancethresholdl 0.

errortype #errors l0 err-max err-min # corr % corr #new errors

sequence1 1 6 2.00 0.00 3.00 6.00 100.00 4.00
sequence2 1 12 2.00 2.00 3.00 8.00 66.67 3.00
sequence3 1 1 2.00 0.00 5.00 1.00 100.00 6.00
sequence4 2 4 2.00 2.00 3.00 1.00 25.00 3.00
sequence5 2 6 2.00 1.00 3.00 5.00 83.33 0.00
sequence6 3 1 2.00 0.00 15.00 1.00 100.00 0.00
sequence7 3 3 2.00 0.00 11.00 3.00 100.00 1.00
sequence8 4 2 2.00 0.00 7.00 2.00 100.00 0.00
sequence1 1 6 3.00 3.00 4.00 3.00 50.00 1.00
sequence2 1 12 3.00 3.00 4.00 6.00 50.00 1.00
sequence3 1 1 3.00 0.00 5.00 1.00 100.00 0.00
sequence4 2 4 3.00 3.00 1 0.00 0.00 3.00
sequence5 2 6 3.00 3.00 4.00 4.00 66.67 0.00
sequence6 3 1 3.00 0.00 15.00 1.00 100.00 0.00
sequence7 3 3 3.00 0.00 11.00 3.00 100.00 1.00
sequence8 4 2 3.00 0.00 7.00 2.00 100.00 0.00
sequence1 1 6 4.00 4.00 6.00 2.00 33.33 0.00
sequence2 1 12 4.00 4.00 5.00 5.00 41.67 1.00
sequence3 1 1 4.00 0.00 5.00 1.00 100.00 0.00
sequence4 2 4 4.00 3.00 1 0.00 0.00 3.00
sequence5 2 6 4.00 4.00 6.00 1.00 16.67 0.00
sequence6 3 1 4.00 0.00 15.00 1.00 100.00 0.00
sequence7 3 3 4.00 0.00 11.00 3.00 100.00 0.00
sequence8 4 2 4.00 0.00 7.00 2.00 100.00 0.00
sequence1 1 6 5.00 4.00 6.00 2.00 33.33 0.00
sequence2 1 12 5.00 5.00 6.00 2.00 16.67 0.00
sequence3 1 1 5.00 0.00 5.00 1.00 100.00 0.00
sequence4 2 4 5.00 3.00 1 0.00 0.00 0.00
sequence5 2 6 5.00 4.00 6.00 1.00 16.67 0.00
sequence6 3 1 5.00 0.00 15.00 1.00 100.00 0.00
sequence7 3 3 5.00 0.00 11.00 3.00 100.00 0.00
sequence8 4 2 5.00 0.00 7.00 2.00 100.00 0.00

Table5.7: Analysisof thedistancethresholdl0. Thetestsequencescontainacertainnumberof errors(#errors).
Theerrorshavebeentreatedfor differentvaluesof theparameterl 0 (columnl0). Thesuccessof errorcorrection
is measuredby the number(# corr) andpercentage(% corr) of correctederrors,and the numberof newly
introducederrors(# new errors).Further, themaximumdistanceerror(err-max,in pixel units)aftercorrection,
andtheminimumdistanceerrorwhich couldbecorrected(err-min, in pixel units)arepresented.1 indicates
thatno correctionasbeenpossible.
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err-type # errors err-max err-min # corr % corr # new errors

sequence1 1 6 3.00 3.00 4.00 66.67 0.00
sequence2 1 12 2.00 3.00 9.00 75.00 1.00
sequence3 1 1 0.00 5.00 1.00 100.00 1.00
sequence4 2 4 2.00 2.00 2.00 50.00 2.00
sequence5 2 6 1.00 3.00 5.00 83.33 0.00
sequence6 3 1 0.00 15.00 1.00 100.00 0.00
sequence7 3 3 0.00 11.00 3.00 100.00 0.00
sequence8 4 2 0.00 7.00 2.00 100.00 0.00

Table5.8: Analysisof effect of automaticcontrol of the parameterl 0. The testsequencescontaina certain
numberof errors(# errors.). The successof error correctionis presentedby the number(# corr) andper-
centage(% corr) of correctederrors,andthenumberof newly introducederrors(# new errors).Further, the
maximumdistanceerror(err-max,in pixel units)aftercorrection,andtheminimumdistanceerrorwhichcould
becorrected(err-min, in pixel units)arepresented.
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Chapter 6

Hand-posture-basedGesturesin a Global
Envir onment

In thischapterweextendtheinteractionby pointingby a furthergesturetype,hand-posture-based gestures.A
hand-postureis givenby a speci�c deformationof thehandandthe�ngers, cf. chapter3.3. A hand-posture-
basedgestureis ahand-posturewith anassignedmeaning.

A typical exampleof includinghand-posture-based gesturesin our scenarioof interactionwith a backprojec-
tion wall is to movethecursorontoamenuitemandthento executeaspeci�c handgesturein orderto activate
an applicationassignedto the menuitem. Inclusionof hand-posture-basedgesturesopensthe possibility to
implementdifferenttypesof multi-gesturetype interaction(chapter3.3), like e.g. theonejust mentioned,in
thisenvironment.

A particulardif�culty of recognizinghand-posture-basedgesturesin a computer-vision-based interactionen-
vironmentis that the handhasto appearsuf�ciently large in the grabbedimagesin orderto distinguishthe
differenthandpostures.In contrastto systemsusinghandposturesin a desktopenvironment,wherethehand
motion is restrictedto a small area,in our scenariothe handcanbe moved aroundsigni�cantly. This fact
makesit impossibleto arrangethe given camerasso that theconstrainton the handsizecanbe ful�lled ev-
erywherein theinteractionspace.In orderto copewith thisproblem,weaugmentthehardwarecon�guration
of our scenariowith an additionalcamera,as indicatedin �gure 6.1. The additionalcamerais a computer-

Figure6.1: Con�gurationof acomputer-vision-based interactive backprojectionwall with anadditionalactive
camerain orderto allow hand-posture-based gestureinteraction.
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controlledactive camerawhosepan,tilt, andzoomcanbecontrolledby thecomputervision system.In our
implementation,we have useda Sony EVI-D31 camera[Moe97] which is connectedto the computerby a
serialinterface.

Fromthealgorithmicandsystemview, thesystemarchitectureof pointingin �gure 6.2is extendedagainst�g-
ure5.2by two majorcomponents,asensorcontrol unit andthestatichandgesture recognitionunit ZYKLOP.
Figure6.2depictstheextendedsystemarchitecture.

Figure6.2: The systemarchitectureof combinedpointing andhand-posture-basedgestureprocessing.The
major additionalcomponentsto the pointing unit arethe sensorcontrol unit for handtrackingby the active
camerausingthehandlocationin theimageof theactivecamera,andtheunit ZYKLOPfor statichand-gesture
recognition.

For hand-posture-based gestureprocessingwe usetheexisting systemZYKLOP [Koh99]. ZYKLOP takes
asinput a streamof cameraimages,in our caseprovided by the active camera,andreturnsfor every frame
a codeof a gesture,if any is recognized,for furtherprocessing.ZYKLOP is teachedin a trainingphaseby
imagesof thedifferenthandposturesservingasgestures.Imagesegmentationby ZYKLOP is basedon the
handcolor so that ZYKLOP canbe usedfor a varyingbackground,asrequiredbecauseof cameramotions
in our interactionenvironment,aslongasthebackgroundcolorsaresuf�ciently differentfrom thehandcolor.
For adetaileddescriptionof ZYKLOP wereferto [Koh99].

Theemphasisof thischapterlieson handtracking.

Problem: Hand Tracking

Input: Imagesequencesprovidedby thetwo observationcamerasCi andCi , andtheactive cameraCm .
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Output: A sequenceof pan-,tilt-, andzoom-control-commandssothattheactivecameraCm showsanimage
of theuser's pointinghandcompletelyandwith suf�cient size.

In the solutionof the handtrackingproblempresentedin the following, we usetwo sourcesof datato �nd
thehandin space.The�rst sourcearetheframesdeliveredby theactive cameraCm . Dependenton whether
andhow thehandis shown in the images,thecameraparametersareadaptedin orderto achieve thedesired
view. The dataon handlocationaredeliveredby the sensordataprocessingunit handsegmentationof the
architectureof �gure 6.2.

The secondsourceis dataaboutthe location of the �nger tip in spacecalculatedfrom the imagesof the
observationcamerasCi andCj by themethodof explicit projection-basedpointingof section5.2,represented
by thesensordataprocessingunit projection-basedpointingof �gure 6.2.Thedatahelptoadapttheparameters
of theactive camerasothatits view is directedtowardsthe�nger tip.

A particularfeatureof thisapproachis thecombinationof two datasourcesfor trackingwhichareusuallyused
separately. Theadvantageis anincreasedreliability dueto fusingof thedatafrom bothsources.For example,
a problemwith active cameratracking is that otherbody partswith skin color could be tracked insteadof
thehand,like e.g. thehead.This is a typical experiencewith thebuilt-in auto-trackingfunctionof theSony
camera.On theotherhand,trackingby theobservingcamerasdoesnotdeliver thenecessarydatato achieve a
suitablezoomof theactive cameraontothehand.

The approachrequiresthe calibrationof the active cameraandits integrationwith the observation cameras.
Section6.1 is concernedwith this issue. The two trackingmodesandtheir usagein cameracontrol arede-
scribedin section6.2.

6.1 Calibration

6.1.1 Zoom Calibration of the Motion Camera

Thegoalof zoomcalibrationis to establisha function


 := f zoom(d)

betweenthedistanced of thehandfrom thecameraandthezoomparameter
 of theactive camerasothatthe
handatdistanced is shown in thedesiredsizein theimageof theactive cameraif thezoomis 
 := f zoom(d).
Therangeof feasiblevaluesof thezoomparameter
 of theSony EVI-D31 camerausedin our implementation
is theinterval of integersbetween0 and1000.

Thefunctionf zoom canbedeterminedby thefollowing procedure.

Procedure: Acquisition of the distance-zoomfunction f zoom

Output: A look-uptablerepresentingf zoom.

Procedure:
A rectangularcalibrationplateof an extensionslightly larger thana typical handis used. The aspect
ratio of theplateis that of thecameraimages.The sizeof theplateis so that if thehandis placedin
thecenterof theplate,it coverstheplanein thesamemannerasthehandshouldcover theimageof the
active camerain anidealview.

A �nite setof equidistantsamplevaluescovering therangeof zoomvaluesis chosen.For every value

 , theplateis placedin front of thecamerasothat it coverstheimageexactly. Thedistanced between
cameraandplateis measuredandregisteredasvalueof f zoom, f zoom(
 ) := d. f zoom is representedby
a look-up-tableof thesedatapointsfor furtherusage.
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Figure6.3showsdatapointsof f zoom resultingfrom anapplicationof thisprocedureto theactivecameraSony
EVI-D31. Sincef zoom is a one-to-onefunction, it canbe inverted. The inversefunction f � 1

zoom canbe used

Figure6.3: Thedistance-zoomfunctionof theactive cameraEVI-D31.

to estimatethedistanceof thehandfrom thecamera.Givena 
 for which thehandcoversthecameraimage
in thedesiredmanner, thecorrespondingd = f � 1

zoom(
 ) is anestimationof thedistanceof thehandfrom the
camera.

6.1.2 Integration of the Motion Camera

We de�ne a motion-independentcoordinateframeof theactive cameraby thecoordinateframeof theactive
cameraat a suitableorientation.Theimagecoordinateframeof theactive camerain anarbitrarylocationhas
its origin in thecenterof thecamera,its x-coordinateaxis in parallelto thehorizontaledgeof theimage,and
its y-coordinatein parallelto theverticaledgeof theimage.

The con�guration of the threecamerasis calibratedeitherwith the methodof Euclideancalibrationof sec-
tion 4.3.1or with the methodof homogeneouscalibrationextendedto Euclideancalibrationasdescribedin
section5.3.5. Theactive camerais �x edat a suitableposition,andthecameraframeof this positionis used
asmotion-independentcameraframe. Euclideancalibrationallows to re-calculatethe coordinatesof spatial
pointsfrom thecameracoordinateframeof oneof the involved camerasinto thecameracoordinateframeof
any otherinvolvedcamera,in particularfrom oneof theobservingcamerasto theactive camera.

Alternatively to the Euclideancameracoordinateframe of the active camerajust describedwe also usea
polar camera frame. Theorigin of thepolar frameis thesameasof theEuclideanframe.A point in spaceis
representedby acoordinatetriple (� x ; � y ; d) where� x and� y areanglesof rotationaboutthey- andthex-axis
of theEuclideancameracoordinateframeof thecamera,andd is thedistanceof thepoint from theorigin. The
transformationbetweenbothcoordinateframesis straightforward. Further, theangularcoordinates(� x ; � y)
of apointof theimagetakenby theactive camerain anarbitraryorientationcanbecalculatedimmediately.
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6.2 The Tracking and Control Algorithm

Basically, the behavior of the active camerais controlledby rulesconsistingof a conditionandan assigned
actionwhich is executedif the condition is satis�ed. The conditionsusea setof Booleanvariableswhose
valuesaresetby testprocedurescheckingthecurrentstateof thesystem.Theactionsconcernupdatingof the
orientationof theactivecameraandof certainglobalcontrolvariables.Updatingof activecameraorientationis
performedby trackingthehandin imagesequencestakenby theobservingcamerasandby theactive camera,
respectively. Both trackingprocessesareperformedstepby step. Every stepyields updatedpan-,tilt-, and
zoom-valueswhich shouldset the active cameraso that the handis ideally locatedwithin its image. The
decisionfrom whichof thetwo trackingprocessesthevaluesaretaken,is metby thecontrolalgorithm.

Thefollowing two subsectionspresentthealgorithmsof atrackingstepof handtrackingby datafrom theactive
cameraandby datafrom theobservingcameras.Thethird subsectionis devotedto thecontrolalgorithm.

6.2.1 Tracking by the Motion Camera

Handtrackingby theactivecameraCm usesthelocationof thehandin theimagesprovidedby Cm . Theregion
coveredby thehandis deliveredby thesensordataprocessingunit handlocation, cf. �gure 6.2,which uses
thehandcolorasmaincriterion[Afo02]. Thehandsegmentationmoduleyieldsanaxes-parallelboundingbox
of thehandregion. Dependenton thelocationof theboundingbox relative to theimage,theparametersof the
active cameraareupdatedin orderto keepthehandboundingboxwell within theimage.

Algorithm: Tracking by the Motion Camera

Input: Thecurrentpanvalue� x , tilt value� y , andzoomvalue
 of Cm .

Output: Updatedpan-,tilt-, andzoom-values� +
x , � +

y , and
 + , respectively, which shouldkeepthehandin
thedesiredway in theimage.

Parameters:

� An upperanda lower thresholdrectanglehmax andhmin , respectively, betweenwhich theactual
handboundingboxh shouldbelocated.

� A tolerancevaluea which speci�esthedistancebetweentheboundaryof a handboundingbox h
andtheboundaryof anextendedhandboundingbox,cf. �gure 6.4.

� Theedgelengthscx andcy of therectangularzoomcalibrationplane,

� Thex- andy-resolutionbx andby , respectively, of theimageof Cm in numberof pixels.

Steps:

1. Determinetheboundingrectangleh of thehandby calling thehandsegmentationalgorithmof the
system.
If noboundingbox is deliveredthenexit.

2. Calculatethepixel coordinatesof a referencepointm = (mx ; my) of thehandin theimageof the
active cameraCm ascenterof thehandboundingboxh.

3. Calculatetherelative pan-andtilt-valuesof m by

� � x = tan � 1(
mx � cx

f � 1
zoom(
 ) � bx

);

� � y = tan � 1(
my � cy

f � 1
zoom(
 ) � by

):
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4. Calculatethenew pan-andtilt-values� +
x and� +

y astheabsolutepan-andtilt-valuesof m by

� +
x = � x + � � x ; � +

y = � y + � � y :

5. Move thecamerato thenew locationgivenby � +
x and� +

y , andreportthenew values.

6. Determinethehandboundingboxh+ in thenext frameby callingthehandsegmentationprocedure
providedby thesystem.

If noboundingbox is providedthenexit

elseif h+ is insidehmax andhmin is insideh+ then

report
 + := 
 andexit.

7. Calculateanew zoomvalueby


 + = f zoom(
f � 1

zoom(
 t ) � by

�(h+
y + a)

);

whereh+
y is theheightof thehandboundingbox h+ .

Setthezoomvalueof thecameraon 
 + andreturnwith 
 + .

Figure6.4: Theboundingboxof ahandindicatedby theellipse,andthecorrespondextendedboundingbox.

The formula for the relative pan-andtilt-valuesof m in step3 canbe derived asfollows. We assumethat
thehandis ideally locatedin theimage.Underthis assumptionits distancecanbeestimatedfrom thecurrent
zoomvalue
 by

dcm = f � 1
zoom(
 ):

Theunit of dcm is ”centimeter”.Usingtherelation

bx

cx
=

dpixel

dcm
;

cf. �gure 6.5,thedistanceis convertedinto pixel units,

dpixel =
dcm � bx

cx
:

As depictedin �gure 6.5,therelative tilt-valueof m ful�ls therelation

tan(� � x ) =
mx

dpixel
:
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Figure6.5: Caluclationof therelative tilt-valueof thehandreferencepointm.

By substitutingdpixel in this formulaandinvertingthetangent,wegettheformulausedin step3. Theformula
of � � y canbederivedanalogously.

In step6, thethresholdboundingboxeshmax andhmin areusedto smooththemotionof thecamera.This is
importantin phasesin which theuserkeepsthehandin a �x edpositionin orderto executea gesture.In this
case,it is desirablefor ZYKLOP to keeptheactive camerain a �x edposition.

Theformulafor thenew zoomvaluein step7 is derivedasfollows. For thecalculation,theheightof thehand
boundingboxis used.Thereasonis thatdueto thearrangementof theactivecamera,thehandis approximately
horizontalin theimage.Sincesegmentationmighthave troubleswith separatingthehandfrom thelowerarm,
thex-extensionof thehandboundingbox is lessreliablethanthey-extensionusedin thealgorithm.

Let
dcm = f � 1

zoom(
 )

where
 is thecurredzoomvalue.

Accordingto �gure 6.6,thecorrespondingvaluein pixel unitsis obtainedfrom therelation

by=2
cy=2

=
by

cy
=

dpixel

dcm

as

dpixel =
dcmby

cy
:

Thedesiredopeninganglesatis�estherelation

tan(� o=2) = ((h+
y + a)=2)=dpixel =

(h+
y + a) � cy

2 � f � 1
zoom(
 ) � by

:

Accordingto �gure 6.6,thenew distanceful�ls therelation

tan(� o=2) =
cy=2
d+

cm
;

which leads,togetherwith (6.2.1),to

d+
cm =

cy=2
tan(� o=2)

=
cy � f � 1

zoom(
 ) � by

(h+
y + a) � cy

:

Fromthis formula,thenew zoomvalueis obtainedby


 + = f zoom(d+
cm) = f zoom(

f � 1
zoom(
 ) � by

(h+
y + a)

):
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Figure6.6: Calculationof thenew zoomvaluefor trackingby theactivecamera.Thezoomvaluechanges,but
theedgelengthandtheresolutionremainunchanged.

6.2.2 Tracking by the Observing Cameras

Trackingby theobservingcamerasusesthereconstructedpositionof the �nger tip deliveredby thepointing
systemby themethodof explicit projection-basedpointingof section5.2.Dependentontheprecedingandthe
currentposition,anext locationof the�nger tip is estimated,andthepan-,tilt-, andzoom-valuesof theactive
cameraarechangedsothatit should�nd thehandwhenit reachesthenew view.

Algorithm: Tracking by the Observing Cameras

Input:

� The current and the precedingreconstructed�nger tip location in space,p, p � , in motion-
independentactive cameracoordinates,and the capturingtimes t and t � of the corresponding
images.

� Thecurrentandtheprecedingpan-andtilt-valuesof theactive cameraCm , � x , � y and� �
x , � �

y ,
respectively.

Output: Thenew pan-andtilt-values� +
x , � +

y of Cm .

Parameters:

� An estimatedtime interval � t step betweentwo framegrabbings,and,implicitly, themotionby the
camera.

Steps:

1. Calculatetheestimatedspeedof thehandby

v = (p � p � )=� t

where� t = t � t � .

2. Calculatetheestimatednew positionof thecameraby

p+ = p + � tstepv:
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3. Transformp+ into thepolarcoordinateframeof Cm by

0

B
@

� +
x

� +
y

d+

1

C
A =

0

B
@

tan� 1(p+
x =p+

z )
tan� 1(p+

y =p+
z )q

p+
x

2
+ p+

y
2

+ p+
z

2

1

C
A

.

4. Calculateanew zoomvalueby 
 + = f zoom(d+ ).

5. Settheparametersof theactive camerato � +
x , � +

y , and
 + andreturnwith thesevalues.

Theestimatedtime interval � t step betweentwo framegrabbingsis thesumof the time requiredfor thecal-
culationof thenew parametervaluesof thecameraandthe time requiredby thecamerato executea motion
command.For thecamerasusedin theimplementation,thelatterdominatesby far.

6.2.3 Control of the Motion Camera

As alreadyoutlined,thebehavior of theactive camerais controlledby rulesconsistingof a conditionandan
assignedactionwhich is executedif theconditionis satis�ed.

The conditionsusea setof Booleanvariableswhosevaluesaresetby testprocedurescheckingthe current
stateof thesystem.Thetestsfor exampleanalyzethelocationof thehandin theimagesof theactive camera,
thecurrentlocationof thehandin comparisonto theprecedingone,andthevaluesof globalcontrolvariables
whichshouldbeusedto decidewhich trackingdataareusedto updatetheorientationof theactive camera.

The actionsconcernupdatingof the orientationof the active cameraandof certainglobal control variables.
Onepossibilityof updatingof theactive cameraorientationis to usethepan-,tilt-, andzoom-valuesdelivered
by the two handtrackingprocesses.If the handhasbeenlost in the imageof the active camera,a search
processis startedwhich tries to capturethe handagain. A furtherpossibleactionis to do nothingwhich in
particularhappensif thehandis recognizedto beheldata �x edposition.

Theheartof thecontrolalgorithmis thetableshown in �gure 6.7. Theparametersusedandtheir de�nitions
arepreciselyspeci�edin thefollowing descriptionof thecontrolalgorithm.

Algorithm: Motion Cameracontrol

Input:

� Thecurrentpan-,tilt-, andzoom-valuesof theactivecameraCm , � x , � y , and� �
x , � �

y , respectively.

� Thecurrentposition(� x;h ; � y;h ; dh) of thehandasestimatedby active cameraimageprocessing.

� Theprecedingposition(� �
x;h ; � �

y;h ; d�
h ) of thehandasestimatedby active cameraimageprocess-

ing.

� The currentposition(� x;c ; � y;c; dc) of the handasestimatedby observation cameraimagepro-
cessing.

� The precedingposition (� �
x;c ; � �

y;c; d�
c ) of the handas estimatedby observation cameraimage

processing.

� Thehandboundingbox h in thecurrentimageof Cm , providedby active camerahandsegmenta-
tion.

� The handboundingbox h� in theprecedingimageof Cm , provided by active camerahandseg-
mentation.
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Parameters:

� Boundsna andnb for thevariablensearch.

� Boundsbx;max , bx;min , by;max , by;min , usedfor detectionof the stateLocalMoveTest. Valuesof
reasonablebehavior arebx;max = 0:76, bx;min = 0:14, by;max = 0:76, by;min = 0:14.

� A boundg usedfor detectionof the stateGlobalMoveTest. A value of reasonablebehavior is
g = 0:9.

� Intial valuesPlocal;init andPglobal ;init of thetrackingpriority variables.Valuesof reasonablechoice
arePlocal;init = 4 andPglobal ;init = 0.

� A bound� h whichcharacterizestheclosenessof handcentersfor detectionof thestateNearByIn-
ImageTest. A suitablevalueis dh = 5 pixel units.

� Bounds� x;h , � y;h , � h which characterizetheclosenessof handcentersfor detectionof thestate
NearByInWorldTest. Suitablevaluesare� x;h = 10� , � y;h = 10� , � h = 20cm.

� Bounds� x;h , � y;h which characterizetheclosenessof handcentersfor detectionof thestateOb-
jectTheSameTest. Suitablevaluesare� x;h = 10� , � y;h = 5� .

� Plocal: A constantof trackingby theactive cameraCm with apositive value.Suitablevaluesare3
or 4.

Global variables:

Pglobal : A priority counterof trackingby theobservingcamerasCi , Cj , initialized to 0.

nsearch: A counterfor theactionSearchMove, initialized to 0.

Conditions:

LocalMoveTest: Characterizesthelocationof theboundingboxh of thehanddeliveredby thehandseg-
mentationmoduleof theactive camerarelative to theimageof theactive camera.If thehandbounding
box comescloseto theimageboundary, theBooleanvariableLocalMoveTestbecomestrue:

LocalMoveTest =

8
>>>>><

>>>>>:

true if xh;max � bx;max � x I ;max

_ yh;max � by;max � yI ;max

_ xh;min � bx;min � x I ;min

_ yh;min � by;min � yI ;min

false else:

GlobalMoveTest: Characterizesthelocation(� x;h ; � y;h ; dh) of thehanddeliveredby thepointingmod-
ule relative to thecurrentpan-andtilt-valuesof theactive camera,� x;c and� y;c. TheBooleanvariable
LocalMoveTestbecomestrueif thedeviation is high:

GlobalMoveTest =

8
><

>:

true if j� x;h � � x;c j � g � 
 =2
_ j� y;h � � y;cj � g � 
 =2

false else:

NearByInImageTest: Thisconditionhappensif thehandin thecurrentimageof Cm is closeto thehand
in its precedingimage.This is thecaseif thehandboundingboxesh andh � overlapandthecentersch

andc�
h of theboxesarecloseto eachother,

IsNearByInImageTest : =

8
><

>:

true if h \ h� 6= �
_ d(ch ; c�

h ) � � h

false else:
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whered(:; :) is somemetric,like e.g.theManhattanmetric.

NearByInWorldTest: Thisconditionoccursif theposition(� x;h ; � y;h ; dh) of thehanddeterminedfrom
theimagesof theobservingcamerasis closeto theprecedinghandposition(� �

x;h ; � �
y;h ; d�

h ),

NearByInWorldT est =

8
>>><

>>>:

true if j� x;h � � �
x;h j < � x;h

^ j� y;h � � �
y;h j < � y;h

^ jdh � d�
h j < � h

false else:

Thecoordinatesaremeasuredwith respectto thepolarcoordinateframeof Cm .

ObjectTheSameTest: This conditionhappensif the angularposition(� x;h ; � y;h ) determinedby ac-
tive camaraimageprocessingandtheangularpositition(� x;c ; � y;c) determinedfrom theimagesof the
observingcamerasarenot far from eachother,

ObjectTheSameTest =

8
><

>:

true if j� x;c � � x;h j < � x;h

^ j� yc � � y;h j < � y;h

false else:

Thecoordinatesaremeasuredwith respectto thepolarcoordinateframeof Cm .

ObjectFoundTest: The BooleanvariableObjectFoundTest is true if the segmentationmoduleof the
active cameraimageshasdeliveredaboundingboxof thehand.

LocalTrackingPreferredTest: This conditiontells which of the two trackingmodes– trackingby the
active cameraor trackingby theobservingcameras– shouldhave priority. It usesthepriority counter
Pglobal whichcanbemodi�ed by theactions.Theconditionis determinedby

LocalTrackingPreferredTest =

(
true if Plocal > Pglobal

false else:

Actions:

LocalMove: Updatethecontrolparametersof Cm by executingthealgorithmof trackingby theactive
cameraof section6.2.1.

GlobalMove: Updatethecontrolparametersof Cm by executingthealgorithmof trackingby theob-
servingcamerasof section6.2.2.

NoMove: Do nothing.

SearchMove: Theactive cameratriesto �nd thehandaccordingto thefollowing strategy:

1. If nsearch < na thendo nothing.

2. If na � nsearch < nb thenopenthezoomof Cm by a furtherstep.

3. If nsearch = nb thenresetCm to its homeposition.

CheckObjectPosition: Among the two differenthandpositionsdeliveredby motion trackingby the
observingcamerasandmotiontrackingby theactivecamera,theonecloserto thebackprojectionwall is
preferred,asfollows. If thehandpositionof theobservingcamerasis closerto thewall, thenthepriority
variablePglobal is incrementedby one.Otherwise,nothingis done.

Theintentionis to avoid thattrackingby theactivecamerastracksanobjectdifferentfrom thehand,like
e.g.theheadof theuser.

Updating of global variables: Severalupdatesof local variableshave to beperformed.Thedetailsare
givenin therulesof control.
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Rulesof control: Therulesof controlarespeci�edby thetableof �gure 6.7. We have eightruleswhich are
arrangedin therows of thetable.Every row is split in threeparts,thenumberof therule,theconditions
of the rule andthe correspondingactionsto be executedif the rule holds. An entry 1 for a condition
meansthattheconditionholds,0 meansthat it doesnot hold,and* meansthat it is not relevant for the
rule. An entry1 for anactionmeansthattheactionis executed,0 meansthattheactionis notexecuted.
Theincrement,decrementandassignmentoperationsof thevariablesareexpressedin C-notation.

Steps: Thealgorithmcheckstheconditionswhenever thecurrentactionshave beenexecuted,andinitializes
theexecutionof thenext setof actionswhichbelongto ruleswhoseconditionsaresatis�ed.

Rule Conditions Actions
O L G N N O L L G N S C V
F M M B M T T M M M M O A
T T T I W S P P R

T T T T

1 1 1 * * * 1 * 1 0 0 0 0 nsearch = 0
2 1 0 1 * * 1 1 0 0 1 0 0 Pglobal + +

nsearch = 0
3 1 0 1 * * 1 0 0 1 0 0 0 Pglobal + +

nsearch = 0
4 1 0 0 * * * * 0 0 1 0 0 nsearch = 0
5 0 0 0 * * 1 * 0 0 0 1 0 nsearch + +

mod (nb + 1)
6 0 * * * * 0 * 0 0 0 0 1 nsearch = 0
7 1 * * * 1 * * 0 0 0 0 0 Pglobal + +

nsearch = 0
8 1 * * 1 * * * 0 0 0 0 0 Pglobal � �

nsearch = 0

Figure 6.7: Rulesof active cameracontrol. Conditions: ObjectFoundTest (OFT), LocalMoveTest (LMT),
GlobalMoveTest(GMT), NearByImageTest(NBI), NearByWorldTest(NBWT), ObjectTheSameTest(OTST),
LocalTrackingPreferredTest(LTPT).Actions: LocalMove (LM), GlobalMove (GM), NoMove (NM), Search-
Mode(SM), CheckObjectPosition(COP),andupdatingof variables(VAR). An entry1 for a conditionmeans
thattheconditionholds,0 meansthatit doesnothold,and* meansthatit is not relevantfor therule. An entry
1 for anactionmeansthattheactionis executed,0 meansthattheactionis notexecuted.

6.3 Experimental Evaluation

Theexperimentalevaluationhasbeenperformedon animplementationof thearchitectureof thetypeoulined
in section3.4.3.Two communicatingPCshave beenused.The�rst PChoststheglobaltrackingsystemwith
the�x edcameraswhichareattachedto it. ThesecondPCholdsZYKLOP andthelocalhandtrackingsystem
with theactive camera.

Themostimportantaspectof performanceevaluationis theperformanceof thesystemin thestatichandgesture
mode,that is, if theuserholdsthe handat a �x ed locationandperformsa gesture.Resultsof experimental
investigationsarepresentedin the�rst subsection.

Anotheraspectis theperformanceof thesystemfor a typical completeinteractiontask.In thesecondsubsec-
tion we have chosenthe task”selectionandactivation” andwill presentresultsof investigationsof the user
behavior for thattask.
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6.3.1 Evaluation of the Static Hand Gesture Mode

In thefollowing, theevaluationof thestatichandgesture modeis split in severalparts,performanceof hand
imagesegmentation,performanceof gesturerecognitionby ZYKLOP, andhandtrackingperformance.

Experiment: Analysisof segmentationof active cameraimages

Approach: First, the behavior of the segmentationalgorithm hasbeenanalyzedas a stand-aloneprocess
independentfrom thesystem,usingimagesequencesata �x edorientationof theactivecamera.Second,
thebehavior of thecameramotionprocesshasbeenanalyzedaspartof theoverall system.

Measured quantities:

� Reliability of handsegmentationon theframesof theactive camera.

� Framerateof stand-alonehandsegmentationon theframesof theactive camera.

� Framerateof thecameramotionprocesswithin theframework of thesystem.

Observation: Local imageprocessingachievesacorrectsegmentationof thehandwith 97,3%,ataframerate
of about10 to 20 framespersecond,dependenton thesizeof thehandregion in thescene.

Within theframework of thesystemtheframerateis dependenton theamountof cameramotion. In the
worst casethat the zoomhasbeenadaptedfrom very closeto quite far, 2 to 4 framesper secondare
achieved. In lessextremesituations,thecameracontrolachieves6 to 8 processedframespersecond.

Thebehavior of ZYKLOP is subjectof thefollowing experiment.

Experiment: Analysisof gesture recognitionby ZYKLOP

Approach: First, thebehavior of theZYKLOP hasbeenanalyzedasastand-aloneprocessindependentfrom
thesystem,usingimagesequencesat a �x edorientationof theactive camera.Second,thebehavior of
ZYKLOP hasbeenanalyzedaspartof theoverall system

Measured quantities:

� Reliability of gesturerecognitionby ZYKLOP.

� Rateof stand-alonegesturerecognitionby ZYKLOP.

� Rateof gesturerecognitionby ZYKLOP within theframework of thesystem.

Observation: For four differenthandgestures,about92%of thegesturerecognitionresultsarecorrect.

Statichandgesturerecognitionby ZYKLOP achievesaprocessingrateof about14gesturespersecond.

Within theframework of thesystem,theuserhasto wait for 0.5-2.5s until a new gestureis recognized
by thesystem.Thereasonis thehighupdatingtimeof thecamera,asexplainedbelow.

While theframeratesachievedfor imagesegmentationandgesturerecognitionprovesatisfactory, it hasturned
out thatbehavior of theactive camerais abottleneckof thesystem,asshown in thefollowing experiment.

Experiment: Analysisof the updatespeedof the active camera

Approach: Two tasksdescribedbelow havebeenperformedby theuser, onewhich in particularconcernsthe
zoomoperationof thecamera,andonewhich concernsthepan-andtilt-operations.Theactionsof the
userhave beenprocessedby thesystem.
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Measured quantities: Timing of updatingthezoomandtheorientationof theactivecamera.Measurementis
performedby settingtime stampsbeforeandaftertherelevantoperations,e.g.beforesendinga control
commandto thecameraandafterreceiving thecon�rmationof executionof thecommand,in thecamera
controlthread.

Observation: The �rst taskhasbeenchangingthedistanceof thehandto thecamerawithout horizontalor
vertical shift. It turnedout that thecameraneeds0.4-2s for a zoomoperation.For slow motions,the
zoomadaptsin a stop-and-gomannerwhich is slower thanre-zoomingfor fasthandmotionswhere
about1 s is necessaryin ordershow the handagainwith reasonablesize in the imageof the active
camera.

Thesecondtaskconsistedin horizontalandverticalmotionsat a �x eddistancefrom theactive camera.
For fasthandmotionsthecameradid needabout1.4 s in orderto reacha new location.For slow hand
motions,thecamerafollowedthehandby stop-and-go,andfoundthehandagainafterabout0.6s.

6.3.2 Usability of Hand-posture-basedGesture Interaction

In orderto analyzetheusabilityof thesystem,weinvestigatetheuserbehavior for acentraltaskof interaction,
”selectionandactivation”.

Experiment: Analysis of the action ”selectionand activation”

Approach: Thetimerequiredto performtheaction”selectionandactivation” is analyzed.Theactionconsists
of threephases:

1. Theuserentersthe interactionspace,andstretchesout thearm in orderto bind thecursorto the
hand.

2. Theuserplacesthecursoronaspeci�c buttonby handmotion.Thesizeof thebuttonis 165mm�
45 mm.

3. Theuseractivatesthebutton(”left mouseclick”) by a speci�c statichandgesturewhich is recog-
nizedby ZYKLOP.

Parameters: none

Measured quantities: Two usershavebeeninvestigated.User1 is experiencedwith thesystem,while user2
did not know thesystemin advance.Both usershave executedthe”selectionandactivation” action20
times.

For everyaction,theoverall timerequiredis measuredby astop-watch.At thebeginningof theinterac-
tion, theusersays”start”, andat theend”stop”. The20 measuredvalues(unit: seconds)aresplit into
four subsequencesof � ve valueseach,andthebest,worstandaveragetimesaredeterminedfor every
subsequence.Thereasonis to investigateapossiblelearningeffect of theusers.

Furthermore,thenumberof requiredcorrectionsof thecursorpositionis counted.Thereasonfor cor-
rectionis that executionof a statichandgesturemay changethe detectedpointing direction,with the
effect thatthecursorcouldleave thebuttonarea.

Observations: The resultsarecompiledin table6.1. Every row shows the timesachieved to performthe
action� ve times,thebest,worse,andaveragetimesover thesequence,andthenumberof corrections
requireduntil thebuttonhasbeenactivated.Everystarindicatesonecorrection.

The experienceduser1 hasachieved betterresultsthan the inexperienceduser2. The times scatter
signi�cantly. Thesometimeshighdifferenceslet concludethatsomeluck is necessary.
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A learningeffect cannotbenoticed.

The unfavorabletimes in the last subsequenceof user2 canbe explainedby the strongdependence
of color-basedsegmentationof ZYKLOP on lighting. Lighting haschangedbeforetaking the last
subsequence.

1 2 3 4 5 best worst ave. #corr

user1 17,55 7,9 3,27 3,48 6,36 3,27 17,55 7,71 1
seq.1 * 1
user1 3,88 7,84 2,01 10,96 4,19 2,01 10,96 5,78 0
seq.2 * 1
user1 14,82 14,87 3,09 7,54 12,12 3,09 14,87 10,49 1
seq.3 * 1
user1 9,65 14,54 6,68 5,87 6,58 5,87 14,54 8,66 0
seq.4 1

user2 27,70 11,73 11,12 12,26 20,15 11,12 27,70 16,59 0
seq.1 1
user2 18,65 6,65 5,84 9,65 12,25 5,84 18,65 10,61 0
seq.2 1
user2 15,65 * 14,54 11,65 17,51 7,84 7,84 17,51 13,44 2
seq.3 * 1
user2 16,54 17,84 16,54 20,24 25,19 16,54 25,19 19,27 4
seq.4 * ** * 1

Table6.1: Analysisof theaction”selectionandactivation”. Every row shows thetimes(in seconds)required
to perform the action � ve times, the best,worse,andaveragetimesover the sequence,and the numberof
correctionsrequireduntil thebuttonhasbeenactivated.Everystarindicatesonecorrection.
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Chapter 7

Conclusions

This chaptersummarizesthe contentsof the thesis,outlinespossibilitiesof future work, anddescribesthe
contributionsof theauthorto publicationson topicsof thethesis.

7.1 Summary

In this thesiswe have tackledseveral problemsexisting in today's implementationsof the ideaof marker-
freecomputervision-basedhuman-computerinteraction.Wehave implementedtheproposedsolutionswithin
the framework of a casestudy, camera-basedinteraction of a speaker with a computer-basedpresentation
video-projectedontoa wall. For thecasestudy, two hardwareenvironmentshave beenusedwhich allow for
interactionof differentcomplexity. Themorecomprehensiveonecontainsatleasttwo staticobservingcameras
andoneactivecamerawhosepan,tilt, andzoomcanbecontrolledby thecomputervisionsystem(Figure1.1).
Thepurposeof thetwo observingcamerasmainly is to capturedatafor recognizingthearmpointingdirection,
whereastheactivecamerais usedto focusontheuser'shandin orderto allow for recognitionof handpostures
performedin orderto issuecommandsto thesystem.

The major dif�culty is copingwith naturalenvironments,in particularwith the �uctuating illumination of
theareaof interaction.We have proposedapproachesto compensateerrorsgeneratedin thephaseof image
segmentationin the later phasesof the processingchain: error detectionand contourcorrection basedon
assumptionson coherencein image sequencesand different views, situation-dependent signal processing,
automaticparametercontrol, andfusionof partly redundantdata fromdifferent sources. The latterhasbeen
exempli�ed in thecasestudyby combiningamoduleof globalobservation(usingthetwo staticcameras)and
amoduleof localobservation(usingtheactivecamera)into asystemwhich fusesdatafrom bothsources.The
advantageof datafusion is that theglobalsystemmayhelp the local systemin particularin thecritical case
thatthehandis lostby theactive camera.

Anotherdif�culty is distinguishinggesturesfrom arbitraryposturesor motions. For that purpose,we have
introduceda conceptof multi-typegesture interaction, which combinesseveralgestureswith spatialandtem-
poral constraints.The casestudyallows for demonstrationof the multi-typegestureconceptby usingstatic
handgesturesbasedon handpostures,andpointinggesturesbasedon handor armlocation,asgesturetypes.
The gesturetypescanbe usedin parallelor sequentially. In the casestudy, for example,a cursormight be
movedto acertainitemonthescreenin thepointinggesturemode,andthenanactionassociatedwith theitem
mightbeactivatedby astatichandgesture.Statichandgesturesmightalsobeusedfor enteringor leaving the
pointingmode,thatis, apointingphaseis embeddedinto astartinganda terminatingstatichandgesture.

A further issueaddressedin the thesisis that existing marker-free computervision-basedhuman-computer
interactionsystemsusuallyaremonolithicprototypeswhichintegratetheinteractiveapplicationandprocessing
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of interactionin a hard-wiredway. On the otherhand,decouplingof the applicationfrom the interactionis
standardin the�eld of human-computerinteraction.Wehavedevelopedanew comprehensive concept,theso-
calledinteractionspacearchitecture, for this purpose,which takesinto considerationin its internalstructure
theparticularrequirementsof computervision-basedhuman-computerinteraction.Themain ideais usinga
sequenceof interactionspacesmappedon eachother:a physicalinteractionspace,avirtual interactionspace,
an abstractinteractionspace,and the application. The virtual interactionspaceis a modelof the physical
interactionspacewhich mayhelp to overcometroubleswith thesensorsystem.Theabstractinteractionis a
placeholderfor therealapplication.It maydecoupletheapplicationfrom thepossiblystill problematicinput
data.Theapplicationinterfaceoffersparameterswhichcontroltheapplication.

Wehaveanalyzedtheperformanceof ourapproachesexperimentallybasedonthecasestudy. By documenting
the experimentsin a somewhat formalizedway, we hopeto bring someaccuracy into this critical issueof
publicationsin the�eld.

7.2 Futur e Work

Thereareseveralpossibilitiesto extendthework of this thesiswhichareoutlinedin thefollowing.

We have useda specialapplicationscenario,theinteractionof a userwith a backprojectionwall. A particular
featurehasbeenthe inclusion of an active camerain order to allow for the recognitionof handgestures.
The interactionvia theactive cameraresemblesthe interactionwith mobilerobotsequippedwith camerasas
sensors.Anotherrelated�eld is automaticsurveillanceof peoplein anenvironmentby cameras.A third �eld
is interactive 3D-videowherepeopleandenvironmentsarecapturedby multiplecamerassothatthescenecan
bereplayedwith different,interactively chosenviews. It couldbeworthwhileto gaina comprehensive image
of applicationsandmethodsof solutionacrossthe�elds in orderto avoid paralleldevelopmentandto identify
classesof applicationswhichcanbetreatedwith thesamemethods.

Ourgeneralarchitecturalframework offerspossibilitieswhichgobeyondthosewehavebeenableto usewithin
therestrictedtimeresourcesavailablefor a thesis.Onewaycouldbetheextensionof themodelbasis.Models
of theenvironmentandtheusercouldleadto animprovedbehavior of thesystem.On theotherhand,usinga
modelmaycausehigherefforts to adaptthesystemto new environments.

Oneexamplewheremodel-basedapproachesarefrequentlyusedis objecttracking.Well-known conceptsare
theKalman�lter [Bro83] andthemorerecentapproachof particle�ltering, seee.g. [IB98]. Particle�ltering
in particularis a generalapproachwith the advantageof beingableto track individual objectseven if they
move in substantialclutter. Reasonsfor its applicationcanbespeeding-upimagesegmentationby restriction
onawindow aroundthepredictedlocationof thetrackedobject,anddistinguishinganobjectof interestamong
severalotheractive objectsby its motioncharacteristics.

By usingknowledgefrom thescenarioof interactionaboutthelocationof theobjectof interest,herethehand,
wedo notnecessarilyneedasophisticatedestimationof themotionpathswhichmight requireadditionaltime
of computation.Furthermore,for speedingupsegmentation,asimplepredictionor segmentationwithoutpre-
dictionis suf�cient in thealmoststaticphaseswhichareof particularinterestin our interactionscenario,while
in phasesof rapidmotionexactdataarenot requiredandalsomight causetroublesfor prediction.Neverthe-
less,integratingparticle�ltering into our framework is aninterestingissuefor futurework, in particularsince
notonly objectmotion,but alsomotionandcontrolof theactive camerahave to betakeninto consideration.

Our architecturalframework follows the classicalcomputer-vision approachin the sensethat it reconstructs
aspectsof thespatialgeometry. A differentapproachcouldbeto learnsystemreactionimmediatelyfrom the
capturedimages,possiblyby storinganextensive databaseof imagesfrom differentscenarios.Image-based
approachesseemfeasiblein not too generalenvironments,like indoor environments.The advantageis that
thecritical stepof segmentationdoesnot occurin separate.Our approachhasbeento copewith thede�cit of
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segmentationin laterstepsof theprocessingchainexplicitly. In an image-basedapproachmutualcorrection
canhappenimplicitly. Disadvantagesof image-basedapproachesarethepossiblyrequiredhighcomputational
resources,andlittle knowledgewhy they work or not.

7.3 Publications

Partsof thethesisaresubjectof threepublicationsco-authoredby theauthorof thethesis:

1. C. Leubner, C. Brockmann, H. Müller, Computer-vision-basedhuman-computerinteraction with a
back projectionwall usingarm gestures, in: Proceedingsof 27th Euromicro Conference, IEEE Press,
2001[LBM01].

Thepaperpresentsthescenarioof interactionwith a backprojectionwall without active camera,which
is dueto the third co-author. An approachto imagesegmentationtaking into accountthenaturalenvi-
ronment,andthe calculationof a 2D arm pointing directionbasedon it, areoutlined(dueto the �rst
co-author).Further, an approachto calculationof the3D pointing directionbasedon calibrationby a
simplelookuptablebasedon measurementsby handis described(dueto theauthorof thethesis).It is
a predecessorof the approachespresentedin the sections4.3 and5.3 of the thesis. Finally, the paper
describesthebasicideaof compensationof disturbedinformation(dueto theauthorof thethesis).This
hasbeenconsiderablyextendedin thesections5.4and5.5.

2. C. Brockmann,H. Müller, An architecture for vision-basedhuman-computerinteraction, in: Proceed-
ings of the 3rd IASTEDInternational Conferenceon Visualization, Imaging and Image Processing,
ACTA Press,2003[BM03a].

Thepublicationdescribesanarchitecturalframework which is almostthesamepresentedin chapter3 of
thethesis.Furthermore,it outlinestheapproachesof errordetectionandcorrectionby coherenceanaly-
sisof thesections5.4and5.5,andpresentsanexperimentalevaluationof themwhich is a preliminary
versionof the experimentsof section5.7. Finally, the implementationof the architecturefor the case
studyis described,analogouslyto chapter3.4.3.

Thecontentsof thepaperaredueto theauthorof thethesis.Thecontributionsof theco-authorhasbeen
structuringof thematerialandrigorousimprovementsconcerningits presentation.

3. C. Brockmann,H. Müller, Remotevision-basedmulti-typegesture interaction, in: Proceedings5th In-
ternationalWorkshopon Gesture and SignLanguage Basedin Human-ComputerInteraction, LNCS,
Springer-Verlag, 2003[BM03b].

Thepublicationhasits emphasisonthematerialof chapter6 of thethesis,i.e. thetrackingconceptbased
on the observingcamerasandthe active camera.Besidesthat, it mentionsthe generalframework of
interactionspacesof chapter3.2,introducestheconceptof multi-typegestureinteractionof section3.3,
andpresentssixgesturetypesonwhichtheconceptcanbebased.It alsoincludesrecognitionof dynamic
gestureswhichhasbeenexcludedfrom thethesis.

Thecontentsof thepaperaredueto theauthorof thethesis.Thecontributionsof theco-authorhasbeen
structuringof thematerialandrigorousimprovementsconcerningits presentation.
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