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Chapter 1

Intr oduction

Computewision asa sensoif interactionwith technicalsystemshasfoundincreasingnterestin the pastfew

years. In mary of the proposedcasestudiesandapplicationsthe users currentposeor motionis obsered

by the computerusing camerasandthe computers reactionis displayedto the userwho changeghe pose
accordinglyin orderto reacha desiredgoal of interaction.Often,the datadeliveredby computewisionis just
onetype of sensodatausedfor interactionwhichis, for instancecomplementedy speechnput.

An adwantageof computervision over othersensortechnologieslike e.g. electromagnetit¢racking, is that
usuallylessefforts arenecessarin orderto bring the usergnto a statein which they canstartwith interaction.
In ervironmentswhereotherchannelsare blocked, for instanceby noise,long distancespr electromagnetic
elds, visualsensorsnaygetadominantrole.

1.1 A casestudy: Interaction with a Backprojection Wall

Figure 1.1 shavs an environmentfor computervision-basednteractionwith a backprojectiorwall. In front

of the backprojectionwall, two standardvideo camerasare positioned,oneunderthe ceiling andoneon the
side,depictedontheright sidein the gure. Theviews of thecamerasaover astripeof aboutl.5 meterswidth

in front of the backprojectiorwall, which senesasa region sensitve for interaction. The userinteractswith

the projectedapplicationby pointing with the arm towardsthe wall, wherethe armis requiredto bein the
region coveredby the camerasBasedon theimagesobtainedfrom the camerasthe computetvision system
calculatesa locationon thewall representinghe pointing goal of thearm. By e.g. attachingthe cursorof the
graphicaluserinterfaceof theapplicationto this location,the usermay move the cursoron the screen.

Thescenariof gure 1.1 containsathird camerawvhichis depictedontheleft sideof the gure. This camera
is anactive cameravhosepan,tilt, andzoomcanbe controlledby the computervision system.The camera
canbeusedto trackspeciabodypartsin orderto yield amagni edimage.In thecasestudy theactive camera
is focusedon the handof the pointing armin orderto capturehandposturesshavn by the user The hand
posturesareanalyzedandclassi ed by the computervision system.To every relevant handposture a signal
to the applicationis assignedThe sighalscane.g. correspondo buttonclicks of the mouseof a conventional
application.

We usethis ervironmentas a casestudy for the particularchallengingproblemsof computervision-based
human-computeinteractiontreatedin this thesis,but it alsohaspracticalrelevance. Video projectionis in
widespreadisefor multimedialpresentations classroomsndat conferencedlt alsoplaysanimportantrole
in groupmeetingdor visualizationpurposesUsually interactionis performedat a standardkeyboard/mouse
computemwhosescreencontentis additionallydirectedto a video beamer This type of interactionlimits the
possibilitiesof groupmeetingdbecaus¢heinteractionhasto be performedat the computeralthoughit would

7



8 CHAPTERI1. INTRODUCTION

Figurel.1l: Con gurationof a computenision-basednteractve backprojectiorwall.

be morenaturalto interactdirectly at the backprojectiorwall. For that purpose specialdisplaysaugmented
with sensorsdhave beendeveloped,like e.g. the SmartBoardSGHH94. Anotherrecentdevelopmentis to
useclassicallaserpointersby capturingthe laserpoint on the projectionscreenby video cameras.Versions
for front- andbackprojectiorhave beenimplementedhasedon thatidea[KM98, WWZO01]. In contrastthe
scenarioof the casestudylets the userdirectly interactwith the projectionwall, without additionalpointing
tools.

1.2 Problemsand Contrib utions

A dif culty with computervisionis thatthe camerasave to seethe body partsrelevantfor interaction. This
canbeachiered by carefulpositioningof the camerasndpossiblyby constraint®n theinteraction.Thecase
studyis anexamplefor this approach.

In this thesis,we focus on two further major dif culties of computervision-basedor perceptual human-
computerinteraction,distinguishinggesturedrom arbitrary posturesor motions, and coping with troubles
causedby naturalenvironments. Furthermore we addresghe questionof decouplingthe computervision-
basedinterfacefrom the applicationin orderto achie/e independenc from the application,analogouslyto
todays application-indepeatert graphicaluserinterfaces.

1.2.1 Decouplingof the computer vision interface from the application

A typical propertyof today’s graphicaluserinterfacesis thatthey areindependentrom the application.Ap-
plicationindependencen the input side canbe achiezed by abstractiorof the input devicesaspracticedin
graphicsstandarddike GKS or PHIGS.The classicahardwareinput devicesarecloseto the abstractedunc-
tionality andusuallyyield reliableinput. Sometimesieviceshave to be combinedin orderto implementan
abstractfunctionality but this is not coveredby the standards.In computervision-basechuman-computer
interactionthe”input device” maybeacompleteanteractionroomequippedvith severalcamerasandlighting,
possiblycontrolledby the system.The complity of the overall interactionernvironment,andthe adwvantage
of possiblyusingthe knowledgeaboutits constructiorfor improving thereliability of theinput,is areasorto
extendtheabstractiorof input devices.

We proposeaconcepttheso-callednteractionspacearchitectue, whichusesasequencef interactionspaces
mappedon eachother A physicalinteractionspacea virtual interactionspace anabstracinteractionspace,
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andtheapplicationaredistinguishedThevirtual interactionspacds a modelof thephysicalinteractionspace
which mayhelpto overcometroubleswith the sensoisystem.The abstracinteractionis a placeholdefor the
realapplication.lt maydecouplgheapplicationfrom thepossiblystill problematidnputdata. Theapplication
interfaceoffers parametersvhich controlthe application.

1.2.2 Multi-type Gesture Interaction

A crucialproblemto besolvedby a systenof computewision-basedhuman-computenteractionis to distin-

guishrelevantinput from non-rele@antinput. It may happernthatmotionsor posturesof the userscorrespond
to alegal gesturealthoughit happenedvithout intention. The systemmight neverthelesseactandperform

therelatedaction,a casewhich shouldevidently be avoided.

If multiple modesof input areavailable, the coincidenceof eventson several channelscanbe usedfor con-

rmation thatthe input hasbeenintended.For example,in aninteractve systemwith speechandcomputer
vision-basednput, the usermight move the cursoron a screerby the optically tracked armon a menuitem.
By saying”select” the usermay starta procesf selectinga menuitem on the screerby a cursorattachedo
thearmon the menuitem. If the desireditem is reachedhe usermay activatethe item by saying”activate”,
still pointingwith the arm on the desiredlocation. In this way, the menuitem is only selectedf threeevents
coincide: saying”select”, thearmis pointingto the cursorposition,andsaying”activate”. The usercanstill
speakfor otherpurposeghaninteraction,alsousingthe words”select” and”activate”, or may move thearm
without the intentionto selecta menuitem, sincethe probability that all threeeventsoccurin the necessary
way is low.

In the caseof just one available mode, this sort of time-parallelredundang hasto be replacedwith other
typesof redundang For the caseof the computetvision sensarwe introducea conceptof multi-typegesture
interactionwhich combinesseveralgesturesvith spatialandtemporalconstraints.

1.2.3 Calibration of the Interaction Space

Interactionrequiresto determinepositionsandorientationof body partsof the userrelative to theinteraction
spaceand objectsof the interactionspacelike for instancethe backprojectiorwall in gure 1.1. For this
purposethe systemhasto be provided with dataaboutthe position,orientationandmappingpropertiesof the
camerasindthelocationof objectsof theinteractionspace Thesedatausuallyareacquiredn apreprocessing
or calibrationphaseby manualor optical measuremengr both. In particular manualmeasurementanbe
time consumingtedious,andimprecise.We presentapproacheso diminishtheseefforts for two interaction
environmentspointingby thearmandprojection-basegointingby thehand,on basisof the hardwarecon g-
urationof gure 1.1, withoutthe active camerawhichis not requiredin this case.We usemethodsof optical
calibration,andin particularmethodof calibration-freeeconstructiorwhich turn outto bewell adaptabldo
thegivencon guration.

1.2.4 Combining Pointing with Static Hand Gestures

A problemof computetvision is thatthe objectof interesthasto appearsufciently detailedin the images
in orderto recognizefeaturesrelevant for an application. For example,gesturesxpressedy handpostures
requireto seethe ngers andthe handin away thattheir mutualarrangementanberecognizedn theimage.
If alargerinteractionspacehasto be suneyed by a camerathis requirements problematic.Onesolutionis
to install several cameragachof which shawvs just a partof theinteractionspacewith sufcient resolution.A
lessexpensive methodis to usea cameravhoseorientationandzoomingcanbe controlledby computers.
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A furtherreachingchallengeis if this sortof local gesturess combinedwith gesturesvhich requirea global
view on the interactionspace. An exampleare pointing gesturesvhich requireto know the locationof the
handor thearmrelative to thewholeinteractionspace.

A casestudyincluding both aspectss the interactionwith a backprojectiorwall by pointing andstatichand
gesturesasdescribedn sectionl.1. Thelocal view is provided by anactve camerawhile the globalview is

deliveredby two staticcamerag gure 1.1). Usingthis hardwarecon gurationandtheinteractionspacearchi-

tecture we presenamodularcomputewision-basednterfacewhich combinesamoduleof globalobseration

(usingthetwo staticcamerasanda moduleof local obseration (usingtheactve camerajnto asystemwhich

fusesdatafrom bothsourcesTheadwantageof datafusionis thattheglobalsystenmayhelpthelocal system
in particularin thecritical casethatthe handis lost by theactive cameraln thisway, this problem,which also
canbeobseredfor the built-in auto-trackingof the usedactive camerasgcanbe diminished.

The casestudy also allows to demonstrateéhe multi-type gestureconceptof interaction. The gesturetypes
usedarestatichandgesturedasedn handposturesandpointinggesturebasedn handor armlocation. The
gestureypescanbe usedin parallelor sequentially In the casestudy for example,a cursormight be moved
to a certainitem onthescreerin the pointinggesturanode,andthenanactionassociateavith the item might
be activatedby a statichandgesture.Statichandgesturesnight alsobe usedto enteror to leave the pointing
mode thatis a pointingphaseés embeddedhnto a startinganda terminatingstatichandgesture.

1.2.5 Coping with Natural Environments

Reliableimageanalysisis hardto achieve in naturalervironmentswith nottoo severerestrictionsconcerning
e.g.illumination. Following the classicaimageprocessingipeline,the mainproblemis thephaseof sggmen-
tationwhoseresultis theinterfacebetweernow-level imageprocessingndsignalinterpretation.Theresultof
thephaseof sggmentatiorareimagesegmentswhich areregionsof theimagewhich represenpartsof interest
for signalinterpretationIn our casestudy partsof interestarethearmor the handof theuser

The problemwith segmentations thatthe segmentsdeliveredare often not correctandthatthe type of error
variesover time. Theideaof our approacho treatingthis problemit to accepttheinstability of segmentation
andtry to extract the relevant information from possibly erroneousdata. For this purpose,we combinea
numberof methods:

Error detectionand contour correction from image sequencesnd different views. Every camera cap-
turesa continuoussequencef images. Often, the sggmentsin consecutie imageare similar, in par
ticular in theimportantphaseof interactionwherethe armis handstill in orderto e.g. selectanitem.
In this case,a sgmentwhich differs signi cantly from the sgmentsof the precedingmagesmay be
consideredaserroneous.Even more, by matchingconsecutie segmentsanddetectingregionsof sig-
ni cant difference,it canbe possibleto correcterrors. Similarly, in computervision-basednteraction
environmentswith morethanone camerathe sgmentsdeliveredby the cameracanbe cross-cheakd.
An erroris detectedf the segmentsare contradictory We presentan approachof error detectionand
correctionusingtheseobsenrations.

Situation-dependentsignal processing The most severe troublesoccur in phasesf detailedinteraction.
Two problemshave to be solved here,recognitionof a phaseof detailedinteraction,and processing
thesignaldependenbntherequirementsf the detailedinteraction.

In the caseof pointing, the critical phaseis preciselylocatingthe goal of pointing. This phasecanbe
recognizedy almostor just minor motionsof the pointingarmor hand. The goal of signalprocessing
is to hold the goal of pointing stableat onelocation. For this purpose,n particularnoisecausedoy
erroneouseggmentatiornasto be eliminated.
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Another problemis that the datastreamdelivered by the systemmight not be denseenoughfor the
requirement®f interactionbecausef the time requirement®f processing.For example,the cursor
controlledby pointingmayjump discontinuouslynthescreenA solutionto this problemis to interpo-
late or approximatehe datapointsby a continuouscurve from which, for instancea sequencef points
canbesampledwvhichis sufcient for the classi cationof thehandpathin the gesturespace.

In orderto diminishtheseproblemswe proposelters adaptedo thesesituations.

Automatic parameter control. Theimagedatadeliveredby thecamerasreprocesseth asequencef pro-
cessingstages.A processingstageusually hasa numberof parameterdy which its behaior canbe
in uenced. Usuallythe parameterarechoserbasedn experiencepr setduringtheinitializationphase
of thesystem A moresophisticate@pproachs dynamicadaptatiorof theparameterduringapplication
of thesystem.Thebehaioral dataonwhich parameteadaptatioomaybebasedcanbedeliveredby the
processingtageitself, but alsoby subsequenprocessingstageson which it might be morefavorable
to detectimproperbehaior. We applyautomaticgparametecontrolto parametersf errordetectiorand
errorcorrection.

1.3 Organizationof the Thesis

Chapter2 introducesinto the state-of-the-arand localizesthe contritutions of the thesis. Furthermore,it
compilesfundamentaimethodsusedin the subsequenthapters. Chapter3 describeghe interactionspace
architecture.Chapters4, 5, and 6 are devoted to arm-basedgointing, projection-basegbointing, and hand-
posture-basedesturesn a global ervironment,respectiely. They give a particulardetaileddescriptionof
the calibrationproceduresalthoughbasicallyknovn methodsare used. Onereasonis that the methodsare
somavhatcomplex andnotwidely knowvn outsidethe computetvision community Anotherreasoris thatthey
areappliedin anextendedway by including the ervironment. Eachof the chaptersendswith experimental
investigationf the solutionspresentedn the chapter Chapter7 givessomeconcludingremarks.
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Chapter 2

Fundamentalsand RelatedWork

This thesisis locatedin the eld of human-computeinteraction.Human-computeinteractionis a hugearea
comprisingnumerousaspectsGoodsuneys areprovided by severalhandbookslevotedto thetopic, like e.g.
thoseeditedby Jaclo, SeardJS03 andHelanderetal. [HLP97].

In the following we will rst de ne the placeof this thesisin the eld of human-computeinteraction(sec-
tion 2.1). Afterwardswe will give asuney of the state-of-theart with respecto two mainaspect®f ourwork,
gestuesasa mode(section2.2), andcomputervisionas a sensor(section2.3). The emphasisvill be onthe
combinationof both. Thenabrief overviev of HCI-systemarchitecturesn generais presentedfollowed by
examplesof existing systemselatedto ourtask(section2.4). Finally existing approacheto evaluationof HCI
systemsarebrie y outlined,with theintentionto nd a basisfor the experimentalevaluationof our systems
(section2.5).

2.1 Our Placein the Field of Human-Computer Interaction

In human-computenteraction four itemscanbedistinguishedSut0g: sensesindmodesonthehumanside,
andsensorsandpresentationmediaon the machineside,see gure 2.1. The sensesregiven by the human
sense-@ans. The counterparconcerningthe machineare sensors.Thereis a wide variety of sensormsing
in particularmechanicalpptical, electromagneticand acousticeffects. Presentatiomediaform the output
of the machine. Examplesare optical displayslike CRT or TFT screensandloudspeagrsfor sound. The
counterparbf presentatiomediaon the humansidearethe so-callednodalities.Examplesof modalitiesare
speechmotion, gesturesandfaceexpressions.Our interestlies on computetvision asa sensorfor human
machineinteraction,and hand-and arm-gesturesis modality of interaction. Our conceptspresentedn the
thesis,howvever, areoften moregeneralsothat othersensorsandmodalitiescanbe included,too. We do not
further discussoutputchannelof human-computeinteraction,that is the presentatiormedia/ senseorgans

pair.

.',f’ modalities Sensors
computer
T NI <
sense organs media

Figure2.1: Theitemsof human-computenteraction:senseorgans,modes sensorsandpresentatiomedia.

13



14 CHAPTER2. FUNDAMENTALS AND RELATED WORK

2.2 Gesturesasa Mode

KurtenbachandHulteen[KH90] de ne "gestureasa motion of the body that containsinformation. Waving
goodbyeis a gesture Pressinga key on the keyboardis not a gesturebecausehe motionon its way to hitting
akey is neitherobsered nor signi cant. All whatmattersis which key waspressed. However, restrictionto
bodymotionis somavhatrestrictive sinceit couldexcludestaticgesturegxpressea.g. by handpostureslike
forming thehandto thevictory sign”V”. Seeinggesturessa motionor a postue of thebodyor partsthereof
that containsinformationovercomeshis problem.

As mentionedn [Tur0]], Cadozhasdescribedhreefunctionalrolesof humangesture:

Semiotic: to communicateneaningfulinformation
Ergotic: to manipulatehe environment

Epistemic: to discover the environmentthroughtactile experience.
RimeandSchiaraturagf. [Bil], have proposedhefollowing taxonomyof gestures:

Symbolic gestures: Thesearegesturesvhich, within eachculture, have a singlemeaning.An emblemsuch
asthe”V” for victory is suchanexample but alsosign-languagefor deafpeoplefall into this cateory.

Dietic gestures: Thesearegesture®f pointing,or otherwisalirectingthelisteners attentiornto speci ¢ events
or objectsin theervironment.They aregesturesnadewhensomeonesays’Put thatthere”.

Iconic gestures: Representationajesturesdepictingsomefeaturesof the object, actionor eventbeingde-
scribed.They aregesturesnadewhensomeoneays’The plane e w like this”, while moving the hand
throughtheair like the ight pathof theaircratt.

Pantomimic gestutes: Thesearethegesturesypically usedn shaving theuseof movemeniof someinvisible
tool or objectin apersons hand.Whenaspealkrsays'l turnedthesteeringvheelhardto theleft”, while
mimicking this actionof turningthewheelwith bothhandsthey aremakinga pantomimicgesture.

The useof gesturedor human-computeinteractioncanbe divided in two catgories, multimodalinterfaces
andgestue only interfaces

In the rst cateyory, the combinationwhich probablyhasfound mostinterestis gesturewith speechsee[Bil ,
CMO* 99 for surneys andexamples.In generalaccordingto Oviatt[Ovi02], "multimodalinterfacesprocess
two or more combineduserinput modes— suchasspeed pen,touch, manualgesturesgaze,and headand
bodymovements-in acoordinatednannemwith multimediasystemoutput. They area new classof interfaces
thataim to recognizenaturallyoccurringforms of humanlanguageandbehaior, andthatincorporateoneore
morerecognition-basetechnologiege.g. speechpen,vision)”. Oviattdistinguishedpetween

active input modes which arethe onesthataredeplo/ed by the userintentionallyasan explicit commando
acomputersystem(e.g.speech)

passve input modes which refer to naturally occurringuserbehaior or actionsthat are recognizedby a
computer(e.g.,facial expressionsmanualgestures) They involve userinput thatis unobtrusiely and
passiely monitoredwithout requiringary explicit commando a computer

Concerninghe compositionof modalities hede nestwo typesof multimodalinterfaces:
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blendedmultimodal interfaces which aretheonesthatincorporatesystenrecognitionof atleastonepassie
andoneactive mode(e.g.,speechandlip movementsystems)

temporally cascadednultimodal interfaces which are the onesthat processwo or more usermodalities
thattendto besequenceth a particulartemporalorder(e.g.,gaze gesturespeech)suchthatthe partial
informationsuppliedby recognitionof anearliermode(e.g.,gaze)is availableto constrairinterpretation
of alatermode(e.g.speech)Suchinterfacesmaycombineonly active input modespnly passie ones,
or they maybeblended.

An importantreasorfor multimodalinterfacess mutualdisambiguationMutual disambiguatiomnvolvesdis-

ambiguatiorof signal-or semantic-leel informationin oneerrorproneinput modefrom partialinformation

suppliedby another Mutual disambiguatiorcanoccurin a multimodalarchitecturawith two or moreseman-
tically rich, recognition-basethput modes. It leadsto recavery from unimodalrecognitionerrorswithin a

multimodalarchitecturewith the neteffect of suppressingrrorsexperiencedy the user[Ovi02, Ovi99].

With respecto fusionof modesQviatt[Ovi02] distinguishedbetweertwo approaches:

feature-level fusion which is a methodfor fusing low-level featureinformationfrom parallelinput signals
within a multimodalarchitecturewhich hasbeenappliedto processingloselysynchronizednputsuch
asspeeclandlip movement

semantic-level fusion whichis a methodfor integratingsemantidnformationderivedfrom two inputmodes
into acommonmeaningepresentatioduringmultimodallanguageprocessing.

Methodsof semantidevel fusion,in particularin the context of languagegrocessingareframe-basethtegra-

tion which is a pattern-matchingechniquefor meiging attribute-\alue datastructuresanduni cation-based
integrationwhichis alogic-basednethodfor integratingpartialmeaningragmentserivedfrom two or more
inputmodesinto acommonmeaningrepresentation.

Thesecondcateyory, gestue-onlyinterfacesrangedrom interfacesthatrecognizeafew symbolicgesturego
thosethatimplementfully edged signlanguagenterpretation.The gesturesusedin gesture-onljinterfaces
canbedividedinto headandfacegestureshandandarmgestureshodymotiongesturesandpen-andmouse-
basedgesturegBil, Tur01, GPJ04,Cohly Cohd. Examplesof headandgesturesncludenoddingor shaking
theheadandraisingthe eyebravs. Humanhandgesturesanbe statichandposturesdynamichandmotions,
or a combinationof both. In his taxonomyof handgesturesQuek[Que93 distinguishedetweensymbols
(referentialand modalizinggesturesandacts (mimetic and deictic gestures).Body gesturesncludefull or
partial body motion (e.g. movementof waistor chest,of the shrugshoulders)pbody postureqe.g. postural
shifts, upright positionwitch ankleslocked), or self-adaptorge.g. rubbingthe chin, scratchingthe cheek,
smoothinghehair). In all casesachgesturehasanunambiguousemantianeaningassociatedavith it, which
canbeusedn interfaces.For recognitionof bodymotion,threelevelshave beenproposedGPJ04]:movement
— the atomicelementsf motion, activity — a sequencef movementsor staticcon gurations,action— high-
level descriptionof whatis happeningn context.

Our work focuseson the secondcateagory, althoughthe conceptualpproachis generalenoughto include
othermodalities,too. An interestingaspectwhich seemso have not yet beensystematicallyaddressedis
combinationof differenttypesof gesturesnto a stand-alongesturanterface.In chapter3 we will sketchan
approachto multi-gestue-typeinterfaces analogouslyto multimodalinterfaces,which for that reasonhave
beendescribedn this sectionmoredetailed.

2.3 Computer Vision asa Sensorin Human-Computer Interaction

Using gesturedor human-computeinteractionneedssensorgo capturegestureinput. Turk [TurQ1] distin-
guishedetweerpen-basedndtrader-basedsystemsTracker-basedsystemsncludedatagloves,bodysuits,
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and computetvision. "Body suits” meanary devices attachedo the humanbody like marlkersfor optical
motion capturing,electromechanicalr electromagnetidevices. Computetvision-basedrackingmeanshe
applicationof camerasstrackers,with no or just minor useof markersattachedo the body of the user This
excludesoptical motion capturingandtrackingsystemdike e.g. thoseof ART [Qu€] or computeranimation
andvirtual ervironmentdTMT98]. In thefollowing we will restrictoursehesonthe eld of computetvision-
basedsensorandinteractionsincethey arein focusof this thesis.

2.3.1 Computer Vision

Computewisionis concernedvith perceving objectsfrom images.Theimagesareusuallytaken by cameras.
The eld canbesplitin 2D and3D computevision.

The maintasksof 2D computervision are reconstructiorand classi cation of objectsfrom a singleimage
or animagesequenceBoth aspectsare of relevancefor vision-basednteraction. Typically the objectsare
2D like in e.g. optical characterecognition,but also2D views of spatialobjectscould be subjectof interest.
Reconstructiormeansto extract and describethe geometricshapeor motion of an objectof interestshavn

in animageor animagesequenceThis taskis performedby nding theregion of theimagecoveredby the

objects.This processs calledsggmentation Amongthe approache sggmentatiortwo importanttypescan
be distinguishedfeatue-basedandtemplate-basedegmentation.Feature-basedpproachesisefeaturesof

pixelsandtheirervironmentto assignthemto theregion of interest.Template-baseapproacheaseprede ned
imagesof the objectof interest,andtry to matchthemwith regionsin the imageto be analyzed.Template-
basedapproachesanalsobeconsiderechismodel-basethbecausehey usea model,thetemplate pf the object
to befoundin theimage.

Classi cation meansto assignthe objectto one of several classego which the objectsthat could appeaiin

theimagesof a particulardomainof applicationmay belong. Classi cationis often performedby derving a
vectorof featuresrom theimage. A commonway is to nd theregion coveredby the objectof interestand
derive thefeaturedrom propertief theregion, like shapecolor, texture,andmotion. Sometimegheimages
aredirectly usedfor classi cation.

In this thesiswe will usesggmentationn orderto nd objectsof interestfor interaction,like thearm or the
hand.However, we will notcontrikute nev methodsput will mainly usesolutionscontritutedby othersin the
framework of the projectwithin which this thesishasbeenwritten [Leu02, Afo02].

2D computervisionis usuallytreatedwithin the eld of imageprocessing@andimageanalysis.A goodsuney
canbegainedfrom thebookof Gonzaleztal. [GW02].

In 3D computervision perceptiornf objectsalsoreachegrom full reconstructiortheir 3D shapeandpossibly
motionto their classi cationin orderto distinguishthemwith respecto their appearance.

3D reconstructiorusuallyneedssereralimagesor imagesequencewhich shav differentviews of the object.
A centraltool for 3D reconstructionis the knowledge of the mappingpropertiesand the positionsof the
camerasvhich recordedthe images. With this knowledge, points of the objectvisible in imagesshaving
the objectfrom differentviews, the spatiallocationof the pointscanbe calculatedby so-calledtriangulation
methods.

Themappingpropertiesarede ned by thecameramodel. A wide-spreacdcameramodelis the pinhole-model
A cameramodelusuallyhasa setof parametersvhich have to be x edin orderto describethe behaior of
a particularcameraused. Theseparametersre calledthe intrinsic camer parametes. The locationof the
camerasn spaceis describedoy the extrinsic camen parametes. The cameraparametersre often deter
minedin a calibration stepafter installationof the system beforeapplicationto objectreconstruction.The
intrinsic parametersare usually determinedusing simple calibrationobjects. Well-knovn methodsarethose
by Tsai[Tsa8 andZhang[Zha0Q which we will use,too. The externalcamergparametersresometimes
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determinecby manualmeasuremenf the positionand orientationof the cameraswvhich, however, oftenis
errorprone. In stereovision, oftenpairsof camerasareusedwhich aremountedto arigid cameraheadwith
knowvn mutual position and orientationof the camerasthus reducingthe requirementsf calibration. For
camerast arbitrarylocationsor in motion,image-basetkechniquedor reconstructiorandcorrespondingx-
trinsic calibrationhave beendevelopedwhich shouldbe preferredin complex con gurationsagainstmanual
measurementThesetechniquesisecorrespondingpointsin theimagestaken from the involved camerapo-
sitions. Correspondingpointsareimagepointsrepresentinghe samepointin space.The problemof nding
correspondingointsis known as steeo correspondenc@roblemand hasfound much attention. Schemes
have beendevelopedwhich areableto reconstructhe involved cameragpositionsandorientationsaswell as
thelocationof spatialpoints,from theimagesup to certaindegreesof freedom.An exampleis projective re-
constructiorby FaugeragFau99. If the availableviews aresimilar andif correspondingpointscanbe found
reliably, the extrinsic parametersequiredfor reconstructiortanbe determinedn-line,withoutaninitializing
calibrationstep. We will applythesetechniquesn chapterst and6, andwill extendthemfor integration of
thebackprojectiorwall in orderto avoid manualmeasurementhusreducingthe efforts of calibration.Since
theviews availablein ourinteractionspacesrequitedifferent,aninitial calibrationstepis still required.

Thetechniquegust mentionedallow geometricreconstructiorfrom several views by triangulation,andfrom
(cameraor object) motion, typically denotedas structue from motion Otherapproacheso understanding
the 3D structureof objectsare shapefrom texture, shapefrom shading shapefrom contous, and shapeby
alignment Texturesallow to nd densesetsof correspondingpointsfor exampleby analysisof correlation
from which disparity imagescan be determinedwhich lead depthimages. Texturescan also be usedto
determinethe optical o w in imagesequencesShapeby alignmentmeango align a known 3D-objectwhich
is amodelof the objectrepresenteth theimage,to the dataderived from imageanalysisjn orderto nd out
the currentposeof the object. Model-basedppioacesare usedin orderto copee.g. with the problemof
occlusion.Usually modelsconcernshapeandmotionbehaior, but opticalpropertiesfor instancecouldalso
beincluded.

Thesecondranchof 3D computenision, classi cation is analogougo thatof 2D computervision, with the
possibility of includingadditionalfeaturesderived from the 3D con guration.

From all thosetechniqueswe will apply reconstructiorof relevant objectsby correspondingointsand by

silhouettes,in simple versionsbecausef the constraintsmposedby online processing. For example,in

chapter4, we will reconstructhe directionof a stretchedarm in spacefrom two approximatelyorthogonal
views using2D directionsderivedfrom thesilhouettef thearmin thetwo images.

A goodintroductioninto computervisionis givenby thebookby Forsythetal. [FP0J.

Besideghesephysicallyandgeometricallyorientedconceptscomputervision may alsobe connectedo the
areasof biologicalvision — psychophysicandneurobiology A pioneerin this eld hasbeenMarr [Mar82).
Marr's obserationsresultedin a data-diven and straightforvard analysisstratgy. Nowadays,the concept
of active vision describecby Aloimonoset al. [AWB88] becomesnore and moreimportant. In contrastto
Marr's philosophyactie visionimpliesafeedbacKoop which allows to controlthe sensorsOur architecture
presentedn chapter3 will include sensorcontrol, too, which is alsocentralfor the combinationof pointing
andstatichandgesturesn thecon gurationof gure 1.1describedn chaptel6.

2.3.2 Computer-Vision and Human Shapeand Motion Capturing

The subjectof particularinterestin human-computeimteractionis the humanbeing. In [MG01, Moe99,

Moeslundgivesa suney on vision-basechumanmotion capturingwhich containson one handa quite com-
prehensie collectionof existing systemsalsosuchrelatedto vision-basednteraction.On the otherhand,by
abstractinghe existing systemshe de nes generalframevork of taxonomyof vision-basechumancaptus

ing systems.The framavork is orientedat the typical phasef dataprocessingand consistsof four parts:
initialization, tradking, poseestimationandrecanition
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In the phaseof initialization, the stateof the userandthe stateof the systemarebroughtin correspondence.
Aspectsaregeometriccalibrationandinitialization of a system-internalisermodelwhichis usedmoreor less
intensvely by differentsystems.

In the phaseof tradking, thoseregionsin theimagestreamsareidenti ed which correspondo the users parts
of interest like e.g. thehandsandthe head. The maintaskis gure-backgroundseggmentationwhich maybe
basedon motiondata,rangedata,andappearancedata. Trackingover time andspatialreconstructionn case
of morethanonecameranput streamarealsoperformedn this part. Theresultis a 2D- or 3D-representation
of informationontheusers pose asrecognizedn theinputimagestream.

In the phaseof poseestimationthe users poseis reconstructedin the mostsimplecasejusttheimage-based
dataof trackingareused.More sophisticatedystemsisecomputefinternalmodelsof the userwhich maybe
passie or actve. The model’s currentstateis adaptedo the poseinformationdeliveredby the trackingpart.
Theresultof poseestimationis a poserepresentatiorfpr instancerepresentedly the stateof the usermodel.

In the phaseof recanition, application-relatedeaturesare derved andclassi ed. They arereportedto the
applicationin orderto causerelatedactions. The featurescan be static or dynamic. A static feature,for
instancejs thearrangementf the ngers in ahandgesture A dynamicfeaturemight bethe shapeof acurve
dravn by the userwith thehandin space.

Moeslunddistinguishedetweenassumption®n movementandassumption®n appeaance andgivesa list
of assumptionsvhich canbe foundin systemsdevelopedup to now. Accordingto his taxonomy the case
studiesof the chapters4 and5 of this thesisare weakly modelbased,3D, have two stationarysensorsare
tracking, perform poseestimation,are one-persontrack onelimb, aredistributed, andassumerigid motion.
Theassumption®n movementsarethatthe subjectremainsinsidethe workspacethereis no cameramotion
andnoocclusiononly onepersoris in theworkspacenthesameime,andmovements slow andcontinuous.
Theassumptioron appearancef theernvironmentarecharacterizetdy analmoststaticbackgroundaindalmost
staticlighting andknown camergarametersThereareno strongassumptionsntheappearancef thesubject.

The casestudyof chapte6 is moregenerabndincludesthreesensor®neof which is dynamic,andnon-rigid
motion.

Gavrila [Gav99] givesan overview of the visual analysisof whole body movement. The overviev compre-
hendsapplicationsn other elds besideshuman-computeinteractionwhich have beenfurther developedin

the last years. Examplesare smartsuneillance systemsmotion analysisin sports,choreographymedical
rehabilitation,computeranimationandgames 3D video conferencingand 3D interactve videoandTV. The
latter two include video-basedenderingwhich combinesmotion capturingandrealisticrenderingbasedon
videosequenceacquiredby a setof cameragCFKS03,Mag03.

Gavrila classi esapproache vision-base@nalysisof body movementalongtwo criteria: thetype of model
usedand the dimensionalityof the tracking space. The type of model concernamodel-basedpproadtes
Model-basedpproachesisea computetbasedbody model. The simulatedbehaior of the modelis adapted
to the captureddata. The modelmay sene to ful Il physicalconstraintsof humanbody motion, to resolhe
ambiguitiesin theimagedata,to copewith occlusionor failuresin dataprocessinghain,andto understand
the semanticof the obsered motion. Gavrila distinguishesetween2D approachesvithout explicit shape
models,2D approachesvith explicit shapemodels,and 3D approachesAlthough model-base@pproaches
seemto dominatein 3D, examplesbasedon model-freegeometricreconstructiorwithout markers exist, in
particularfor image-or video-basedenderinglCFKS03 Mag03 or vision-basednteraction,e.g.[Hoc99
Koh99.

In contrastto the overviens mentionedup to now, the suneys by Kohler [Koh99 Koh] emphasizesystems
which are dedicatedcomputetvision-bagd interfaces,sometimesalso called perceptuainterfaces. Kohler
introducesa taxonomywhich usesthe featuresone camea/multi-camea system taskstreatedby the sys-
tem (tracking,brick tracking,handtrackinglimb tracking, pointing, staticgesturerecognition,dynamicges-
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ture recognition,sign languagerecognition,speci ¢ languagerecognition,dynamicbody gesture)seggmen-
tation method featues extractedfrom the imagesto be usedfor further processingmethodof reconstruc-
tion/classi cation constaints on propertieof the environment(uniform backgroundstaticbackgroundspe-
cialillumination) or on the appearancef theuser and eld of application

In this thesiswe areinterestedn handandarm gesturesso thatwe will restrictthe following discussiorof
the state-of-the-aiin this eld. Furtherwe restrictmotionhandgestureso pointing,which excludesdynamic
handgesturedike they aretypically usedin sign languages.For interestedreaderswe refer to the reviews
of Wu et al. [WH99] and Aggarwal et al. [AC99 which in particulartreattemporalgesturemodelingand
recognition. Dynamichandgesturesanbe immediatelyembeddedn the conceptof this thesis. In fact, we
have implementednextensionof thecasestudyof chaptes whichincludesahandmotiongesturaecognition
by usingthefreely available Gestue DesignTool (GDT) [LLR99]. However, we will notfurtherdescribethis
extensionin the following.

2.3.3 Computer-vision-basedPointing and Static Hand Gestures

In theinteractionervironmentof the gure 1.1, pointingandhandgesturesareappliedin aninteractionspace
whichhasarelative large extensionwhencomparedo a CRT screeror atabletop. In thelattercasetheusers
areusuallylocatedata x edpositionby e.g.sitting on achairor standingn front of atableatarelative x ed
position,while they canmove relatively arbitrarily in front of the backprojectiorscreen As we will seein the
following, this situationof remoteinteractionhasnotyet beentreatedn a satisfyingway in the past.

The probablymostcomprehense concepiof remoteinteractionhasbeenpresentedy Kohler[Koh99. The
conceptcalledARGUS, allows to de ne sensitve regionsin theinteractionspacewhich typically is aroom.
The sensitve regionsmay be rectangleson a wall or box-shapedegionservelopinga device. For example,
a simpli ed versionof the ARGUS concepthasbeenimplementedor remotecontrol of homedeviceslike
atuneror a TV setby pointing andstatichandgestures(see gures 2.2 and2.3a). The interactionspaceis
suneyed by several active camerasvhich are virtually arrangednto stereocamerapairs (the gure shaws
justtwo camerasvhich have beenusedin the prototype).The prototypehasbeeneven morerestrictive since
it wasassumedhatthe useris locatedat a de ned position, by e.g. sitting on a chairin front of atable,as
shavnin gure 2.2. Thisallowsto x thefocusandorientationof the camerasothatthe handsandthe head
appeaiin the cameramageat a sizefavorablefor handpostureanalysis.Although mary component®f the
ARGUS concepthave beenanalyzedexperimentally it hasnot beencompletelyimplemented.In particular
thecombinationof pointingwith statichandgestureacquisitionby handtrackingwith anactive cameranto a
completesystemhasnot be performed.This taskis oneemphasi®of this thesis(chapter6).

In the following we will brie y review several othercomputetvision-bagd interactve systemswvhich have a
relationto ourwork with respecto constructioror application.In orderto structurehepresentationye usethe
following featuresstructue of theinteractionenvironment(e.g.camerglacementlocationof displays) type
of interaction (e.g. gesturaypes,areasf application) processinge.g. appliedmethodof imageprocessing
andreconstruction/cksicatio n), andperformance

We startwith table-top-oriente@ystemsA typical exampleof this sortof systemis ZYKLOP which alsohas
beenpresentedby Kohler

ZYKLOP

Author: Kohleretal.[Koh99

Structur e of the interaction ervironment: Originally ZYKLOP hasbeendevelopedfor executionof hand
gesturemnatabletopwhichis suneyedby a singlecameradrom thetop ( gure 2.3b).Laterit hasbeen
alsoappliedto executionof handgesturesn aregion in front of anarbitrarystaticbackgroundoughly
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feedback

video out
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o control signals

Figure2.2: Theinteractionspaceconcepiof ARGUS (left) andtheinteractionspaceof a prototypecasestudy
for ARGUS (right).

in parallelto theimageplaneof anarbitrarily orientedcamerag.g. a camerdooking in directionof a
wall (gure 2.3c).

Type of interaction: Statichandgesturespointingby maoving the handor nger to thedesiredocation,and
simpledynamicgesturesall executedon or in parallelto thetabletop or thewall.

Processing: Mainly skin-colorbasedsegmentationof the hand,combinationof several shapeand motion-
relatedfeaturesmulti-classi cation.

Performance: 15-20framespersecond.

We have usedZYKLOP asa subsystenin theimplementatiorof the casestudyof chapter6.

Several othersystemsof this type hasbeendevelopedin the past,seethe suney by Kohler[Koh99. Similar,
but slightly differentarethefollowing two systems.

SIVIT - SiemensVirtual Touchsceen

Author: Maggioni[Ebe98 Mag93]

Structur e of the interaction ervironment: Imagesof anapplicationareprojectedrom above onatabletop.
Thetabletop is sureyed by a black-and-whitecamerawith infrared Iter, looking in directionof pro-
jection,mountedn parallelto the projector( gure 2.3d).

Type of interaction: Pointingby moving the handor nger to thedesiredocationonthetabletop.

Processing: Infraredlight sourcesinfrared lters onthecamerasandaspecialre ecting Im onthetabletop
areusedto excludeartifactscausedy the ervironmentandby projection. This allows to apply simple
seggmentatiormethoddike e.g.thresholding.

Performance: By the specialway of illumination andimageprocessinghigh frameratesanda reliablebe-
havior hasbeenachiered. SIVIT hasbecomeacommercialproduct.
Vision-basedinteraction with a monitor

Author: Bretzneretal. [BLL * 01, BLLOZ]
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Figure2.3: Con gurationsof environmentsfor interactionwith displayspublishedn literature(1).
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Figure2.4: Con gurationsof ervironmentsfor interactionwith displayspublishedn literature(2).
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Structur e of the interaction environment: A singlecamerais mountedon top of a computerCRT screen.
Theusersitsin front of the monitorandpresentshe handto the camerg gure 2.3e).

Type of interaction: (1) Statichandgesturesdy holdingthe handin a x ed stateduring a periodof time in
which the systenrecognizeshe currentstatein a prede nedsetof states(2) Quantitatve handmotion
wherethe 2D or 3D handmotionis measured.(3) Qualitative handmotion for the input of dynamic
gestures.

Processing: Trackingandrecognitionare performedby using colorbasedsegmentationand comparisorof
the sgmentswith a setof object hypothesespplying the statisticalapproachof particle Itering or
condensatioim ahierarchicalway.

Performance: No dataavailable.

GestureVR
Author: Segenetal. [SK9§]

Structur e of the interaction environment: Two cameradook from above on atabletop which hasuniform
color.

Type of interaction: 3D tracking of the thumbandthe pointing nger. Threestatic handgesturesanbe
appliedwhich arerecognizedasedn thelocationandorientationof thetwo ngers ( gure 2.3f).

Processing: By the uniform color of the tabletop, the ngers canbe easily separatedrom the background
by a simple sggmentationrmethodlik e thresholding.Both camerasare pre-calibratedvith respecto a
world coordinatesystem.

Performance: 60framespersecond.

The SIVIT systemdescribedabove usesfront projectionon a tabletop. The following systemsjn contrast,
usebackprojectioron atransparentabletop.

Vision-basedaugmenteddesk
Author: Starneretal. [SLM™ 03]

Structur e of the interaction ervironment: Theinteractionervironmentis de ned by abackprojectioriable,
similar to the responsie workbenchof Krueger et al. [KBF* 95]. The workbenchis illuminatedfrom
above by infraredlight-sources.A black-and-white-camenaith infrared Iter is mountedcloseto the
projectorandlooksin thedirectionof projection. In this way the cameraseeghe shadavs inducedby
thelight sourcesandcastby the users arm on thetable. Furthermorea black-and-whitecamerawith
aninfrared lter is mountedabove thetable,giving asideview of theusers arm. Additionally, infrared
light sourcesaremountedcloseto the projectorwhich aredirectedin the sameway asprojection. The
light is re ected by the bottomsideof objectsplacedonthetable( gure 2.3g).

Type of interaction: The con guration allows arm pointing in spaceby reconstructiorof the direction of
the arm, localizationof objectsplacedon the table,andpartial 3D-reconstructiorof objectsplacedon
the table. The objectscanbe usedas part of an augmentedeality scenariothatis fusion of the real
environmentwith a computergeneratedjraphicalervironment.

Processing: The arm seenby the side camera,and the shadas of the arm and of the objectsinducedby
the infrared light sourcesare determinedin the imagesby segmentation. Due to the infrared light,
sgmentationcanbe easilyperformede.g. by thresholding.3D reconstructions achiezed by usingthe
locationsandshape®f the shadavs, andthe positionsof thelight sourcesandthe cameras.
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Performance: 14to 20framespersecond.

Visual gesturesfor a virtual desk
Author: O'Haganetal. [OZR92]

Structur e of the interaction ervironment: Theinteractionervironmentis de ned by a backprojectiortable
asfor thevision-basecdugmentedesk( gure 2.3h). Theprojectionareais suneyedby astereccamera
systemfrom above thetable.

Type of interaction: Statichandgesturesvhich arelocatedin spaceareused.

Processing: Thecamerasrecalibratedusingthe methodof fundamentaimatrices seg[Fau99 andchapte6.
The handsarefound by skin-colorbasedsegmentation.Estimatesof the posesaredeterminedy tem-
plate matching. The templateimagesare acquiredin a preprocessingtep. Classi cationof the static
gesturds performedby a statisticalmethodsimilarto theoneusedin ZYKLOP.

Performance: 30framespersecond.

O'Haganetal. usea BarcoBaronprojectiontablewhich canbe con gured asa horizontaltable,but alsoasa
verticalwall display andsomethingn-betweenandthusis a steptowardsbackprojectiorwalls ( gure 2.4a).
In contrasto table-orientegbrojection projectionwalls allow to extendthesizeof theinteractionervironment.
Projectionwalls have beenusedfor mary applicationscenarios.Several of themarebuilt on the following
P nder system.

P nder
Author: AzarbayejaniWren,PentlandWADP97

Structur e of the interaction environment: The interactionervironmentconsistsof a backprojectionwall
and one cameramountedon the top borderof the wall, suneying a region of several squaremeters
in front of thescreen.

Type of interaction: Thesystemperformsfull 2D bodytrackingandcandistinguishbody partslike e.g. the
handandthe headby color. The distanceof the body from the cameraldepth)canbe estimatedrom
locationof theusersfeetonthe oor. Oneor moreof theidenti ed bodypartscanbeattachedo objects
on the screenwhosepositioncanbe controlledin this way by moving the body parts. For example,a
screercursorcanbetiedto oneof thehandsn orderto implementpointing.

Processing: Segmentatioris performedusingblobsto representhe userregion andatextureimageto repre-
sentthe background.A blob is a Gaussiarcolor distribution arounda pixel on the screen.The object
is representedly a setof blobswhich areacquiredandupdatecby unsuperwisedearningfrom the dif-
ferencebetweena currentimageincluding the userandanimageof the backgroundvithout the user
Thebackgroundmageis representetly a Gaussiarcolor distribution of every pixel whichis initialized
at the begginning and permanentlyupdatedduring interaction. Body partsareidenti ed by the color
distributionsof blobs,e.g.thehandandthe headby blobsof skin color.

Performance: 10to 30framespersecond.

Sp nder

Author: AzarbayejaniWren,PentlandWADP97]



2.3. COMPUTERVISION AS A SENSORIN HUMAN-COMPUTERINTERACTION 25

Structur e of the interaction ervironment: The interactionernvironmentof Sp nder is almostthe sameas
thatof P nder. Theonly differenceis thatthe cameras replacedwith two camerastypically mounted
in theupperleft andupperright cornersof thescreenservingasa stereccamerasystem( gure 2.4a,b).

Type of interaction: Sp nder yields spatialblobs, not just 2D or 2.5D blobslike P nder. This opensthe
possibility of true 3D-controlof objects. Concerningpointing, a spatialpointing directioncannow be
derived by e.g. connectingthe headblob with the handblob by a line or usingthe longestaxis of the
spatialextensionof a handblob aspointingdirection.

Processing: Blob extractionis the sameasfor P nder. 3D-reconstructions performedmotion-basedising
self-calibrationof the extrinsic camergparametersyy detectingcorrespondingdplobsin the two camera
imageqgAP96].

Performance: 10to 30framespersecond.

Examplesof applicationsof P nder are the Visualization Spaceby Lucenteet al. [LZG98] andthe Smart
Roomby Wrenetal. [WSA™ 97]. Both systemsauseadditionalspeectinputin orderto performgesture-based
operationsFor instancejn the isualizationSpacewith anadditionalspolen commandMake this big!” the
sizeof anobjectpresente@n the projectionscreeris changediccordingo thedistanceof thehandsdelivered
by P nder. In the SmartRoom userscan”touch” the objects by positioningthemselessothatthey virtually
point atthe objects.By speechnput, the usercanselectandmove the virtual objects.The Intuitive Interface
by Hoch [Hoc99 combinesthe blob techniquewith a 3D-modelof the upperbody in orderto copewith
occlusion.

The following systemusesa projectionwall, too. It extendsthe idea of "smart boards”which hasbeen
implementedn asimplerway by Hardenbeg etal. [HB01] andHall etal. [HGM * 01].

Cameraprojector system

Author: Licsaretal. [LS04]

Structur e of the interaction environment: Theinteractionspacecontainsa front projectionscreenA cam-
eralooks onto a subrgion of the screenjn directionof the projection( gure 2.3). The cameracould
e.g. be mountside-to-sidewith the projector Thereforethe cameraseesthe projectedimageandthe
armof the userwhich coversa partof the projectionscreerandhencere ects the projectedmage.

Type of interaction: Pointinggesturesandsimplestatichandgestures.

Processing: Thearmis extractedby adifferencamageapproachThehandgesturesreclassi edby standard
methods.

Performance: In realtime,but gures notavailable.

HMM pointing
Author: Nickel etal. [NSO03]

Structur e of the interaction ervironment: A region of aroomis surneyed by a stereocamergpairin order
to trackthe handsandthe headof theuser Additionally possibleis electromagnetitrackingof thehead
in orderto improve thereliability of head-hangbointinggestureg gure 2.4d).

Type of interaction: Head-handointing gesturedor pointing on objectsplacedin the region suneyed by
thecameras.
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Processing: Reconstructions performedby a combinationof skin colorbasedsegmentationand a stereo-
scopic rangeimage obtainedfrom disparity maps. Static pointing gesture(motionlesshand at the
pointing position)arerecognizedy a combinationof Hidden-Marlov-Models (HMM) coveringthree
phases(1) moving to the staticposition, (2) staticposition, (3) moving away from the staticposition.
For detectionof the pointing direction, several approachesre applied: (1) detectionfrom the mutual
locationof the handandthe head,(2) detectionfrom the forearmdirectionobtainedfrom the 3D pix-
els closeto the hand,(3) detectionfrom the head-hand-lineand (3) inclusion of the headorientation
detectedby electromagnetitrackingfor detectionof the head-hand-line.

Performance: Usingelectromagnetitrackingimprovesthe experimentallyevaluatedrateof identi cation of
targetsfrom about65%to about83%.

Vision-basedinteraction usingheadmounted cameras
Author: Storring etal. [SMLGO04]

Structur e of the interaction ervironment: The userwearsa headmountedstereocamergpair andan aug-
mentedreality headmounteddisplay( gure 2.4e).

Type of interaction: Statichandgesturega pointanda click gesture).

Processing: Hand segmentationis basedon skin color. The 3D nger tip is reconstructedby triangulation.
Informationaboutcalibrationis not available.

Performance: 25framespersecond.

The ervironmentof our con guration of interactionwith a backprojectiorwall is differentfrom thoseof the
systemgresentedip to now, ascanbe seenby comparingthe sketchesof gure 2.3. The maindifferenceis
thatanactive cameras usedto geta large view of the hand. Alternatively, seseral staticcamerasould have
beenusedwhich cover theregion of interaction but this would requireconsiderablymoreresources.

Usinganactive camerahasalreadybeenproposedn ARGUS. The maindifference however, is thatwe fuse
dataof the staticcamerasndthe actve cameran orderto trackthe objectof interest.Furthermore ARGUS
hasnot beenimplementednto aworking system.

Another differenceis that for acquisitionof the 3D location of the objectof interest, static cameraswith
considerabl@ifferentview areusedinsteadof theusualstereacameraarrangementith justminor deviation
of view similarto thehumaneyes. Theviews of our camerasreaboutperpendiculato eachother Thisopens
thewayto applicationof the silhouette-basedpproactof reconstructionnsteadof the usuallyusedtechnique
of matchingof correspondingpoints. The advantageof the silhouetteds thatcolor or texture changen the
surfaceof thetracked objectarenotrelevant,sothatthe usercanbemore e xible with respecto clothing.

In orderto be able to apply the silhouette-basedpproachwith just two camerasthe con guration of our
interactionervironmentis completelydifferentfrom the otherones. It restrictsthe spaceof interactionto a
region of morelimited extensionthanfor thosesystemswhich obsere the whole areain front of the screen.
For backprojectiorwalls, however, it is not uncommonthatthe useris closeto thewall. Furthermorewith
increasingsizeof thewall andthe requiredhight of the presentatiomoom, the region which canbe surneyed
by our cameracon guration increasesandopensthe possibility to interactin larger distancegrom thewall,
by letting the computevision systemscanninghe spacestartingat the projectionwall.

We do not usestrictly restrictedor specialillumination, in particularno infraredlight, assomeof the existing
systemglo. This generalitycausegroubles,and,in contrastio othersystemsye proposeseseralapproaches
to reducetheseproblemsin the stepsfollowing segmentation. Segmentationundervarying conditionsof
illumination hasbeenthe subjectof anotherthesis[Leu02.
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In contrasto P nder, our con gurationsneedpre-calibration Calibration-freaeconstructiomequireshatthe

correspondencgroblemis solvedreliably Thisis a critical issueunderthe conditionof naturalillumination.

In thecaseof pre-calibrationconditionscanbecreatedvhichallow reliableimagesegmentation Furthermore,
the dataof calibrationcanbe usedto diminishthetroublescausedy unreliableimageprocessinglike we do

it in ourapproachHowever, we applytechnique®f calibration-freereconstructiorior pre-calibratiorin order
to diminishtheefforts requiredfor calibration,but underconditionsallowing reliableimageprocessing.

Furthermorewe includethe projectionwall into the processof optical-basedtalibration. In this way, addi-
tional measurementsy handare practicallyexcluded.Most of the papersovervievedin this chaptethave no
explicit statemenaboutinclusion of the projectionscreenbut it canbe concludedfrom the remarksabout
cameracalibrationthat the geometricrelationsare knowvn from systemconstructionor by manualmeasure-
ment. Advantage®f optical calibrationaregoodprecisionandreducedime to build up the systemn casef
no-permaneninstallation.

2.4 SystemAr chitecturesfor Human-Computer Interaction

Several generalsystemarchitecturegor systemsof human-computeinteractionhave beenproposedn the
past.They canbeclassi edinto [Pre99

layer models wherean interactive systemis subdvided in layers,similar to the translationprocessof pro-
gramminglanguages.Examplesare the Seeheimmodelandthe IFIP model An importantproperty
of thesemodelsis the separatiorof interactionfrom application. In the Seeheimmodel, separation
is achieved by de ning threelayers,the presentationayer, the dialog contiol layer, andthe applica-
tion layer. The presentatiotayer is responsiblgor the input andthe output. Within this model, the
contritution of thethesisconcernghe presentatiomayer

object-oriented models whereaninteractve systemis organizedasa systemof cooperatingnteractionob-
jects. A well-knovn exampleis theModel-View-Controller(MVC) designpattern.Themodelrepresents
thecoreapplicationandcontainghenecessargatawhich canbeaccessedndmanipulatedy methods.
Theviewspresentatato theuser Thecontoller objectsacceptuserinputandtranslatat into requests
to themodelor the associatediews.

device-orientedmodels which focus on in- and output devices. The huge numberof possibledevicesis
reducedo a setof abstractdeviceswhich representlevice-independeriunctionality Examplesarethe
graphicsstandard&KS andPHIGS[FDFH90].

Thearchitecturatoncepipresentedn chapter3 of thisthesisis notanothersystemarchitectureof acomplete
interactve system.It coversa specialaspectandcanbe embeddedn the existing approachesWith respect
to the Seeheinmodel,the contritution of the thesisconcernghe presentatiomayer Within the MVC-model
the controllerobjectsarethe part of interest. Our systemconceptis device-orientedbut it is closerto real
physicalinteractionthanthe abstractiorof GKS or PHIGSis. Ontheotherhand,it givesamoregeneralview
of the embeddingof vision-basethumancomputerinteractioninto applicationsanissuewhich hasnot been
in thefocusof mary of theexisting prototypesvhich arehard-codedlongthegivencon guration,theapplied
methodsof computetvision, andthe specialapplication.

Thereareonly very few conceptsn literaturewhich exceedthe structuregequiredfor image-andcomputer
vision-processingThesestructuresareimmediatelyimplied by the appliedalgorithms.Oneof themoregen-
eralarchitecturds ARGUS ( gure 2.5). The ARGUS architectureconsistof four mainlayers,low level/2D
image processinghigh level/2D and 3D image processinga geneal gestue interface anda layer of global
ervironmentontiol. The rst two layersarestructurecaccordingo thesophisticateimageanalysisapproach.
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Figure2.5: Thearchitectureof ARGUS.

Theknowledg basecontainsthe resultof alearningphasefor gesturesequiredto distinguisharbitrarypos-
turesand motionsfrom gestures.The resultof imageanalysisconsistsof geometricfeaturesof objects,in
particularpositionsandorientationsandgesturecodes.They areusedby theregion selectionand activation
unit of thelayerof globalenvironmentcontrolin orderto decidewhichregion hasbeenselectecindto forward
thisinformationtogethemith gesturecodeso the applicationcontol unit.

Anotherexampleis Oviatt's multimodalinterfacearchitecturgOvi02], cf. gure 2.4. 1t canbesplitinto two
parts,the device-orientedpart andthe dialogue-orientegbart. The dialogue-orientedpart is de ned by the
lower part of the diagram,startingwith the dialoguemanager This partis provided by the device-oriented
partwith feature/frame-structas which canrepresentheinput dataup to the semantidevel. This meansn
particularthatin the casethatspeechs involved, speectunderstandingpastaken placein the device-oriented
part. The device-orientedpart consistsof threelevels, sensordatarecognition,sensordataunderstanding,
and multimodalintegration. Sensomata recagnition performslow level dataprocessingesultingin feature
data. Sensordata undestandingderives semanticinformation from the featureslike identifying postures
or motionsasgesturesandrepresentinghe semanticsf naturallanguaganput. The derived information of
every input modeis representedby its own feature/frame-structeas The multimodalintegration fusesthem
into feature/frame-structas which representheinputinformationuniformly. Integrationis in uencedby the
dialoguemanageandby interpretatiorof the currentcontext provided by a context management.

Onthelevel of imageprocessingwewill proceedjuitesimilarly to the rst two layersof the ARGUS concept
in our architecturg gure 3.4). We alsowill splitimageanalysisn a2D anda 3D part,andwill matchresults
of the2D processn orderto compensaterrors.Also the datareportedfor furtherprocessingresimilar. The
differenceonthislevel lies mainly in the algorithmicapproachessedin thesdayers.
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Figure2.6: Themultimodalinterfacearchitectureby Oviatt.
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The maindifferenceof our architectureo thoseof KohlerandOviatt is the methodof transitionbetweerthe
physicalinteractionervironmentandtheinteractioninterfaceof theapplication.Both sidesarerepresentetly
computethasedmodelscalledvirtual interaction spaceandabstact interaction space which aremappedo
eachother In gure 3.1which sketcheghe interactionspaceconceptthe virtual interactionspaces hidden
in theinteractionspaceprocessinginit. The abstracinteractionspacemay be considerablysimplerthanthe
virtual interactionspacewhich may describethe physicalervironmentvery accuratelyin orderto support
sensordataprocessingn a model-basesvay. In the ARGUS concept,the idea of having a model of the
physicalinteractionspacds alreadyindicatedoy the concepbof aknowledg databaseandaworld modeldata
base togetherwith the region selectionand activationunit, but it is specializedon the conceptof sensitve
regionswhile we allow arbitrarymodels. The ow contwol of ARGUS responsibldor view controlis taken
overin our conceptby thevirtual interactionspace Analogously the applicationcontrolunit canbe seerasa
less e xible predecessarf the abstracinteractionspace.

Anotherdifferences thatwe proposea concepiof combinationof sensodataprocessinginitswhichis more
e xible thanin ARGUS ( gure 3.2).

Finally, in contrastpur architecturaloesnot have a dialoguemanagerlt hasto beprovidedby theapplication
program.Theadwantageof this approachs its particular e xibility of attachingapplications.

2.5 Evaluation of Vision-basedHuman-Computer Interaction Systems

Theprimarygoalof theanalysisof human-computenteractionsystemss evaluationof theusability Aspects
of usability areef ciency, effectivity, andcontentmenbf the user Ef ciency meanghetime a userneedso
solve a giventask. Effectivity denoteshe extentto which the goal of the interactiontaskis reachedoy the
user Contentmentiescribeghe subjectve feeling of the user Anotheraspecis ergonomicswvhich concerns
evaluationof the physiologicaland psychicalstrainof the user Evaluationhelpsto comparesystemsand, if
alreadyappliedduringthe phaseof constructionto achieve a goodresult.

Severalapproachesf evaluationof interactve systemdhave beenproposedn the past[Pre99: formal eval-
uation for exampleaccordingto the GOMS-model(GOMS = Goals,OperatorsMethods,SelectionRules),
heuristicevaluation typically basedon usability inspectionby experiencedspecialistsempirical evaluation
basedn comprehense dataacquiredfor example,in usabilitylaboratoriesanddiscountusabilityengineer
ing which aimson thereductionof the efforts of testingfor smallerprojects.Furthermoretherearestandards
giving recommendationsow to evaluatethe usability like e.g. 1ISO 9241. The standardshowever, focuson
the conventionalkeyboard-screen-maebasedhuman-computesystems.

The evaluationof vision-basechuman-computeinteractionsystemsausually concerngechnicalfeaturedike
numberof framesprocessegersecondachiered updatingratesandprecisionof outputparametersik e posi-
tionsin the caseof pointing[OZR92,SK98,NS03],achiered speedof gesturerecognitionandrateof correct
recognizedyesturegk oh99 LS04,NS03],andinputlateny anddisplaylag [SLM* 03].

Severaldif culties have beenrecognizeatoncerningollectionof thedataandthepossibilityof generalization.
O'Haganetal. [OZR92] statethat”limitation in measuringgroundtruth restrictour ability to gatheraccurate
performancalata”’. Segen[SK98] notesthat "estimationof the absoluteaccurag of poseestimationis prob-
lematic sincethis requiresmeasurementf the positionand orientationduring image acquisition,and such
measurement&ould generallyinterferewith the acquisitior. Storring et al. [SMLGO04] tell that "although
the systemhasbeenusedby several users- including peoplewith no technicalbackground- it is dif cult to
give quantitatve resultson the gestureandpointing recognition”. The paperfWADP97] on P nder doesnot
containanexplicit evaluation,but P nder hasbeenusedin severalapplicationsalsoby peopledifferentfrom
theauthors.Many papersdo nottell the numberof testpersonsnvolved. Thefollowing statemenby Starner
etal. describesanapproachwhichis typical for the eld: "To evaluatethe currentusability of the systemwe
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performeda small userstudywith the goal of determiningthe relative ef ciency andaccurag of the object
trackingcapability We designeda taskthatrequiredusers..”. Segen[SK98| presentsecognitionratesbased
on"informal trials with usersof differentage,genderskin,andhandsize”.

Thesestatementsanbe understoodo expressanunsatisictory stateof evaluationof computetvision-basd
interactve systemsandthey presenteasonsTheappliedmethodsmainly fall into the cateyory of empirical
evaluation. The crucial point of empirical evaluationis how a testhasto be designedn orderto become
statisticallyrelevant. A particularproblemof computetvision-baedinteractionis thatthe dimensionalityof
the testervironmentis considerablyhigherthan of classicalinteractive systems. Two typesof parameters
of in uence canbe distinguished:extrinsic parametes which characterizehe ervironment,the appearance,
andthe behaior of the user andintrinsic parametes of the systemwhosevaluesin uence the behaior of
the system. Importantparameterf the ervironmentare the appearancef the backgroundand lighting.
Parametersf appearancef the userconcernthe clothing, the skin and hair color, andthe anatomy This
illustratesthe sizeof the parametespace.

If a systemhasintrinsic parametersthe goal canbe intrinsic parameteroptimizationwhich meansto nd
a settingso thata good behaior of the systemcanbe obsered a particularlarge numberof settingsof the
extrinsic parametersAnotherissueis feasibility analysiswhich meango describefor a given settingof the
intrinsic parametersa particularlarge setof settingsof the extrinsic parameteror which the systemshawvs a
favorablebehaior.

The resultof an experimentis evaluatedusing quality measuresvhich dependon the extrinsic andintrinsic
parametersThequality measuresaycharacterizef ciency andeffectivity of asystembut alsocontentment
of theusernif "system”meanghecon gurationconsistingof thehumaruserandthecomputetbasednteractie
system.Oftennotall parametersf anexperimentequallyin uence theresultof anexperiment.In the eld of
experimentaldesignmethodshave beendevelopedwhich nd outin a systematiavay which parametersave
the greatestmpactonthe systembehaior [Sta03.

As far aswe know, a systematicanalysisof computervision-basednteractionervironmentsin the sense
of experimentaldesignhasnot yet beenperformed. It is not clearwhethera considerableeductionof the
parametespacecanindeedbe achieved. Theanalysisof thisissuewould have hadexceededhe scopeof this
thesissothatwe have decidedto restrictthe experimentalevaluation. Neverthelessit give someinsightinto
thebehaior of the proposedsystems.

Concerninghehumancomponentye gobackto anobserationnotedby DumagDumO02, thatin adiagnostic
test,the sessiondegin to getrepetitive after alreadya smallnumberof testpersons.The researctstudiesby

Vizzi [Viz90, Viz92] shav that 80% of the problemsare uncoreredwith about ve participantsand 90%

with aboutten. As alsoobsered, this obseration may fail for very large products. Sinceour interaction
environmentis very focusedwe assumdor our teststhata smallnumberof testpersonss sufcient.

With respecto the ervironmentwe do not analyzethe dependeng of the systembehaior on its parameters.
We useonly one setting,however, with slight variationscausedoy performingthe experimentsat different
times. To our opinion this approachis feasiblebecausef our goals: (1) diminishingthe effects of faulty
seggmentatiorin laterstepsof theprocessinghain,and(2) demonstratingf thepossibilityto combinepointing
with statichandgesturedy using an actve camera. This meansthat we are not interestedn analysisof
the performanceof sggmentationwhich is the phasemostsensitve to the ervironment. For both goalsit is
sufcient to have anervironmentwheresegmentationvorksin someway in anottoo restrictedenvironment.
Theresultsof the experimentsshav thatat leastone environmentexists which shavs this behaior. Further
they holdfor atleastthoseenvironmentsfor which sggmentatiorshavs a similar behaior.

In the following we will usea uniform format of descriptionof experiments.It consistsof threeparts: ap-
proach wherethe experimentis describedmeasued quantitieswhich compilesthe quality measure®f the
experimentandobservatiorwheretheresultsof the experimentaredescribedanddiscussed.



32

CHAPTER2. FUNDAMENTALS AND RELATED WORK



Chapter 3

Interaction SpaceAr chitecture

Theso-callednteraction spacearchitectue of this chaptergivesa concepiof structuringcomple interaction
ervironmentslik e the vision-basednteractve backprojectiorwall of gure 1.1. The conceptis application-
independenin the sensehat existing interactve applicationscanbe combinedwith this type of interaction
ervironment,if they have accessiblénputandoutputchannelsFor example theimplementatiorof thevision-
basednteractve backprojectiorwall allows to install Windows-basedpplicationsby usingthe mouseinput
channeln orderto transfethandor armpointingdatato theapplication.Application-independee is achiered
by abstraction.

The interactionspacearchitecturedoesnot provide a completeinteractve systemwith comple dialog ele-
ments.It ratheris anarchitectureof a complex input device which canbe connectedo anexisting interactve
application.Its emphasidies on processingf dataacquiredoy sensorglacedin theinteractionspaceof the
user For thevision-basednteractie backprojectiorwall, the sensorarethe camera®bservinghe actionsof
theuserin front of the projectionwall. Theinteractionspacearchitecturellows model-basedataanalysisy
introducingthe concepbf avirtual interactionspacewhich is animageof therelevantfeaturesof thephysical
interactionspacean the computer This reality-orientedparthasanabstractounterpartn form of anabstract
interactionspacewnhichis independentrom the concretémplementatiorof the physicalinteractionspace.

Anotherpropertyof the interactionspacearchitecturds thatit supportsmulti-sensorand multi-modalinter
action. The datacapturedby several sensorsan eitherbe input of a single virtual interactionspace or of
several virtual interactionspaces.The rst possibility supportssensorsynchronizationthe seconddoesnot.
Multi-modality is achieved by the type of sensorsised.

The interactionspaceconceptand architecturehasbeenmotivatedby the requirement®f computesvision-
basednteractionby gestures.Computetvision-basednteractionby gesturess the casestudyfor the archi-
tectureon which we will emphasizan the following chaptersafter having introducedthe basicconceptin
this chapter The focuswill be onimagedataprocessingwith the goal of usinghand-andarm-gesture$or
interaction.

A commonapplicationof gestureasmeansof interactionis oneof severalmodesin multi-modalapproaches
to interaction.However, thequestiorfor thepossibility of interactionustby gestureganbe posed.Thestand-
aloneapplicationof gesturegouldbeof interestif othermodesarenotavailableor considerablyestrictedfor
instancespeechin noisy ervironments. Anotherexampleis the interactionwith a presentatiorervironment.
In this caseinteractionconcernsswitching to the next or previous slide, or interactionwith an application
programwhich is subjectof explanationin the presentationln this casethe channelbf speechs occupiedfor
thetalk, andothermodeshave beentakenfor the interactionwith the presentatiorsystem.Onepossibilityis
gestures.

Gesturessstand-alonenodeleadto theproblemof decidingwhethera postureor motionof theuseris indeed
meantasa gesturelf multiple modesareavailable,the coincidenceof eventson severalchannelsanbeused
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Figure3.1: Interactionspaceconcept.

ascon rmation thattheinput hasbeenintended.The questionis how to proceedf justonemodeis available.
We will outline a possibility of so-calledmulti-gestue typeinteraction in this chapter Multi-gesturetype
interactionis alsosupportedy theinteractionspacearchitecture As a casestudy we will combinepointing
gestureaindhand-posture-basepbsturesn chapters.

Thefollowing section3.1 outlinesthe interactionspacearchitecture Section3.2 addressethe differentcom-
ponentsmore detailed. Section3.3 is devoted to a classi cation of hand-and arm-basedgointing gestures
andtheir combinationinto multi-gesture-typenteractions.Section3.4 describeghe detailsof the principle
architectureof a multi-camerasensorprocessingunit which will be adaptedo specialcon gurationsin the
chapterst and>5.

3.1 Outline of the Interaction SpaceAr chitecture

Theinteractionspacerchitecturesketchedn thefollowing concernsapturingandprocessin@f theinputdata
of aninteractve systemby a possiblycomplex sensoicon guration. It maybeunderstoodisa generalization
of theinput sideof the "workstation”conceptof GKS or PHIGS[FDFH90]. Thesegraphicsstandard$iave
introducedan abstracttonceptof a workstationwith abstracinput andoutputdevices. Theinteractionspace
architectureconnectghe physicalervironmentandthe applicationin anapplication-indepgdent manner

Figure 3.1 gives a suney of the architectureof the interactionspaceconcept. The useris embeddedn a
physicalinteraction space The physicalinteractionspaceis the physicalernvironmentin which the useris
present,augmenteddy display mediaand sensos which are the link betweenthe userand an interactve
application. Display mediamay be image-orientedsound-orientedor others. Sensorsanbe mechanical,
electro-magnetioypticalor others.Theuserclosesheloop betweermediaandsensors.

The sensorgleliver physicalsignalsaboutthe wishesof the user expressedy oneor moremodalities. The
signalsare processedn 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 derves relevant interaction spacefeatues The
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featuresspecifythe currentstateof thevariablepartof interestof the physicalinteractionspace. Thefeatures
aretransferredo thevirtual interactionspace Thevirtual interactionspaces a computetbasednodelof the

partof interestof the physicalinteractionspace.lt hasthreeroles. First, it may supportsensordataanalysis
by a model-base@pproach.This is indicatedin the gure by the arrov backto the sensorprocessingunit.

Secondjf sensorareusedwhich canbe controlled,like e.g. active camera®r robots,the virtual interaction
spacamaysendupdatingsignalsto thesensorcontrolunit. Third, thevirtual interactionspacerovidesfeatures
to thenext unit in the circle in the gure, the abstiact interaction space after possiblybeingtransformedy

an abstmaction mappingunit. The abstracinteractionspaces a place-holdeffor the application It hastwo

typesof output. The rst type of parametergontrol the application after possiblybeingtransformedoy an

applicationmappingunit. The secondype aredatashaving the stateof the abstracinteractionspacewhich

aresentto the display mediaasan interaction-spaceelatedfeedbackto the user The applicationperforms
the actiontriggeredby the applicationcontrol parameterérom the abstracinteractionspace andupdatests

displaymedia.

Thefollowing sectiongive additionaldetailsof the differentunits of thearchitecture.

3.2 Interaction SpaceConcept

Thefollowing subsectiorescribesherequirement®f applicationswvhich canbe partof theinteractionspace
conceptlt is followed by subsectiongxplainingthe conceptof physicalinteractionspaceyirtual interaction
spaceandabstracinteractionspaceThe nal subsections concernedvith the mappingunits.

3.2.1 The Application

The applicationis an interactive systemwhich providesinput and output. For our purposest is sufcient
that the outputcan be accessean the signallevel, e.g. video signalsor audiosignals. The signalscanbe
transferredo a suitabledisplayin the physicalinteractionspace.Thevideosignal,for instancecanbegiven
onvideoprojectorinsteadof a CRT or TFT screen.

For the model of the virtual interactionspace,t could be helpful if the outputof the applicationwould be
provided on levels closerto the contentsof the displayeddata. For example,it could be usefulto usethe
framesdisplayedontheprojectionscreerin our scenaridor asimulationof thelighting effectsof the physical
interactionenvironment.

The applicationhasto provide a device-independeninput interface which allows to changeits state. This
conditionis ful lled by mary interactve systemdy allowing to attachphysicaldevicesusingadriverinterface.
For example,in our scenariocof interaction,the mousepointerof a Windows-basedpplicationis controlled
by dataresultingfrom processindghe framesof the camerasuneying theregion of interaction.

3.2.2 PhysicallInteraction Space

The physicalinteractionspaceconsistf the physicalernvironment. The physicalervironmentcomprehends
themechanicspptics,sound etc. of theervironmentincludingthe body of the user theinputsensorsandthe
outputmedia.

3.2.3 Virtual Interaction Space

Thevirtual interactionspacds a computetbasedmodelof the physicalinteractionspace Analogouslyto the
physicalinteractionspacethevirtual interactionspacecanbe split into the physicalervironmentandthe user
behaior.
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In contrasto the abstracinteractionspacethevirtual interactionspacemnay consideithe concretecon gura-
tion of the given physicalinteractionspacefor exampleits geometridayout, the locationof the sensorsand
its illumination. In our scenariowe will seethatthe mutuallocationof the camerasandthe screenwill be
modeledin orderto derive the users handor arm positionin spacefrom theimagestreamsieliveredby the
cameras.

The modelof the physicalervironmentcanbe formulatedby ary mechanisnin usein the eld of computer
basedmodelingand simulation. Examplesare automata-basedpproachesr object-base@pproachedhe
stateof the virtual physicalervironmentis adaptedoy simulationwhich takesinto accountthe stateof the
physicalinteractionspace.Thelink betweerthe real physicalandvirtual-physicalervironmentis established
by the dataprovided by the sensors.

For example,the virtual interactionspacemight describethe geometryof the physicalinteractionspacethe
illumination, andthe camerasyepresentedby the possibilitiesof todays computergraphics. Furthermore,
it might containa biomechanicahumanmodelwhich representshe user The simulationhasthe goal of
permanenadaptatiorof the stateof thevirtual interactionspaceto the stateof the physicalinteractionspace.
The adaptatiorcanin particularconcernthe poseof the user thelighting, andthe behaior of the cameras.
The simulationmight alsocomprehendhe simulationof the real camerasyhatallows to comparereal and
simulatedmagedataasanadditionalpossibility of synchronizatiorof the physicalandthevirtual world.

An adwantageof a comprehense modellike thatis thatit may improve the reliability of imageanalysis.
Furthermorethevirtual world canbeheldin areasonablstateevenif the sensoréemporallyyield erroneous
informationor fail completely

A disadantageof the approachs thatreal ervironmentsoften arenot deterministicenoughin orderto allow

perfectmodeling. Furthermorethe computationatesourcego achieve interactve simulationspeedmay be
considerable As typical for models,howvever, the modelneedgo take into accountust thoseaspectsvhich
arerelevant for sensordataprocessing.For example,in the caseof speechinputit could be helpful to have
amodelof backgrounchoise,but theillumination of the ervironmentis of minorimportance.For computer
vision-basedensorstheilluminationis important,while soundusuallyneedsotto be modeled.Also within

onemodality simpli cations arepossible. The systemmay maintaina modelof the interactionervironment
andof justthosebody partsof the userwhich arerelevantfor the particulartype of interaction.Examplesof

relevantpartsof auserarethe handtip or hand the(fore)arm thehead,or, morecomprehensely, akinematic
chaindescribingthe upperbody

As alreadynoted thevirtual interactionernvironmenthasparametersvhich de ne theinterfaceof the physical
interactionspace.Examplesof parametersirea 3D point describingthe locationof a handin spacea line
describingthe direction of the arm, the location and orientationof a coordinateframe in spacegiving the
locationand orientationof the head,anda setof pointsdescribingthe spatiallocationsof the handsandthe
head.Theseparametersanbeinputandoutputparameters.

The physicalinteractionspacemight be complementedy behavioal model The behaior of the userfor
examplemeanghe performancef a sequencef actionsrelatedto a taskof interaction.Using a behavioal
mode] the systemcould simulatethe expectedbehaior of the user For instancejf the taskof interactionis
selectinga menuitem on the screenit canbe expectedthatthe userwill move the cursorto the appropriate
menuitem andactivatetheitem. During activationthecursorhasto be keptontheregion coveredby themenu
item. In thecaseof ourscenaridhistaskhasto beperformedoy holdingthearmstill. Becaus®f noisepresent
for severalreasongherecould be a notablecursormotionevenif the useris ableto keepthearmpreciselyon
thegoal. If the systenmwould understandhatthe userintendsto selecta menuitem, the cursormotion could
be particularlysmoothedr madelesssensitve againstarm motionin this phaseof interaction,in this way
simplifying thetaskof selectiorfor theuser

This is just a simple exampleand could be extendedto more sophisticatedisermodelingase.g. described
by [Yo0s03.
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3.2.4 Abstract Interaction Space

Theabstractnteractionspacegeneralizesoncretephysicalinteractionspacessimilarto abstractnputdevices
of GKS or PHIGS .Differentconcretgphysicalinteractionspaceanbe usedto controlanabstractnteraction
space.

For example,with respectto our scenarioof interactionwith a backprojectionwall, the abstractinteraction
spacecould be a model consistingof a rectangleanda line or line-sgmentin space. The rectanglemight
representhe screenandthe line-s@gmentthe pointing direction. The line-s@gmentmight have parameters
like positionandorientationin spacewhich de ne theinterfaceof the abstracinteractionspaceo thevirtual
interactionspace. The intersectionpoint of the line or extendedline-sgmentwith the screenexpressedn
coordinategelative to thescreenmightde ne theinterfaceof theapplication.

This exampleof an abstracinteractionspacecanbe controlledby differentphysicalimplementation®f an
interactionspace.An exampleis the computetvision-basecervironmentof gure 1.1. Theline segmentof
the abstractnteractionspacecanbe directly tied to the arm. Anotherpossibility could be to have the top of
atableseenfrom above by a video cameraasinteractionspace.A squareon the tabletop could be mapped
ontoa hemispherdy polarcoordinatesandevery point on the hemispherenight correspondo a directionof
the line segment. In this way motionsin the squareinducechangef orientationof the line segmentin the
virtual interactionspacelf thelocationshouldbe controlled,too, the modecould possiblychangedy ahand
posturesothatthe coordinatesn uenced by the squarecould now bethe x-y-, y-z-, or x-z-coordinatesThis
is a simpleexampleof indirectinteractionwhich canbe usedin orderto controlinteractve objectswith mary
dggreesof freedomin a physicalinteractionspacewith lessdegreeof freedom.Anotherexampleis to control
the deggreesof freedomof anobjectin theabstracinteractionspaceby smallmotionsof the nger of thehand
placed at on the tabletop, similar to a marionette. Besideshigh degreesof freedom,a reasonfor indirect
controlmay be that motion capturingmight not be preciseenoughin orderto mapthe users poseone-to-one
ontoanobjectin theabstracinteractionspacelike e.g.avirtual actor

As we seefrom theexampleslikethevirtual interactionspacetheabstracinteractionspaceoffersaninterface
of input parameterdor its control, and an interface of output parametersvhich usually control a concrete
application.

Oneway of feedbackthe usercanget on input actionsis from the output of the application. However, it
couldbe usefulto have additionalfeedbacldirectly from the abstracinteractionspace.For example,for the
sampleabstracinteractionspacewith the squareandtheline sgment,the squareandtheline sggmentcould
be graphicallydisplayedin an additionalwindow on the screen.Reasonsould be learningpurposesf the
useror parametecalibrationwheninitializing the system.

In simple casesjn particularif no model-basedupportis provided to sensodataprocessingthe abstract
interactionspacamaytake overtherole of thevirtual interactionspace.

3.2.5 Processingand Mapping Units

Theinteraction spaceprocessingunit takesthe raw sensordataandtransferst into parametersvhich de ne
theinterfaceto the restof the processinghain. The parametergrovide the datarelevantfor a specialmode
or type of interaction. Particular e xibility canbe achiezed if more than one interactionspaceprocessing
unit is allowed. For example,in chapter6 we will usepointing to the wall andhand-posture-basd gestures
simultaneouslyin this example,oneinteractionprocessinginit takesover the pointingpart,anda seconcone
the hand-posture-bad gestures.Both may deliver their outputparametersnto a further virtual interaction
spacewhichcomprehendbothtypesof input. Thisnew combinatiorcanbeconsiderecggainasaninteraction
spaceprocessingunit. The former interactionspaceprocessingunits togethertake over the role of a sensor
dataprocessingunit. This interpretatioreadsto a schemeof iterative combinationillustratedin gure 3.2.
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Figure3.2: Iterative combinationof interactionspaceprocessinginits.



3.3. MULTI-TYPE GESTUREINTERACTION 39

The sensorcontol unit allows a feedbackof sensordataprocessingo sensorswvhich canbe controlledby

computers.Ontheleft sideof gure 1.1,anactve cameras indicated.We will usethis cameran chapter6

for handtrackingin orderto getimagesof the handof reasonablesize for handposturerecognition. The
conceptalsoallows to integratemore e xible devicesinto theinteractionspacefor examplerobotsequipped
with sensordike e.g. cameraswvhich, in this way, canmove around. This scenariohowever, is beyond the
scopeof thisthesis.

Furthermoretheinput dataprocessingircle of gure 3.1containgwo so-calledmappingunits Theabstiac-
tion mappingunit assignsoutput parametersf the virtual interactionspaceto the control parameter®f an
interactionmodelin theabstracinteractionspace.The applicationmappingunit assignoutputparametersf
theabstracinteractionspaceo the parametersf the interactioninterfaceof theapplication.

Themappingunitsgive e xibility in connectinga virtual interactionspacean abstracinteractionspaceand
anapplication. A simple exampleis the adaptatiorof the rangeof an outputparameteto the domainof an
input parameteby e.g. a linear transformation. It also could happenthat one output parametehasto be
connectedo morethanoneinputparameteof thenext stage A morecomplicatedsituationmightbe mapping
m outputparameterso n input parametersvhat,however, possiblycouldbenot quiteintuitive to theuser

Thesensomprocessinginitof gure 3.1 mayalsobeunderstoogsanimplicit mappingunit which transforms
dataof the physicalworld into datafor computationaprocessing.For this reasonno explicit mappingunit

hasbeeninsertedbetweenthe sensomprocessinginit andthe virtual interactionspace.Section3.4 is devoted

to computetvision-basd sensors.

3.3 Multi-type Gesture Interaction

Ourinterestlies in theapplicationof gesturedor human-computeinteraction.We restrictourselesto hand-
andarm-basedjesturetypeswhich arecompiledin the rst subsectionThe subsectioralsoilluminatespos-
sibilities of processinghesetypesof gesturesn the architecturafframevork of gure 3.1. The subsequent
subsectiordescribeghe possibilitiesof combinationof seseral gesturetypesinto multi-type gestureinterac-
tion.

3.3.1 Hand- and Arm-based Gesture Types

We distinguish betweensix types of hand- and arm-basedgestures: point-selectingpointing gestures,
projection-basegbointing gesturesarm pointing gestureshead/hangointing gestureshand-basedanotion
gesturegor statichandgestures)andhand-basedotiongesturegor dynamichandgestures).

A point-selectingpointing gestue in the physicalinteractionspaces performedby holding oneof the hands
atadesiredposition.In thevirtual/abstracinteractionspaceghehandmayberepresentely a pointin a x ed

region in space.The x edregion canbe mappedone-to-oneon a region in the real interactionspacewhich

de nesasensitve region. Sensitiveegion meanghatthe handis acceptedsa point-selectingointinggesture
only if it is within theregion.

A projection-basegbointinggestue is apoint-selectingointinggesturavhichis combinedwith aplaneregion
in spacebeingsubjectof pointing. The planeregion canbe one of the facesof a spatialsensitve region of
thepoint-selectingpointinggesture For example,in thevirtual/abstractnteractionspacethe spatialsensitve
region may be givenin parameterepresentatiofi : Q ! IR3, Q = [0; 1]® the unit cube. The region pointed
at may correspondo the wall region de ned by f(u;v;0), (u;v) 2 [0;1]?. Letf(u ;v ;w ) bea gesture
point in the abstractinteractionspace. Thenits associatedpointing directionis de ned by the vectorfrom
f(u;v;w)tof(u ;v ;0). Theassociateghointingdirectionis anotheritem of the possiblevirtual/abstract
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interactionspace. A further item is the pointing goal which is the point f (u ;v ;0). The corresponding
pointing directionin the physicalinteractionspaces obtainedby theimplicit mappingbetweerthe physical
andthevirtual/abstractnteractionspace.

An arm pointing gestue in the physicalinteractionspaces de ned by thelocationof thelowerarmin space,
combinedwith a planeregion in spacewhich is subjectof pointing. The correspondindtems of a possible
virtual/abstracinteractionspaceareaplaneregionR in spaceandaline L. Theintersectiorof L andR isthe
pointinggoal. Theimplicit mappingbetweerthe physicalandthe virtual/abstractnteractionspaceassignd
to aline alongthelower arm,andR to a planeregion, like, for instancea projectionwall.

A furthertypeof pointinggesturds thehead/hangointinggestue, seee.g.[Koh99. In this casethepointing
line is determinedby connectinga referencepoint of the headwith a referencepoint of the hand. We do not
furtherusethis gesturetypein thefollowing.

A hand-basednotiongestue or dynamichandgestue is givenby atrajectorydravn into theair by moving the

handin the physicalinteractionspace Thecurwe is recognizedasa gesturdf it hascertainfeaturesDifferent
gestureshave differentfeatures. In the virtual/abstracinteractionspace the items are the sameas for the

pointinggesturesThis approachHeadsto two typesof dynamichandgesturesspatialdynamichandgestues

andprojecteddynamichandgestues The rst versionresultsif theitemsof point selectingpointinggesture
areused,the secondversioncorresponds$o projection-base@ointing or armpointing. In this casethe curve

drawn by the pointinggoalis takenasinput of gestureecognition.

A hand-postug-basedor static handgestue in the physicalinteractionspacels de ned by a postureof the
hand.A handpostures characterizetby the deformationof the handandbendingof the ngers (Figure3.3).
A handpostureis recognizedasa gestureif it hascertainfeatures. The itemsof a possiblevirtual/abstract
interactionspaceare a spatial sensitve region, a point in space,and a planecontour The plane contour
corresponds$o the handin the physicalinteractionspaceobsered by a camera.The point corresponds$o the
locationof the handin the physicalinteractionspace.The contouris only relevantfor gestureanalysisif the
pointis in the sensitve region anddoesnot move. Thesetwo constraintcanbe usedasa featurefor entering
or leaving the statichandgesturanode.Thisis onepossibility of implementingmulti-type gesturanteraction
whichis subjectof the next subsection.

Figure3.3: Examplesof statichandgesturesnd,in theright image theresultof handsegmentatiorfor hand
tracking.

3.3.2 Combining Gesture Types

Gesturesasa stand-alonanodality leadto the problemof decidingwhethera postureor motion of the user
is indeedmeantas a gesture. If multiple modesare available the coincidenceof eventson several channel
canbe usedas con rmation that the input hasbeenintended. In the caseof one modethis sort of time-
parallelredundang hasto bereplacedvith othertypesof redundang Possibilitiesproposedn thefollowing

arelocation-boundedundanyg, time-sequentialedundanyg state-boundedundang, andtime parallelredun-
dang.
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By location-boundredundancywve understandhata posturehasto occurat a certainlocationin theinterac-
tion spacein orderto be acceptedasa gesture.Examplesarethe sensitve regionsde ned in the preceding
subsection.

Time-sequentialedundancyneanghatnotjustasingleposturebut awell de ned sequencef posturesasto
occurin orderto beacceptedsagesture By demanding sequencef posturesthe probabilitydecreasethat
the sequenc®ccursaccidentally On the otherhand,however, gesturerecognitionhasto work morereliable
thanfor one gesturebecauseeplicationof a non-recognizedesturesequenceequiresmoretime thanfor a
singlegesture.

State-boundedundancymeansthat a gestureis only acceptedf the virtual interactionspace the abstract
interactionspacepr theapplicationarein a specialstate.

Time-paallel redundancymeanghat specialgesturesave to appearsimultaneously This requiresthat two
gesturexanbeexecutedsimultaneouslyAn exampleis to useboth hands gachexpressingopnehandposture.

In chapter6, aninteractionspacebasedon the interactionwall con gurationof gure 1.1is presentedvhich
allows to combineprojection-basegointing gesturesand static handgesturesnto multi-gesture-typenter
actions. It combineslocation-paralleland time-sequentiatedundang For example,pointing datamay be
deliveredonly if the handis sufciently closeto the backprojectionwvall. The hand-posturenight only be
evaluatedf the handis heldstill beforeperformingthe statichandgesture.

3.3.3 Multi-type Gesture Processing

The gesturesare capturedby one or more sensors. Se/eral con gurationsare possible. Therecan be one
sensorfor every gesturedisjoint groupsof sensordor every gesture,or overlappinggroupsof sensordor
every gesture.The latter in particularmeansthat a sensorcan contritute datato the recognitionprocessof
differentgesturesFor the computetvision-bagd interactie backprojectiorervironmentof gure 1.1,thetop
andsidecamerayield the datafor pointing,while the active cameraogethemwith thesecameragetthedata
requiredfor hand-postureecognition.

As alreadynotedin subsectiorB8.2.5, the probablymost e xible possibility of sensordataprocessings to
assignaninteractionspaceprocessinginitto every gesture Everyinteractionspaceprocessinginit recognizes
featuresof the gesturetype assignedo it. The featuresareforwardedto onevirtual interactionspace.This
interactionspaceperformsthe analysisof the receved multi-gesture-typénput stream.

This approachsketchedfor gesturescanalsobe appliedfor othermodalities. For example,we have imple-

menteda versionof the ervironmentaugmentedy a commercialspeechnput system.The speechnput has
beenusedfor singleword commands.Speechinput is assignedo an own sensordataprocessinginit with-

out supportingvirtual interactionspace which forwardsthe recognizedvordsto a virtual interactionspace
suppliedby additionaldatafrom camergprocessing.

3.4 Multi-Camera Data Processing

In this section,we presenta generalconceptof multi-camerasensoiprocessingvhich is a casestudy of the
interactionspaceprocessingunit of the interactionspacearchitecture. This conceptwill be emplgred and
specializedn the next threechapterdo threehand-andarm gesture-basenhteractionscenariosarm-based
pointing, projection-basegointing,andcombinationof pointingandstatichandgestures.

Figure3.4 givesa suney of thearchitectureof multi-cameradataprocessingA setof staticcameragprovides
imagesequencesf theregion of interaction.It is assumedhattheimagesequencearesynchronizedin our
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Figure3.4: An architectureof multi-cameralataprocessingTheimageshavs a 3D interactionspaceprocess-
ing unit. Theboxesrepresenprocessinginits,thearcsareannotatedvith the processedata.

implementationye have synchronizedrame-grabbindpy async-distrilaitor, aself-constructedmallhardware
module[DFH* 02].

Theimagestreamsanbetreatedn two ways. The rst oneis thateveryimagestreams processedeparately
This taskis performedby 2D interactionspaceprocessingunits. The secondoneis that several streamsare
processedogether This taskis taken over by a 3D interactionspaceprocessingunit. All theseinteraction
spaceprocessinginitsdeliver their outputdatainto a commonvirtual interactionspace.

3.4.1 2D Interaction SpaceProcessingJnit

A 2D interactionspaceprocessinginit consistsof numbersub-unitswith appropriatdnput and outputdata.
Figure3.5givesanovervien. Thearcsareannotatedvith the data.

The rst sub-unitis the sgmentationunit. Its input consistsof the framesdeliveredby the camera. The

taskof the segmentatiorunit is to determinethe dynamicregionsin the frames.Dynamicregionsareregions

not presenin imagesof the backgroundernvironmentwhich is assumedo be approximatelystatic. Dynamic

regionsarein particularthoseregionswhich representhe user "Approximately static” meanghat physical
objectsremainat their locationfor a longertime period,andthatillumination remainsthe samefor alonger
time, or bothchangevery slowly. Thusdynamicregionsbelongto thedifferencebetweerthebasicbackground
andthe currentimagesincea staticcameras assumed.

In ourimplementationsye useanapproactof sggmentatiorwhich maintainsaknowledgebaseatevery pixel
of every cameraon statesof the backgroundoccurringduring processingLeu0l, Leu0d. The knowvledge
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Figure3.5: Architectureof a 2D interactionspaceprocessinginit. The boxesrepresenprocessinginits, the
arcsareannotatedvith the processedlata.

baseis initialized in alearningphasewithout userin the interactionphase.lt is permanentlyupdatedduring
interactionin regionsnot coveredby the user In orderto decidewhich pixelsarenot backgroundfuzzyrules
areusedfor extractionof the relevantdataby comparisorof the knonvledgebasewith the currentimagedata
ateverytime duringinteraction.

Thedynamicregionsarefurther processedby theregion lItering unit. Its taskis to nd thoseregionswhich
arerelevantfor interaction.It reportsso-calledltered 2D regions.

Filtering canprimarily be performedby usingthe location of regionsin the framesof the input streams.The
reasonis thatin our scenariathe locationof the relevant body partsis oftenwell de ned. For example,the
handof the useris the partof theregion de ned by theuserwhichis closesto the projectionwall.

Thesecondcriterionmaybe color. Color concerngnainly the color of skin,andcouldbeusedfor instanceif
the handshave to belocatedin the caseof transferringthe users poseone-to-ongo anavatarin the abstract
interactionspace.

A third criterionmaybethe shape Accordingto our experiencehowever, shapehadturnedoutto be particu-
larly unreliablein this phase.

It might happenthat the region identi ed by thesecriteria doesnot exactly representhe desiredpart of the
user or evendoesnotatall. A furtherdimensionof ltering is openedoy thefactthata streamof sequences
are available. Time-basedegion Itering allows to analyzethe behaior of regions over time. Underthe
assumptiorthat the shapeof contoursshould changeonly moderatelyfrom frameto frame, large changes
indicateerrorsand possiblybe correctedn the currentcontourusing precedingcontours. An exampleis to
replacea segmentof this type of the currentcontourwith the correspondingegmentof the old contour An
approacho time-basedegion Itering is presentedn chapters.

The ltered 2D regionsaretransferredo the featue extractionunit. The featureextractionunit extractgeo-
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metricfeatuesrelevantfor interaction. Geometricfeaturesarederived from the ltered regionsaccordingto

therequirementsf thetaskof interactionto be performedn thevirtual interactionspace Geometrideatures
canbe parameterspecifyinglocationandscalingof rigid bodies,or locationand shapeof non-rigid bodies
representingpartsof interestof the user The mostsimplecaseof "bodies” arepointsandlines. A point may
for examplerepresenthelocationof a handin spacealine mayrepresenthedirectionof a straightarm.

The geometricfeaturesarethe input of the virtual interaction space The mostsimplecaseis a passie user
model. This meanghatthefeaturedataareidenticalwith themodel. For example thenew pointingline found
for armpointingmayimmediatelydeterminghe models pointingdirection. Thedif culty with this approach
is thatthe pointing directioncould be unstableand nenous, becausef thein uence of segmentationerrors
andnoise. A solutioncould be to provide the modelof thearmwith a Iter. The Iter couldbe a heuristic
low-passlter, but alsoaphysicalsimulationmodellettingthearmreacton theinputdatawith acertaininertia.

Thedifferentprocessinginitshave controlparametergvhichin uence theirbehaior beyondtheimage-based
data. A typical examplearethresholdvalues. The objective parameterslescribethe quality of the current
behaior of thesystemandcanbein uencedby the control-parameterdlypically, the controlparameterare
presetor canbeinitially setinteractvely. An alternatve possibility is to usea parametercontiol unit which
is arrangedorthogonallyto the chainde ned by the processingsub-units. The parameteicontrol unit uses
the objective parameterprovided by the otherunits. It triesto optimizethe objective parameter®nline by
modi cation of the controlparametersf the processingub-units.

3.4.2 3D Interaction SpaceProcessingJnit

Figure3.4 givesanoverview of the component®f a 3D interactionspaceprocessinginit. A 3D interaction
spaceprocessinginit processeseveral, or evenall, cameramagestreamdogether In the rst phasehow-
ever, sggmentatiorandregion ltering is performedseparatelyor every imagestreamanalogousliyto the 2D
interactionspaceprocessinginit. Technically theresponsiblesggmentatiorandregion Itering sub-unitscan
be sharedby the differentinteractionspaceprocessinginits. At ary time step,every region ltering sub-unit
deliversits Itered 2D regionto a3D region ltering unitwhichis thenext sub-unitin theprocessinghainof a
3D interactionspaceprocessinginit. The3D region Itering unitfusesthe2D regionssegmentsobtainedrom
thedifferentcamerasin thefollowing we explainapossiblemethodof fusionfor two camerasfor illustration.

We assuméhatthe camerahave beenexternally andinternally calibrated jncluding their absolutepositions
andorientations Eachof thetwo imagess partitionednto cells,e.g.by aregulargrid. Eachcell togethemith

the viewpoint of the camerade nes a viewing pyramidin space.All pairsof intersectingviewing pyramids,
consistingof one pyramid from every camera,are determined. The pairs can be found ef ciently in a 2d-

settingusing epipolargeometry[Fau99. Thosepairs are remosed which containa pyramid inducedby a
cell notintersectingoneof theimageregionsunderconsiderationFurthermordhosepairsareeliminatedfor

which both inducing cells of the two pyramidsdo not belongto the objectof interest. If both cells belong
to the objectof interest,the pair is de niti vely reported.If onecell belongsto the object,andthe otherdoes
not, the pair is tentatvely reported. The reportedsetof cells de nes a spatialhull of the desiredobject. By

information aboutspatialgeometryof the usermodel, the reportedset of pairsis further reduced. By the
describedconsideratiorof heterogeneoupairsit is possibleto meige segmentsor reducesegmentswhich

arenot correctlydeterminedn oneof theimages. The decisionof the membershipf cells of imagesfrom

differentcamerago the sameobjectis basedon color information. This approacthasbeenimplementedyy

Leifkes[Lei02] usingcomponent®f the systemof thisthesis.

A typical exampleis thedeterminatiorof thearmregionsin the scenariaf Figurel.1. Thearmregionshave
approximatelythe samecolorin thetop andsideview, andcanthusbe matchedoy this property By consider
ably differentviews of the cameraslike in the examplewith the pointingarm, mary irrelevant segments for
instancecausedy peoplein the backgrounar illumination effectslike castshadavs canberemoved.
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In contrastto the arm, other objectsmight have differentappearancé&om differentviews. An interesting
problemin this caseis to determinehelocationof the spatialobjectfrom the views provided by the cameras.

In chapters we will presentanotherrealizationof theideaof 3D region Itering which usesthe specialgiven
con gurationin orderto reducethe computationatequirements.

The resultof the 3D Itering unit canbe 2D regionsfor every imagestream,or 3D regionsresultingfrom
fusionof the 2D regionsof thedifferentcameramages.They aretheinput of therestof the processinghain
which consistsof a featule extraction unit anda virtual interaction space analogousiyto the 2D interaction
spaceprocessinginit. In the sameway, a parametercontol unit is attached.

3.4.3 Implementation

Today a computetvision systemlike the onedescribedn this sectioncanbeimplementedon a network of

personatomputerssonnectedy a 100MBit Ethernet.Every cameramightbe attachedo its own PCwhich

is responsiblefor frame grabbingand segmentation. Frame-grabbingan be synchronizedvy the already
mentionedsync-distrilnition hardvare.

The sectionfrom region analysisup to abstractionmappingof all interactionspaceprocessingunits may
occuy anotherPC which additionally can be responsiblefor parametercontrol. This PC also keepsthe
commonvirtual interactionspace.For a high numberof camerasor for virtual interactionspacesisingtime
consumingsimulationsmorethanonePC couldbeused.

Theapplicationcanrun on anindependentomputingervironment,usuallyalsoa PC, beingpart of the net-
work. The computerof the applicationcanalsotake over the outputof the application. If a more comple
medial outputis required,a suitablesubsystentould be addedin the sameway asit would also be done
without computetvision-basd input.

The computersamay communicatedy Corba[MZ95]. Corbasatis esthe communicatiorrequiremensince
justresultsof sgmentatiorandcontrolvaluesof moderatesizearetransferreetweerthe computersput no
images.

Basedon con gurationsof thistype,atypical rateof 8 processeframesperseconds achiered by theimple-
mentation®f thecasestudiesdescribedn thefollowing threechapterof thisthesis.Thisframeratds already
suitablefor interaction,althoughmoreis desirablewhat, however, canbe expectedby the future advancein
hardware.
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Chapter 4

Arm-based Pointing

Arm-basedointingwith aprojectionwall astreatedn this chaptelis basednthelocationof thestraightarm
of theuserin space Fromthelocationof thearm,aline in spacds derived. Thelocationof theline in space
is usedfor furtherinteraction.For instancetheintersectiorpoint of theline with the projectionwall de nesa
locationonthetwo-dimensionascreernwhichis forwardedto the applicationfor furtheruse.

Theemphasi®f this chaptelies on the problemof constructiorof the pointingline.

Problem: 3D Arm-based Pointing
Input. Dataaboutthelocationof theusers armin space.

Output. A pointingline correspondingo thearmlocation.

Thedataaboutthe locationof theusers armis acquiredin theinteractionspaceof the scenaricof gure 4.1.
In this interactionervironment,the dataconsistsof two imagesof the arm, onefrom eachof the observing
cameras.

Figure4.1: Con guration of a computetvision-bagd interactive backprojectiorwall for interactionby poin-
ting.

47
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Figure4.2: Adaptationof the generalinteractionspaceconcepto armpointing.

At leasttwo possibilitiesexist to solve this problem.The rst oneis to derive a 3D-reconstructiomf theusers
armfrom theimagesandto determinethe pointing line from the reconstructionThe secondalternatve is to
determine2D pointinglinesin eachof the givenimagesandto derive a 3D pointingline from the 2D lines.

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

Input. Two imagesof theusers arm,takenfrom two differentviews.

Output. A pointingline correspondingo thearmlocation.

A disadwantageof the rst approachs the high methodicalandcomputationatequirement.The dangemwith
thisapproachs thatinteractve ratesmight notbeachieved. Further the precisionof proper3D-reconstruction

is probablynot requiredbecausef theinteractionloop in which theusermay correctnottoo large deviations
of thepointingline. For thatreasonsve will follow the secondpossibility

In termsof the generaframenork, our approacho pointingline constructionss structuredasshavn in g-
ure4.2. We give a brief outlinein thefollowing.
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First, the phaseof sgmentation performedby the sggmentationunit, determineghe region coveredby the
userin the currentframeof theinputimagesequencelNext, theregion coveredby the useris extractedby the
2D region ltering unit. Fromtheresultingdata,a 2D pointingline is calculatedy thefeatue extractionunit.
Thedetailsof thesestepsavhichtogethede ne thesensomataprocessingunit for every cameraaredescribed
in section4.2. The 2D virtual interaction spacegust storesandforwardsthe 2D-pointingline. Togethemwith
thesensodataprocessinginit it de nestheinteraction spaceprocessingunit of a camen.

Next, from the 2D pointing lines yieldedby the interactionspaceprocessinginits of the two camerasa 3D
pointing line is constructedn the 3D virtual interaction spaceof gure 4.2. A crucial point of this stepis
calibrationof the interactionspace.Calibrationmeango determinghe mappingbeha&ior andthe locationof
the camerasandthe locationof the backprojectiorwall in orderto be ableto concludefrom the 2D image
datato the spatialgeometry Giventhe calibrationdata,somegeometriccalculationdeadto the desired3D
pointing line andan intersectiorpoint of the line with thewall (screerpoint). Section4.3is devotedto this
step.

A straightforvard implementatiorof this approachon a frame-by-framebasisusually shavs an unfavorable
behaior. The main reasonis that segmentationdoesoften not work perfectly for imagestaken in natural
ernvironmentsof interaction. Becauseof sggmentationerrors,the region representinghe arm canchangeits

shapeconsiderablyfrom frameto frame. In the thesisby Leubner[Leu02 having emegedfrom the same
project, several attemptshave beenundertakn in orderto improve sggmentation.We extendtheseattempts
in later phasesof gestureprocessingoy taking into accountmore global knowledge aboutthe processof

interaction(Sectior4.4).

Our calculationsof 3D-datafrom the cameraimagesmale useof pinhole camera-basedpproachesf 3D
computewision[Fau99. Thecentralde nitions of the pinholemodelarerecalledin the next section.

4.1 The Pinhole CameraModel

In the notationof Zhang[Zha0Q, the relationshipbetweena 3D pointp = (X;y;z) andits projection
m = (u;Vv) accordingo the pinholemodelis

sh = A(Rp +t): 4.1

wheres is anarbitraryscalefactor i := (u;v;1) denotegshehomogenizatiorof m = (u;v), obtainedby
addinganadditionalcoordinatel. Thenotation* will beusedthroughouthetext for thisoperation.The3 3
matrix of rotationR andthe 3D vectorof translationt relatea givenworld coordinateframeto the camera
coordinatédrame. The camer coodinateframehasits origin in theopticalcentey its x- andy-coordinateaxes
in parallelto theimageplane,andits z-axisalongto opticalaxisof the cameraTheworld coodinateframeis
locatedsomeavherein the ervironmentobsered by thecameraR andt arecalledextrinsic parametes.

Thematrix
0 1

Uo
A=B0 vk (4.2)
00 1

representgheintrinsic parametes of thecamera. and arerelatedto thedistancebetweerthe centerof the
lensandthe imageplane,calledeffectivefocal length anddescribethe horizontalandvertical scalingof the
pixels deliveredby the CCD-chipof the camera.(ug; vo) denoteghe coordinate®f the principal point with
respecto theimagecoordinatdrame. describes possibledeviation of thehorizontalandverticalaxesfrom
orthogonality
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The relatve positionof two camera<C; andC; canbe describedby a rotationmatrix Rjj anda translation
vectortj; which establishthe relationbetweernthe cameracoordinateframesof the rst andsecondcamera
accordingo

pj = Rij( rot; rot; rot)Pi t+ tij (4.3)

pi andp; denotecoordinate®f the samespatialpoint, with respecto the coordinatérameof cameraC; and
with respecto the coordinatérameof cameraC;, respectiely.

A morerealisticmodelis obtainedby taking into accountlensdistortion Lensdistortionis modeledby a
function which is appliedto the (undistorted)imagepointsm = (u;v) generatedy the standardpinhole
model,

m=m+(m mg) (ki(x*+y?)+ ka(x*+ y?)?)

wherem = (t;v) is the pointin theimageof thecamerawith lensdistortion,and

y= : (4.4)
X= ———; (4.5)

arenormalizedcoordinate®btainedby referring(u; v) to theimagecenterm g = (ug; Vo) andby elimination
of scaling[Zzha0Q. k; andk, areparametersvhich describehe amountof lensdistortion.

4.2 Calculation of the 2D Pointing Dir ection

Thecalculationof the 2D pointingdirectionusesdatadeliveredby segmentatiorof a singlecameramage.

Problem: Calculation of the 2D Pointing Dir ection
Input: A regionde ning thearm,deliveredby sggmentation.

Output: A line de ning the pointingdirection.

Thedataof sggmentatiorconsistdn anotnecessarilgonnectedegion of theimagerepresentinghearm. We
assumehedatagivenin acon guration-speci cway.

Fromthespeci ¢ mutualarrangemendf theuser thecamerasandthebackprojectiorwall we know onwhich
side of the imagethe handis located,and how the arm traversesthe image. Dependenon the direction
of traversal,segmentations performedin overlappinghorizontalor vertical rectangulaistripescovering the
image. The stripesarein parallelto the projectionwall, asshavn in gure 4.3. In eachsubimagele ned by
oneof thestripes segmentatioryieldsthe corvex hull of thedetectedtontourpixels. Thecorvex hulls arethe
input of our algorithmof 2D pointingline detection.

In anext step,thestripesareprocessedccordingo increasinglistancgrom the projectionwall, startingwith
theoneclosesto thewall. The rst stripe,which containsa corvex hull, is assumedo containthe handof the
user Eachneighboringstripecontaininga hull polygonwith a similar sizeis supposedo belongto thearm.
If alargedeviation betweerthesizesof two neighboringhull polygonsis detectedthe algorithmconcludego
have reachedhebody In this casestripeprocessings terminated.

Thesizeof ahorizontal/ertical stripei is de ned asthe horizontal/ertical extensione; of the hull polygon.
Thedeviation of two consecutie stripesi andi + 1is measuredy r; := e=q+; wherewe assumdhatthe
stripesarenumeratedrom theborderof theimage.Stripei is takenasanarmstripe,aslongasr; < ¢y, o > 1
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Figure4.3: Toprow: Contourapproximatiorof theuserin theimagesof thewall camergright) andtheceiling
camergleft). Thecontourof thearmis approximatedy aunionof corvex hull polygonswhich arevisualized
in thepictureasline drawings. The polygonsarecalculatedn stripe-shapedub-imagesrrangedorizontally
andvertically, respectiely. The darkenedregion of theimageindicatesa region which is recognizedy sey-
mentationas de niti ve backgroundLeu0Z. Bottomrow: The detectedooundarybetweenthe armandthe
bodyis indicatedby a vertical or horizontalline, respeciiely. Furthermorethe approximategointingdirec-
tionsaredepictedby straightlines tted to the centroidsof the corvex hull polygonsof the stripes(indicated
by white crosses).

aconstantLet k bethe rst stripeviolating this condition. Thenin this andall subsequerframesthe stripes
1;:::; k areassumedo de ne thearmregion,aslongascy rx ¢;. If thelatterconditionis violatedanew
k is calculatedor thecurrentframe. A suitablechoiceis co = 1:65andc; = 1:8.

For eachhull polygonclassi ed belongingto the arm, its centroidis calculated.A straightline is tted into
the setof centroidsby the leastsquaresnethod[BSM80]. This straightline is taken asthe pointingdirection
in theimage( gure 4.3,bottom).

In the casethat cameradistortionis taken into accountthe centroidshave to be correctedoy elimination of
distortionbeforethelineis tted. Thereasons thattheimageof astraightline in spaces usuallynot straight.
De-warpingcanbe performedby executionof theiteratve scheme

_ U Y+ Ug, _ Vt Vo,
Xt41 = ——————— Yi+1 = ;

P (Xte1 3 Yi+1) = kl(xt2+1 + Yt2+1) + kZ(Xt2+1 + )/t2+1)2

b+ Ug! (Xt+1;Yt+1) . L= v+ Vol (Xt+1;Y+1) .
R y Vi+l — R )
1+ 1 (X1 Ye+1) 1+ 1 (Xte1; Ye+1)

where! (x;y) = ki(x?+ y?) + ka(x? + y?)?, kq, ko thecoefcients of distortionobtainedoy cameracalibra-
tion[Zha0qQ, &, wthedistortedcoordinatesilt, v; approximation®f theunknavn undistorteccoordinatesand
(up; vo) theimagecenteifFau99. Theiterationis startedwith the givendistortedcoordinatessanestimation
of thewantedundistorteccoordinates,

Ut+1 =

Up i= & V1= W
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Experiencealsodocumentedh literature[Fau99, shavsthatagoodapproximations usuallyachiezedwithin
lessthaneightiterations.A disadwantageof theapproachs thatcorvergencecannotbeguaranteedin practice
we stopiterationif the differencebetweenthe resultsof to subsequenstepsof iterationis lessthana given
smallthresholdor 20 iterationshave beenperformed .20 iterationshave never beenreachedn all applications
of thesystem.

4.3 Calculation of the 3D Pointing Direction

Thenext stepis to transferthe 2D pointingdirectioninto space.

Problem: Calculation of the 3D Pointing Dir ection

Input: Thetwo 2D-linesfrom the precedingsection,the matricesA j, A; of theintrinsic parametersf the
two camerasthe mutualarrangementf thetwo camerasandparameter® i, tik, Rk, tjx describing
the mutualarrangementf thetwo cameragndthebackprojectiorwall.

Output: The3D-line.

The basicidea of solutionis to intersectthe planesde ned by the centerof an undistortedvirtual camera
andthe 2D-pointingline in its (undistorted)mage. In the caseof two camerasthe intersectionconsistsof a
3D-linewhichis usedaspointingdirection.

The rst steponthiswayis to determinghepositionsof thecamerasndthesizeandpositionof the projection
wall. Thisis performedin a calibrationstepwhich yields the datawith respecto a world coordinateframe
introducedn therealinteractionspaceof theuser The calibrationproceduras describedn sectiorn4.3.1.

Thedataallowsto calculatethe 3D pointingline with respecto theworld coordinatdrameandtheintersection
point of the pointingline with thewall. The detailsarepresentedh sectiond.3.2.

4.3.1 Euclidean Calibration

Theapproacho calibrationof ourinteractionervironment( gure 4.1)proposedn thefollowing requiresonly
moderateeffort andachieressufcient precisionfor vision-basednteraction.Thecalibrationis performedop-
tically, andalmostno manualmeasurings necessaryit useghecameracalibrationmethodby Zhang[Zha0Q
in orderto determinethe intrinsic cameragparametersand consistsof a sequenc®f stepsfor extrinsic cam-
eraandwall calibration. The performanceof the approachs experimentallyanalyzedin section5.3.6and
comparedo alternatve approachdescribedater.

Usingthe pinholecameramodel,calibrationof theinteractionspaceds performedasfollows.

Algorithm: Euclidean Calibration of the Interaction Space

Input: Theinteractionspaceof gure 4.1with atleasttwo observingcamera<C;, andanadditionalreference
camera.

Output: A world coordinateframe, theintrinsic parametersf the camera<C;, andthe extrinsic parameters
R andt; of C; with respecto theworld coordinatdframe.

Steps:

1. Chooseaworld coordinatdramesothat
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its x-y-planecoincideswith the backprojectiorplane
its z-axisis perpendiculato the backprojectiorplane
theunit on all axesis centimeter

Theorigin canbe choserarbitrarily on the backprojectiormplane.
2. Executeintrinsic calibrationof the observingcameras.

3. Executeextrinsic calibrationof thereferencecamera.The referencecameras locatedin front of
thewall, with view onthebackprojectiorplane.

4. Determinethe extrinsic parametersf the rst observingcameraelative to thereferencecamera.

5. Determinethe extrinsic parameter®f the otherobservingcameragelative to the rst observing
camera.

Sincethelaststepusesthe rst observingcameraasthe referencecameraor calibrationof furtherobserving
camerasandnoneof the further observingcamerads usedin the stepbefore,one of themcanbe usedas
referencecameran step3, mountingit afterwardsto its observinglocation. Thusanadditionalcameras not
necessarilyequired.

Thedetailsof step2 to 5 areasfollows.

Step2. Intrinsic calibration of the obsenving cameras

For intrinsic calibrationof the observingcamerasand the referencecamerawe usethe calibrationmethod
of Zhang[Zha0(Q. However, otherclassicalmethodsfor calibrationof the intrinsic parameter®f a pinhole
cameralike e.g.[Tsa86, mayalsobeapplied.

Zhangusesacalibrationplaneshaving a patternof squaresaswe do, too. Theorientationof theplanede nes
the locationof the world coordinateframe. Its origin andits x- andy-axesarein the calibrationplane,and
the z-axisis perpendiculato it. This de nition impliesthatthe calibrationplanehasthe equationz = 0in
theworld coordinateframe. The unit on the coordinateaxesis centimeter In this way, the world coordinates
of thefour cornersof every squareon the calibrationplanecanbe easilydetermined.Thesecornersareused
ascalibrationpoints. For calibration,picturesof the calibrationplanearetaken by the camerafromk 2
differentviews.

Step 3. Calibration of the referencecamera

Thereferencecameras usedin orderto relatethe backprojectiorwall andthe observingcamerasilts intrinsic
parametergre known from the precedingstep. In orderto determineits extrinsic parametersa computer
generatectalibrationpatternaccordingto Zhangis displayedon the backprojectionwall ( gure 4.4). The
locationsof the calibrationpoints p de ned by the patternare known by the indices of the pixels of the
displayedpatternimage. Fromthesedata,the unknavn extrinsic parameter® ; t . of thereferencecamera
arecalculatedoy the methodof Zhang[Zha0Q.

After doing so, the referencecameraneverthelessstaysat this position,for calibrationof the rst observing
cameran thesubsequenrgtep.

Sincethe calibrationpointsp aregiven by their pixel indices,but the unit of the world coordinateframe of
the overall systemarecentimetersthetaskremaingo transferthe valuesof the parameterérom pixel unitsto
centimetersFor this purposea scalingfactorpixel-per-centimeter (ppd mustbe determined.Thisis done
by pastinga calibrationrectanglewith known diagonallengthgcn in centimetersn the backprojectiorwall
(gure 4.4). Letp; andp» betwo diagonallyoppositecornersof the calibrationrectanglerepresenteth pixel
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Figure4.4: Left: A referencecamerais locatedin front of the backprojectiorwall anda calibrationpattern
is projectedon the backpojectionscreen. Right: A calibrationrectangleof knowvn size which is pastedon
the projectionscreenn orderto determinethe scalingfactorbetweerthe unit of screerpixels andthe unit of
centimeter

units. We determinghemfrom theirimagesm 1 andm in theimageplaneof the calibrationcamerapusing
equation(4.1),by

pi = RYAMM to);i= L2 (4.6)
Thenthefactorppcof conversionbetweerpixelsandcentimeterss obtainedoy

ppc:= ”plqcﬁ (4.7)
m

Alternatively, the coordinate®f the projectedpatternmight be directly measureananuallyon the projection
wall, but this approaclwould be moreelaboratre thanthe onejustdescribed.

Step4: Extrinsic calibration of the rst obsewing camera

The rst observingcamerds now placedatits nal positionwith respecto the backprojectiorwall. Thegoal
of extrinsic calibrationin this stepis to nd the relative positionof the observingcameraandthe reference
cameraTherelative positionof two camerass describedy

Po := Reo( rots rots rot)Pct teo (4.8)

wherep ¢ andp, denotecoordinate®f thesamespatialpoint, with respecto thecoordinatédramesof reference
cameraandthe observingcamerarespeciiely. Thisrelationresultsfrom equation(4.3).

Step4 consistof two stepscalculationof the 3D world coordinate®f aball, anddeterminatiorof therelatve
positionof thereferencecameraandthe observingcameraThe stepsaredescribedn thefollowing.

Calculation of the 3D cameracoordinatesof a ball

A ball with known radiusr ¢, is usedascalibrationobject.In the projectionplaneof thecameraheball
becomesnellipse.However, thedeviation of theellipsefrom a discis extremelyminor. For thetypical
intrinsic camergparameters

0 1
222299  0:947957 975193

A=% 0 221228 686043 X
0 0 1
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which we have obsered in our implementatiorof the systema ball of size10 cmin a distanceof 200
cm to the camerayields a disc of a diameterof 11.9 pixelsif projectedonto the centerof the image.
If projectedcloseto the boundaryof the cameraimage,the differencebetweenthe lengthsof the two
main axes of the resultingellipseis just 0.1484pixels. For thatreasonwe will performthe following
calculationfor adiscinsteadof anellipse.

Thediscis separatedrom therestof theimageby simpleimagesegmentation.The centerpointm , =
(uz;v2) andtheradiusrpixe Of the disc are calculatedin cameracoordinatesanda pointmq =
(uz;v1) ontheboundaryof thediscis selectedThentherelatedspatialpointsp ; andp, arecalculated
in camerecoordinatesasshavn in gure 4.5.p is obtainedrom

Figure4.5: Calculationof the positionof a calibrationball.

1, (A th) A thy
JA rivagji A o) ”
r

sin

= Cos

h
P27 A T
whererfi1 ;= (ug;vy; 1) , iz = (uz;ve; 1) , andtheformulaonthelastline resultsfrom resolving
h
A trhojj
for p,. This calculationis performedfor both camerasat n differentpositionsof the calibrationball,
resultingin n positionpairs(pc:i; Po:i) Wwherec standgor the calibrationcameraando for the observing
camera.Thecorrespondingointsarestoredin thesetsX : = fpc.1; i pengandXo = fPo1; i Pond
which areusedin thefollowing for detectiorof therelatve positionof thetwo cameras.
Jusin = 3differentball positionsaresufcient, but practicaltestshave shavn thatatleastsevendifferent

positionsareneededo getasufciently accuratesolution. The locationsof the pointsaresigni cant as
they shouldcoverthewhole spaceof interaction.

R A ', R 1

m2=A(Rp2+1t)

Determinationof the relative positionof the observingand the referencecamera

Therelative positionof the observingandthe referencecameras determinedas solution of the mini-
mizationproblem
miny.y ., Jitcok  tea]® With teo = (X1 Y;2) ; (4.9)
k=1

where

tcok = Pok  Recol rot; rot; rot)Pek; kK2 f1:5ng (4.10)
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andn is thenumberof ball positions.

We solve the optimizationproblemby an evolutionarystratgy andreferto [Sch94 for details. In our
case,the chromosomeof the evolutionary algorithmis a vector of real numberswith a chromosome
lengthof three,

g=( rot; rot; rot) = (O1; ;%) (4.11)
where ot rot; rot aretheanglesof therotationmatrix. ThesearctspaceQ of theindividualsq is
Q=fg=(wH®) jm2[ ;+ ]I m=123g (4.12)

where and+ arethelowerandupperboundsof thefeasibleanglesof rotation.

Thede nition of the tness functionis basednt ¢, k 2 f1;:::;ng. The tness functiong is de ned
asthevarianceover all thosevectors,

P
LU (teoy ) (teon )
=1 teoy (4.13)

9(q; Xc; Xorteos it teon) =

gi=
1 P
n
whereX ; andX ; arethe setsof usedtestlocationsof theball seenfrom the calibrationandobsenration
camerarespectiely.

After initialization of the population, the recombinationschemeexecutesone-point-crosse@rs and
normal-distrilited mutations. A crosseer producesew individualsin the searchspaceby marrying
N =2 parentpairsof the currentN individualsrandomly Eachpair creategwo children. Let g} andqjt
betwo parentindividualsattime t. Thenthetwo childrenare

(

t+1 . t+1 t+1 t+1 t+1 . _ qu if g=X — 1.0
= (0;1 Bz s Big ) with P e ( plq else g=1,2;3 (4.14)
t+1 . ( t+1 t+1 t+l) with pt+1 = p{;q ellfse q= X q= 1:2:3 (415)

(e
whereX 2 [1;2; 3] is randomlychosenwith uniform probability

Thesecondoperationmutation,modi es all genesof the createcchildren. The amountof perturbation
is acrucialissueof this operation.Too large mutationmay causehe evolutionaryalgorithmto oscillate
or converge erroneouslyandtoo smallmutationmayleadto a sluggishcornvergence.ln orderto reduce
the problem,afraction

si=1 X@ & (4.16)

is introducedwhichreducegheeffect of mutationovertime,wherex 2 [0;1]is arandomnumbert the
time stepof the currentgenerationandm the maximumnumberof generations.The new individuals

generatedby mutationarep andpt"1 attimet + 1,
Pio =1s (@ 1) s ()+pg (4.17)
Pg =1 s +(@ 1) s ( )+pgwithg=123 (4.18)

wheretheuniformly choserrandomnumber 2 [0; 1] setsthedirectionof mutation.

The proposedelectionschemds acombinationof the( + )- andthe(; )-stratgy. N childrenare

createdby N parentdike for the(N + N) stratgy [Sch94. In orderto avoid too fastconvergenceto a

local optimum,the childrenreplacetheir parentonly if they have better tness values.This resembles
the(N; N)-stratey.

Theevolutionaryalgorithmterminatesatthe maximumgeneratiomumber Thechromosomef thebest

individual creategherotationmatrix andthe translatiorvectorof equation(4.8).
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Step5. External calibration of further obsewning cameras

Thesecondandpossiblyfurtherobservingcameraarenov mountedattheir nal positionwith respecto the
backprojectiorwall. Thereferenceeamerds nolongerneededsothatit canbeusedfor this purpose Another
iterationof the externalcalibrationmethodanalogoudo that of step4 detectgherelative positionsof the two
observingcameras.Therole of the calibrationcamerais taken over by the alreadycalibrated rst observing
camera.Thefollowing rulesof transformatiorcanbe usedfor extractingexternalcalibrationdatafor camera
pairsnotexplicitly considered.

ThetransformatiorbetweercameraC; andC; is calculatedromthetransformatiorp; = Rj pj+tj; between
Ci andCj by Rj; = Rij1 = Rij andtj; = Rij 1tij. If the transformatiorbetweencamerapairsC;, Cy
andCy, C; aregiven,thetransformatiorbetweerthe camerapair C; andC;j is givenby Rjj = Ry Rk and
tij = Rygjtix + ti

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

4.3.2 Calculation of the 3D Pointing Dir ection

The 3D pointing directionof the armis determinedasfollows. For every camerathe planespannedy the
optical centerof the cameraandthe 2D pointing line, which hasbeen tted in the image as describedin
sectiond.2,is determined.The planesarecalculatedwith respecto the perspectie projectionof the camera
model. Let m;.1 andm;.» betwo arbitrarypointson the 2D pointingline tted into theimageof cameraC;,
andmj; ; andmj; » two arbitrarypointson the 2D pointingline from cameraC; . Let ¢j undc; betheoptical
centerf the cameragelative to the coordinateframeof the projectionwall. Thetwo planesarespannedy
thepairsof vectors

Vii= A, tsiamig; vie = A tsiomio

Vi1 = A s amy1; Vi2 = Aj 'S 2mj 2
wherethesy; > 0 arearbitrary andA; andA; aretheintrinsic mappingmatricesof thetwo camerasHence
the normalvectorsof theplanesare

li= Vi1 Viz2; lj = Vj1 Vjo:
Theintersectiorof both planesyields a straightline in spacethatis taken asthe desiredpointing directionin
gure 4.6. Its directionis
a= Ii |j .
Thepointp onthe projectionwall to which theuserpointsis calculatedastheintersectiorpoint of the plane
of theprojectionwall andthejust calculatedpointingline as

p=c¢+ Vi1t a
where and aresolutionsof the systemof equations
Ci+t Vii=¢ + 1 Vi1t 2 Vi2iGz+ Vit a8 =0
Hereci+ v;.1isthestartingpointof theray, anda its direction. The rst equationgellsthatthestartingpoint
lies on the planeinducedby the secondcamera.The secondequationexpresseshe conditionof intersection

of theray with the projectionwall, usingthat the coordinatesystemis locatedon the projectionwall sothat
the z-coordinateof the pointson thewall is equalto 0.

This schemeof calculationhasbeenappliedin asimilarwayin e.g.[Hoc99.

The coordinatef the intersectionpoint on the projectionwall are expressedvith respecto the screenco-
ordinateframe. They areforwardedto the applicationsystemwhich performsa desiredreaction for instance
updatingthe cursorpositionto this location.
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Figure4.6: Thepointingdirectionis determinedsthestraightline resultingfrom theintersectiorof theplanes
spannedy the optical centerandthe pointingline in theimageof every camera.

4.4 Error Correction

Theimplementatiorof the approachshavs thatthe motion of a cursorboundto the pointing locationon the
backprojectiorwall is notcontinuous Evenif theuserdoesnot move thearm,themousecursorjumpsaround
the intendedpositionby up to several centimetersn the worst case,andstill by aboutone centimetemunder
goodillumination of theinteractionspace.In orderto copewith this problemwe have analyzedhe reasons
andhave developedseveralapproachesf correctionwhich aredescribedn thefollowing.

4.4.1 WeightedCentroids

A mainreasorof non-smoothmotionis thatsggmentatiormayfail in oneor morestripes.A particularundesir

ableeffectis thatthecornvex hull in astripechangedts shapediscontinuoushpecaus®f wrongsegmentation.
We correctthis effect by assigninga weightto every stripe,describingthe amountby which the term of the
resultingcorvex hull centerof this stripeis multiplied in the least-square- ttingof the 2D line of pointing

direction. Theweightis updatedover time. It is determinedrom a certainnumberof centroidsobtainedfor

thestripein the past,andreduceghe priority of the stripein the calculationin the caseof nenousmaotion.

Theweightg! of stripei for framet is iteratively de ned as
g=wg i+ wdh

w 2 [0;1] is anupdatefactor It indicatesthe percentagdy which the old weightis consideredn the new
weight. A suitablechoiceis w = 0:8. c! representshe changingof centroidfrom frameto frame. If a point
doesnotchangsits position,ct is high. If apointchangests positionsigni cantly, c! is low sothattheweight
by whichthe pointis consideredn thefuturedecrease<! is de ned as

d = p maxfijal qf Yi% jiai af Y
C o k(maxifjal o Yi%g  jial oy Yi9)

wherethe maximumandthe sumis taken over all stripes,andq! is the centroidof stripei attimet. The
exponentg 1lincreaseshein uence of stronglyjumping points,while the expression

max;fijaf o Yi% jiai af Y
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is high if g; variesmoderatelyandis equalto O for the centroidwith highestchange.A suitablechoiceis
g = 2. The nal formulaof c! is obtainedby normalizingthe expressionsnto [0; 1]. ¢ is setto 1=n wheren
is thenumberof stripes.

4.4.2 Arm-Torso Separation

Anothereffectis thattheboundaryline betweerthearmandthebodyjumpsrapidly andconsiderablyDepen-
dentonthelocationof the boundaryline, the numberof pointsinvolvedin the calculationof the 2D pointing
line mayvary considerablywhich leadsto quite differentandnon-reliablepointinglines. This effectis severe
if theuserholdsthearmstill in orderto x the cursorat a particularpointonthewall. An indicatorfor this
situationis thatthe ngertip, which usuallyis deliveredquite reliably, shavs noneor just minor motion. The
criterionis whetherthe ngertip pointdoesnotchangehestripeof segmentationlf thissituationis identi ed,

the pointing line is not determinedby line tting, but by taking the line throughthe ngertip with the same
directionasin precedingramesin which the numberof reliablecornvex hull centersonthearmhasbeenhigh.

Thelocationof the ngertip requiredasanindicatoris determinedasthe point of the sggmentedarmin the
cameramageswhichis closesto the projectionwall. In ourinteractionervironment,this point canbe easily
determinedasa point on the arm segmentclosestto one of the horizontalor verticalimageboundariessee
gure 4.3.

4.4.3 Filtering of the ScreenPoint

Becausdhe nal objectof interestin ourapplicationis the positionof the cursoron the screenfeaturesof the
time behaior of this positionmay alsobe usedfor correction.As before the correctiondepend®onthemode
of interaction.We distinguishbetweerlocation pointing— the userpointsto the projectionwall anddoesnot
move the arm, correctingpointing— the usermovesthe arm slowly to adjustthe positionof the cursorwithin
asmallarea,anddynamicpointing— the usermovesthe armquickly to acompletelynew location. Themode
of interactionis identi ed by applyingthresholdson the differencesof cursorpositionsbetweensuccessie
frames. In all the threecaseshe mousecursorpositionis obtainedby a weightedaverageof a numberof
cursorpositionsin the pastthusachiering a smoothingeffect. For locationpointing, the weightsarechosen
sothatsmoothingis strongerthanfor correctingpointing. For dynamicpointing, just a minor smoothingis
performed.

Let p! bethe point on the backprojectiorwall computedirom the framesat timet. Let pt ! bethe actual
cursorpositionattimet 1. LetO< rq < r, betwo thresholdvalues.

If jpt p' 1jj rithentheinteractionmodeis assumedo belocationpointing.
Ifri jijpt p' Yj rothentheinteractionmodeis assumedo be correctingpointing.

lfro jip! p' ijj thentheinteractionmodeis assumedo bedynamicpointing.
For thechoiceof thevaluesof r; andr, we referto sectior4.5.
LetbeO < w; < wy. Dependenbntherecognizednteractionmode,the new cursorlocationis calculatedas

8

2wy pt+ (1 wy) pt?! forlocationpointing
pti=_ W pt+ (1 wy) p' ! forcorrectingpointing

' p' for dynamicpointing

A suitablechoiceof thevaluesof w; andw; isw; = 0:65andw, = 0:4.
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4.5 Experimental Evaluation

In thefollowing we presentheresultsof anexperimentainvestigationof anarm-basegointingimplementa-
tion. We have implementedhe approachin Visual C++ on a Dual PentiumPC 1100MHz equippedwith two
Matrox Meteor2 framegrabbers.

Performancesvaluationof an interactve systemlike the presentedne hastwo aspects:the computational
performancendtheusability Both aspect@renotcompletelyseparatedr-or example,usabilityalsodepends
on thetime the systemneedgo reacton actionsby the user The centraltechnicalquantityin our caseis the
frame-ratethatis the numberof framesdeliveredby the camerawvhich areprocessegersecond.Thereason
is thatthe framerateis equivalentto the updaterate of the arm positionreconstructedby the system.On the
hardwareplatformmentionedabove, a frame-rateof 8 framesperseconds achieved.

Thefollowing evaluationof usability concerngjuantitatve aspect®f performinga taskof localization. The

taskis madeconcreteby demandingrom the userto locatea cursorattachedo the armlocationat a desired
locationon the backprojectiorscreen.The analysisis restrictedto the effect of systemparametersn the last

phaseof this taskwhenthe useris alreadycloseto the goal. The reasonis thatthe arm motion performedto

movethecursorbetweertwo distantiocationsusuallyshouldberapidsothatthepreciserajectorytraversedoy

thecursorbetweerthoselocationsusuallyis notof interest.We do notconsidettheinput of precisetrajectories
like e.g.requiredfor free-formcurve draving. This taskis notadequatdor our scenario the alreadyexisting

troublesin amouse-basedrvironmentareextendedoy thefactthatthe userswould certainlybecomerapidly

tediousif they would have to performslowv andprecisearmmotionsover alongerperiodof time.

For the evaluationof the aspecbf usabilityjust describedve have performedhefollowing experiments.

Experiment: Usability of arm-basedpointing

Approach: Thequality how a userinteractswith arm-basegbointingis investigatedwith differentparameter
settingf thearm-basegointingalgorithm.For thatpurposegheusercontrolsa cursorontheprojection
screerby armmotions.Thegoalis to placethecursor initially outside,nto a buttonof sizel70mm
50mm (length height)asfastaspossible Thetestwasrepeatedeseraltimes.

Parameters: Theeffectof the Itering parameters; andr isinvestigatedr 1 andr, de ne cursordeviations
characterizindocationpointing and correctingpointing. Their valuesarevariedin orderto checkthe
effect ontheusability of thesystem.

Measured quantities: The experimenthasbeenperformedin two sessions.The two sessionhave taken
placeat differenttimes. This meanghatthe environmenthasnot beenidenticalwith e.g. lighting. At
the baginning of the sessionsthe systemhasbeencalibrated. In the rst sessionthe experimenthas
beenperformedby two differentuser calleduserl anduser2 in the following. In the secondsession,
threeusershave beeninvolved, calleduser3, 4, and5. Userl anduser3 have beenthe sameperson He
hasbeenexperiencedvith the system.Users2, 4, and5 have beennovices,without knowvledgeof the
system.User2 and5 hasbeenfemale,the othersmale.

Thetime necessaryo placethe cursoron the buttonis measuredy a stopwatch. The userentersan
interactionphaseby saying’start” andterminatest by saying”stop” whenthe cursoris onthe button.

Obsewations: Thetable4.1 compilesthe best,worstandaveragetimesof the trial sequencefor different
parametesettings.The bestresultsareachievedfor r; = 6 cmandr, = 12 cmin bothsessionsThe
measuredaluesof bothsessionsrerathersimilar, althoughthe environmenthasnot beenidentical.

The testhasshawvn thatit is equalfor the speedof interactionwhetherthe userhasmuch experience
with the system(userl and3) or interactswith the systemfor the rst time (user2, 4, and5). Further
thereis just a minor learningeffect. Althoughthe useralreadyknows for the secondestserieswhere
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to move the handin theareasf interactionin orderto reachthe button, the averagetimesimprove just
minor, if atall. Thestrongdifferencebetweerthe best-casd¢ime, the worst-castime, andthe average
timein secondgsee gure 4.1)shaws thattheusermusthave someluck to reachthegoal. Reasonsire
thetroublesof imagesegmentationthe positionof the cursoratthe beginning of theinteractionandthe
armpositionfrom wherethe userstartswith theinteraction.

Thefollowing experimentanalyzegshelocationof thecursorin thelocationmodeof interactionquantitatvely
andgivesimplicationson therequiredsizeof interactionelements.

Experiment: Stability of the cursor position for location pointing

Approach: Jitteringof the cursorpositionis measuredor the situationthatthe userheldsthearmin a x ed
position. Measurementareperformedwith andwithoutweightingthe centroidgchapte®.4.1)in order
to investigatethe effect of errorcorrection.

Parameters: Thesamesettingof the parameters; andr; like in the precedingexperimenthasbeenused.

Measured quantities: Theexperimenthasbeenperformedn thesecondsessiorof theprecedingexperiment,
datafrom the rst sessiordo not exsit. The maximumdistanceof cursorpositions,the averagecursor
position,the varianceof the cursorposition,andthe maximumand minumumdifferenceof the cursor
positionsfrom theaverage measureen a representate sequencef positions(Table4.3).

Obselrvations: Measurement$or the importantsituation of keepingthe cursorat a desired x ed position
shawv thatthesetechniqueseducethe errorto aboutonehalf of the original one. On goodillumination
conditionsadesiredcursorlocationcanbefoundwith a deviation betweer0:5 and2 cm. An implication
of this obserationis thatselectablétems,like iconsor menu elds, shouldhave atleastthis sizeonthe
projectionwall.
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Userl User2
r{ rp best worst average| best worst average

4| 8,23 16,32 1251 9,65 17,85 13,51
456 24,66 13,23| 6,58 22,66 12,75
2 6| 565 18,22 11,78 4,52 19,74 12,60
3,25 19,65 12,84| 4,65 19,65 14,03
3 8] 658 219 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 1555 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 13,65 701| 4,77 14,74 8,28
3,96 14,20 8,01| 6,21 15,65 9,99
8 15| 6,59 1758 11,31| 6,20 14,05 11,34
565 1565 10,63| 6,58 16,87 11,01
8 20| 865 2152 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
r{ rp best worst average| best worst average| best worst average

9,85 17,66 13,68 11,52 18,56 15,03| 6,71 18,95 12,74
6,66 2251 1457| 9,21 18,10 12,87| 7,85 18,78 12,23
2 6| 825 16,84 13,70| 5,66 21,47 15,14| 7,16 19,83 13,77
488 21,65 1350| 8,14 22,05 14,74 6,99 18,20 13,53
3 8| 6,22 2204 1256| 7,91 1521 12,34| 5,65 19,66 1191
6,65 2255 16,14| 10,84 18,56 14,40| 6,65 21,60 16,50
4 10| 1165 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| 358 21,80 12,77| 5,00 16,95 10,94 | 5,84 2256 14,22
466 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 14,20 921| 8,77 1450 11,45| 555 1221 1041
8 15| 8,95 21,44 1290| 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 1641

Table4.1: Usability of arm-basegbointingandin uence of the control parameters; andr,. Testshave been
performedfor serseral settingsof the tolerances ; andr,. Every row correspond$o a particularparameter
setting. For every setting20 trials have beenexecuted. The best,worst, and averagetimesin secondhave
beendeterminedor the rst 10 trials andthe secondlO trials of every sequencewhich aredisplayedin two
linesonevery row.
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Userl
ri ro best worst average

2 4| 949 17,87 1349
6,92 21,34 13,26
2 6] 694 1922 13,40
558 20,44 12,73
3 8] 691 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
r{ rp best worst average| best worst average| best worst average

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 3566 24.55| 11.64 20.07 15.71
2 61697 2455 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 81166 2265 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 2259 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 1354 19.96| 9.67 16.37 13.26| 9.36 29.64 16.59
12.64 16.97 1519|1229 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 1999 15.06| 6.66 22.67 15.87| 11.55 16.92  15.03
8 20|17.81 2467 21.24| 826 2321 17.78| 12.00 21.67 18.51
16.48 30.46  22.95| 16.55 25.00 21.27| 14.65 2154 17.35
10 24| 13.00 2254 18.89| 11.68 23.09 19.19| 13.64 25.64 21.28
2254 3105 2492|16.43 2190 1951|1167 21.67 18.85

Table4.3: Resultsof the sametestlike in the precedingable,but without correctioncentroidweighting. As
couldbeexpectedthelocationtimeis worse.
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Chapter 5

Projection-basedPointing

Projection-basegointingis basedn thelocationof the handrelatively to thebackprojectiorwall. The space
of interactionis givenby the commonregion of obserationof bothcamerasgf. gure 5.1.

Figure 5.1: The spaceof interactionof projection-basegbointing which is de ned by the region of space
obsered by bothobservingcameras.

Problem: 3D Projection-basedPointing
Input. Dataaboutthelocationof theusers handin space.

Output. Theimageh of areferencgointh correspondingo theusers hand,onthebackprojectiorwall with
respecto avirtual projectionwhich mapstheinteractionspaceontothescreen.

For example,a virtual projectioncentera could be chosenin front of the screen. Thenthe point it on the
projectionwall determinedy thepositionof thereferencgointh of thehandcouldbeobtainedoy intersecting
theline througha andh with the projectionwall. The projectionhasto be de ned in away thatit mapsthe
interactionspacesothatits imageapproximatelycoversthe projectionwall.

Figure5.2shavstheadaptatiorof theinteractiorspaceconcepto thesolutionof the problemof 3D projection-
basedpointing presentedh this chapter We brie y outlinethe stepsin thefollowing.

65
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Figure5.2: Adaptationof theinteractionspaceconcepto projection-basegointing.

The segmentationunit is the sameasin chapterd andyieldsthe region of the currentframerepresentinghe
user

Thesubsequentegion ltering unit detectserrosof contourof the region andcorrectsthem,if possible.The
reasonis that, like arm-basedointing, projection-basegbointing suffers from the resultsof segmentation.
Detectionis basednthe obserationis thattheregionsof thearmfoundin subsequerftamesof acamerado
not deviatetoo muchfrom eachother The 3D region Itering unit usestheobsenrationthatthe regionsof the
armfoundby segmentationin correspondindgramesof differentcamerast the sametime arerelatedto each
other Besideserror detectionby violation of expectedrelationsbasedon epipolarcorrespondencehe unit
alsoperformsa correctionof contours,usingthe collecteddata. Section5.4.2andsection5.4.3aredevoted
to errordetectionbasedon spacecoherencandtime coherencerespecirely, while section 5.5is concerned
with contourcorrection.

The behaior of theregion Itering unitsis controlledby the paramatercontiol unit. Dependenbn combi-
nationsof errorfeaturesdetectedy theregion Itering units, the parametecontrol unit adaptshe valuesof
parametersle ning the behaior of theregion ltering units. Thedetailsarepresentedn section5.5.4.

The next stepin thedata ow of gure 5.2is performedby the 2D featue extraction unit. The 2D feature
extractionunit determineghe point of the Itered userregion which is closestto the projectionwall. For a
straighthand this point canbe expectedo correspondo a nger tip. For thatreasorwe will call thepoint2D
nger tip or 2D nger tip pointin thefollowing.



5.1. EPIPOLARGEOMETRY 67

The2D nger tips areinputof the 3D virtual interaction space The 3D virtual interactionspaceusesthe 2D
nger tips to calculatethe desiredpointinggoalh of 3D projection-baseg@ointing. We presentwo solutions
for thecalculationof thescreerpointh. 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.

Projectve calibrationis alsoappliedin our secondsolution, calledimplicit projection (Section5.3). In that
casethe spatial nger tip pointis not calculatedexplicitly. Rather its imageon theimageplaneof a virtual
reference&eamerawhichde nestheprojectionfrom theinteractionspaceontheprojectionwall, isimmediately
calculatedrom the nger tip pointson theimagesof the two observingcameras.

Beforeforwardingthe screerpoint h to the abstracinteractionspaceor the application,the 3D virtual inter-
actionspacesmoothghe motion of the screerpoint. The goal of smoothingis to eliminatejittering resulting
from sensomoiseandprocessingerrors,in particularin phase®f locationpointing. Locationpointingmeans
that the usertries to keepan item at somelocation on the screenby holding the arm still. Section5.6 is
concerneavith thattopic.

Sinceprojection-basegointing makes signi cant useof epipolargeometrythe following sectionbrie y re-
callsthemainde nitions of this concept.

5.1 Epipolar Geometry

5.1.1 Fundamentalsof Epipolar Geometry

Theepipolargeometryis inducedby two pinholecamera<C; andC; with centerpointsc; andc; ( gure 5.3).
Let m be a pointin spaceseenby both cameras.The threespatialpointsm, ¢; undc; spanthe so-called
epipolarplaneF . Theline of intersectiorl;; of F with theimageplanel; of camereC; is calledepipolarline
of camereC;. Theepipolarline of camereC; in theimageplaneof camereC; is de ned analogously

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

Letmj undm; betheimagesof m on theimageplanesof C; andC;, respectrely. Epipolarlines express
a particularepipolarrelation betweerthosepoints. The point m; is locatedon the epipolarline |;;; , andthe
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pointm; ontheepipolarinel;; . Thereasoris thatfor agivenimagepointm; thecorrespondingpatialpoint
m canbelocatedeverywhereonline ¢j m; . The projectionof the spatialline c; m ontotheimageplanel; of
camereC;, however, is justtheepipolarline I;j . This meanghata searckor the correspondingointm; of a
pointm; ontheimageplaneof camereC; canberestrictedontheepipolarlinel;; , andvice versa( gure 5.3).

All epipolarlinesof theimageplanel; intersectin thesamepointe;; of theimageplane,calledepipol The
epipolee;; is the intersectionpoint of line cjc; with planel;. For ary point m;, the epipolarline l;; is
givenasintersectiorof theplaneF de ned by thepointsc;, ¢; andm; with theimageplanel;. All epipolar
planesde ne abundleof planesall containinge;c; . Henceall epipolarlinescontaintheintersectiorpointe;;; .
Intuitively, theepipolee;; mapsthecenterc; of camereC; into theimageplanel .

5.1.2 Projective Spaceand Duality

Epipolargeometrycanbe mathematicallyexpressedn a naturalway in termsof projectivegeometry[Fau99.
The2D projective spaceconsistof all linestraversingtheorigin of thecoordinatdrameof theaf ne 3D space.
Thelinesde ne the 2D projective points. A mappingontothe 2D af ne spaces obtainedby consideringhe
planez = 1. A projective pointis mappedo the af ne pointwhich resultsfrom intersectiorof its line with
the planez = 1. Vice versa,anafne pointis mappedo the projective point which correspondso the line
connectinghe origin with theafne point. A projective pointis representedy a coordinateriple of oneof
the pointsof its line. Oftenthetriple whosethird entryis equalto 1 is taken. This meanghatanaf ne point
m = (u;Vv) is projectively representedly the projectve coordinatesh = (u;v;1) .

In thefollowing we usetwo projective spacesge ned with respecto thecamera-centeretbordinatédrameof
thecamera<; andC;, respectrely. A point(x; y; z) in thesecoordinatédramesgetstheprojectve coordinates
Xy
m=(uyv;1) = (=1
(Uvi1) = (520
wherem = (u;v) arethecoordinateof theimageof (x;y;z) ontheimageplaneof thecameraupto a
scalingfactordependingon thefocal lengthof the camera.

Linesin 2D projective spacecorrespondo planesthroughthe origin of the de ning 3D space.A projectve
line is representedby atriple’l\ = (a;b;c) whichis oneof the normalvectorsof the de ning plane. The
projectie pointsona projectie linef = (a;b;c) aregivenby thesolutionsrh of theequationrh { = 0.

In thisway, projective pointsaswell asprojective linesarerepresenteddy triples. Thusatriple canbe under
stoodasa point or asa line. This obseration leadsto the principle of duality of projectve geometrywhich
saysthatpropositionson projective pointsandlinesremainvalid if bothtermsareexchanged.”

A projective line { = (Ix;ly;1z) canbe expressedhs cross-producdf the coordinatevectorsof two of its
projective pointsrh; = (Ug;Va; 1) andrhy = (up; vp; 1) ,

f=r, rhy (5.1)

Figure5.4 shavs that animageline is representedy a line in the projective space. The two imagepoints
m, andmy, lie ontheimageplaneandde ne animageline. The pointsrh ; andrh, togetherwith the origin
generata planelL . Thecross-producsf ri; andrh, generates normalof L which representshe projective
line.

Accordingto the principle of duality, a projective point canbe representedscross-producdf two projectve
lines,
m="T (5.2)

T, andfy, representhetwo planed. ; andL , andthusarenormalsof theplanes.Thecorrespondingf ne lines
aregenerateé@sintersectiorof thetwo planeswith theimageplane. Theintersectiorof theafne linesgives



5.1. EPIPOLARGEOMETRY 69

Figure5.4: The cross-producof the coordinatevectorsrh 5, iy, of two projective pointsyields a coefcient
vector! of theconnectingprojective lines.

a pointwhoseprojectve representatiois the intersectiorine of the planesL 5 andL . Sincetheintersection
line is perpendiculato T andfy, i calculatedaccordingto (5.2) representshe projective intersectiorpoint.
Figure5.5 givesa graphicaldescription.

Figure5.5: A pointrepresentedsanintersectiorof two lines.

5.1.3 Normalized Corr espondinglmage Points

We now cometo the epipolar relation of correspondingpoints It tells that the correspondingpoint rfy; is
locatedonthe epipolarlineTi;j , andvice versa,n theprojectve space Thedervationis asfollows [XZ96].

Usingthe projective notation,the epipolarlines areprojectively representetly theequations
m;fii =0 and T =0 (5.3)

wherethe equationseferto the projectve spaceof camereC; andC;, respectiely.
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In Euclidianspacethe correspondingointsaretransferrecoy a rotationR j andatranslationt;; from one
coordinatesysteminto the other
Pj = Rijpi + tj:
Insertionof the normalizedpointsresultsin
1
Pj = (@R Pi + tj):
Z]
Thecross-productwith t; yields
7
ti Py = —(ty Ry pi):
Z]
Thescalarproductwith p; gives
7
Z__ij (tiy Ripi)=20 (5.4)
j

In orderto simplify therepresentatiorthe cross-productf two vectorsis replacedwith the multiplication of
avectorwith amatrix,t a= [t] a, where

0 0 1
t, ty
[tij] ZZ% 1, 0 tx X:
ty tx O
In thisway we get
Piltij] Rijpi=0:
Puttingall to togethelryields
pj Eij pi = O (5-5)
with Ej = [tj ] Rjj. Equation(5.5)is denotedasepipolarequation Ej is calledessentiaimatrix. The

essentiamatrix hasbeenintroducedn [LH81].

5.1.4 The Fundamental Matrix of the Epipolar Relation

By addingtheintrinsic parameteré\; andAj in equation(5.5),the correspondingmagepointsareformally
relatedby

r’hj Fij h; = 0 (5.6)
whereFjj = A, 'Ej A; tis theso-calledfundamentamatrix
Thefundamentamatrix Fjj expressesheepipolarconditionbetweertwo imagepoints,r; = (u;j;vj;1) in
camereCj andrh; = (uj;Vvi; 1) in camereC;.
Theepipolarline’l\j;i ontheimageplaneof camereC; is calculatedby

fii = Fy i (5.7)

andtheepipolarline’l\i;j ontheimageplaneof cameraC; by

1\i;j = Fij r‘hj: (5.8)

Figure5.4 illustratesthat the pointsof the epipolarline canbe obtainedby soIvingtheequationmjﬁ;i = 0.
Theepipolesej; ande;; , respectiely, aregivenby

Fii; = O F;&; = O (5.9)

Thefundamentamatrix betweerC; , C; andthefundamentamatrix betweenC; andC; satisfytherelation
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5.2 Explicit Projection

Explicit projectionworksasfollows.

Algorithm: Pointing by Explicit Projection

Input: Theinteractionspaceof gure 5.1 with two observingcamerasCi, Co, calibratedby the Euclidean
methodof sectiond.3.1,andcorrespondingrmcontoursc; andc; in theimagesof C1 andC,, respec-
tively.

Output: A pointinggoalqg ontheprojectionwall.
Steps:

1. Determinethe spatiallocationof the nger tip from the contoursc; andc,.

2. Calculatethe epipolarlines inducedby the nger tip point. The sggmentsof the epipolarlines
insidethe boundaryof the cameramagesde ne a quadrilateralegion in space.Usea mappingf
of thisregion ontothe projectionwall in orderto mapthe nger tip pointontothe projectionwall.

Steplis performedby nding nger tip pointsm ;1 andm, onthecontoursc; andc,. For this purposewne use
the knowledgeof the locationof the projectionwall. m ; andm, arechoserastangentpointsof the tangent
of ¢; andcy, respectiely, in parallelto theimageedgeon the sideof the projectionwall. If cameradistortion

is relevant, the contoursarede-warpedin prior. By usingtheintrinsic andextrinsic parametersf the cameras
C, andC, determinedy the calibrationroutineof section4.3.1,we calculatespatiallines from the centerof

projectionof C; to m1 andfrom the centerof projectionof C, to m,. Theapproximatentersectiorpoint of

thosetwo linesis reportedas nger tip pointp ( gure 5.6). Formally,

Ps = %(51 + Sp); (5.11)
where
S;=cCci+t; a Ssp,=cr+tyr b; (5.12)
with
{ = nlcznlanlcl; t) = n2c1n2bn2c2; (5.13)
and
ni=b (b a);n,=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 camerasanimmediatelybe calculatedrom the
camergparametersTheepipolarline hastwo intersectiorpointswith the boundaryof thecameramage.The
two lines betweenthe intersectionpoints andthe cameracenterinducea wedgeon the epipolarplane. The
intersectiorof thetwo wedgesle nesaquadrilateralegion| (p) ontheepipolarplane.l (p) de nesthatpart
of the epipolarplanewhich is obsered by both camerasandthusis relevantfor interaction.Letp 1, p2, p3,
andp4 betheverticesof | (p), indexed cyclically aroundthe boundary

Let S betheregion on the backprojectiorwall which hasto be reachedy pointing. We assumeS to be of
quadrilaterakhapetoo, with verticesq, g2, 43, andqa, sothatthe rst two verticesde ne theleft boundary
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Figure5.6: Calculationof the3D nger tip pointasapproximatentersectiorof two spatiallines.

of S, the secondwo theright boundaryof S, andq; correspondganonicallyto p;, asshavn in gure 5.7.
Thentheimagef (p) of p onthescreeronthebackprojectiorplaneis calculatedy

v.a+ (1 v) gz
Qaz:=V Oa+ (1 V) Q3

f(p) == u g2+ (1 u) dqss;
whereu andv areobtainedasa solutionof the systemof equations

qi2:

Pr2=Vv p1+ (1 V) p2;
Paz=V psa+ (1 V) psz;
p=u p+ (1l u) paa:

the pointsp;, i = 1;:::;4. Theresultingpoints are considereds pointsin the coordinatesystemof the
backprojectiorwall. The quadrilaterainducedby themis scaledwith respecto its centersothatit contains
the desiredprojectionareaof the screen. The cornerpoints of the resultingquadrilateralare usedaspj,

=104

5.3 Implicit Projection

Implicit projectiontakesinto accounthefactthatthelocationof the handneedsotnecessarilypedetermined
in orderto getthe nal pointingposition. This obserationdiminisheshe calibrationrequirementsgainsthe
approachof arm-basegbointingandexplicit projection,whichis oneof its mainadwantages.

Implicit projectionusesa resultof FaugeragFR9€ which shavs thatin a con guration of threeobserving
cameraghe locationm 3 of a spatialpoint q in the imageof the third cameracan be calculatedfrom the

locationam 1 andm, of g in theimagef the rst andsecondcameraundertheconditionthatthefundamental
matricesbetweereachpair of camerasreknovn. We recallthis resultin section5.3.1.

Section5.3.2 presentghe algorithmfor calculationof the pointing goal from the 2D-locationsof the hand
provided by theimagesof thetwo observingcamerasSection5.3.3is devotedto the procedureof calibration
in which therequiredfundamentamatricesaredetermined.
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Figure5.7: A quadrilaterakuriace of interaction(grey) is determinedrom the location of the users hand.
Thena bilinearcorrespondencis establishedbetweerthe surfaceof interactionandthe projectionwall. The
bilinear mappingcouplesthe handanda correspondingpoint on the wall (indicatedby the cursor)sothata
desiredregion of thewall is coveredwhenmoving thehandin theregion of interaction.

5.3.1 Epipolar Geometryfor ThreeCameras

Faugera$FR96 haspresentegbossibilitiesfor the calculationof points,lines,andcurvesfrom views by three
cameras.

Let Fi andF; bethefundamentamatricesbetweerthe camerasC;, Cy, andthe cameraxC;, Cy, respec-
tively. If two correspondingointsrh; andrh; of a spatialpointin two cameramagesareknown, thenits
correspondingpoint i in thethird cameracanbe predictedby

r‘hkz Fikr’hi ijl’f'le (5.15)

This canbe seenasfollows. LetTk;i andi;j be the vectorsof thetwo epipolarlinesin theimageof thethird
cameraCy with respecto the othertwo camerag gure 5.8.), calculatedaccordingto equation(5.7). Since
both epipolarlines have emegedfrom the correspondingointsr; andrh;, andthusfrom the samespatial
pointm, thecorrespondingpoint rh, mustlie on bothepipolarlines. By takingthe cross-producthedesired
correspondingpointis obtainedoy equation(5.2).

The correspondingoint in the imageof the third cameramy, is derved from rh, by taking the rst two
coordinateglivided by the third coordinate.An obseration interestingfor the following is thatm  canthus
be calculatedvithout examinationof the pointin thetakenimage.

5.3.2 Calculation of the Pointing Goal by Fundamental Matrices

Thekey ideaof theapproactof implicit projectionis to de ne theprojectionof the nger tip ontotheprojection
wall by a real camera. This so-calledprojectioncamerais placedin front of the projectionwall so that it

coversthe projectionareaandthe interactionspacewell. In the calibrationphasea functiong is determined
which mapsthe imageof the projectioncameraonto the image of the backprojectiorplane. Furthermore,
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Figure5.8: Epipolargeometryof threecameras.

the fundamentamatricesbetweenthe projectioncameraand every observingcameraare determinedn the
calibrationphase Usingthe methodof Faugeraswe areablein theapplicationphaseo calculatethelocation
of the nger tip in theimageof the projectioncameraandfrom thatlocationalocationon the projectionwall
by applyingg. The projectioncameracanberemaovedaftercalibrationsincethelocationof the corresponding
pointonits imageplaneis calculatecby Faugerasmethodandneedsot bedetectedrom arealimage.

Theprocedurdo be performedn the applicationphasefor calculationof the pointinggoalworksasfollows.

Algorithm: Calculation of Pointing Goal by Implicit Projection

Input: The interactionspaceof gure 5.1 with two observingcamerasC;, C,, correspondingontourscy
andc; in theimagesof C; andC,, respecirely, the fundamentamatricesbetweerthe two observing
camera@ndarthird virtual projectioncameraCy, a mappingg betweertheimageof thevirtual camera
andthewall.

Output: A pointinggoalonthewall.
Steps:

1. Determinethe nger tip pointsm; andm from the contoursc; andc; in thetwo cameramages.

2. Calculatehecorrespondingnger tip pointm g ontheimageof thevirtual projectioncamerausing
m, andm by equation(5.15).

3. Determinethe pointinggoalm, = g(mg) onthewall by usingthe givenmappingg betweerthe
imageof thevirtual cameraandthewall.

For g, alinearfunctionis usedwhich is de ned in the next sectionaspartof the calibrationprocedure.The
nger tipsm4 andmy in stepl canbe determinedy the approachlescribedn section5.2. The calibration
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of theoverall con gurationincludingthe projectioncamereCy, whichis requiredin step2, is describedn the
following section.

5.3.3 Projective Calibration

Projectve calibrationof ourinteractionervironmentworksasfollows.

Algorithm: Projective Calibration of the Interaction Space

Input: Thecon guration of the interactionervironmentaccordingto gure 5.9, consistingof two observing
cameragC; andC,, aprojectioncameraCy, andtheprojectionwall. Theprojectioncamerds placedin
front of thewall sothatit coversthe projectionareaandtheinteractionspacewell.

Output: ThefundamentamatricesF 19, F 20, and,optionally F 1», asspeci ed below.
Steps:
1. Determinethewall intelgrationmappingg betweertheimageplaneof the projectioncameraand

thewall.

2. Determinethe fundamentamatrix F 1o betweerthe rst observingcameraC; andthe projection
camereCy .

3. Determinghefundamentamatrix F ,o betweerthesecondbservingcameraC, andtheprojection
camereC,.

4. Removetheprojectioncamera.
5. Determinethefundamentamatrix F 1, betweerthetwo observingcameras.

Thelaststepis optional.lt is only requiredif a correspondencanalysisshouldbe executedn theapplication
phase Theorderof the stepds not mandatorythe rst stepcanalsobeperformedater Forthemappingg of
stepl, alinearfunction

g(x) = S(x  b)

is usedwhereb is thecenterof theimageof the projectioncameraCq andx is anarbitrarypointof theimage,

Figure5.9: Projectie calibration. The projectioncamerais only requiredfor calibration,notin the phaseof
application.
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bothgivenin the coordinatdrameof thecamerawith pixel unitsin the x- andy-coordinatesand
!

—_ X
S= 0

0

y

a scalingmatrix. Theimageg(x) is expressedn the coordinateframe of the projectionwall, in pixel units,
too.

Theparameterb andS aredeterminedn thecalibrationphaseof theoverall systendescribedn sections.3.3,
asfollows. A patternof points,asshavnin gure 5.9,is displayedonthe projectionwall. The parameterare
obtainedby minimizing the sumof thesquare®f thedistancebetweerthepointsof thepatternandtheimage
of the correspondingpointsin theimageof cameraCg with respecto g. Thisleastsquaregroblemis solved
by astandardnethod.Lensdistortionof Cg is notbetakeninto account.

In the next sectiontheprocedureof calibrationof a pair of camerasequiredin 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 cameraslt takesinto accountour specialsituationof cameraswvith very differentlocation
and orientation,in contrastto usual stereocameracon gurations wherethe camerasare arrangedclosely
to eachother with very similar or even parallelviewing directions. The approachcombinesseveral knovn

methodsIn [LH81, XZ96, Har97, FL96,Zha9q furthermethoddor the calculationof thefundamentaimatrix

arepresenteavhich, however, arenotimmediatelywell suitedfor our cameracon guration.

In the following subsectiorwe discusshe requirement®n a solutionin our interactionervironmentin more
details. The subsequerdubsectiordescribeshe solutionwe have chosen.

Obsewations

In a parallelstereocon guration the two camerasare arrangedcloselyto eachother both shawing into the
samedirection. This con guration causeonly small horizontaldisparities,so that the correspondingoints
arealmostat the samdocationin bothcameramages.Thisimpliesthattheir distortionsshouldalmostbethe
same.Experimentdave shavn thatanimprovementof the calibrationerror by just about0.05pixels canbe
achievedif lensdistortionis takeninto account.

Becausef ourextremelydifferentcamerdocations-theview directionsof thecamersareaboutperpendicular
to eachother— lensdistortionmay have a strongin uence. Correspondingointsdo notjust differ by asmall
disparitybut may be locatedcompletelyelsevhere. This obseration implies thatlensdistortionmay have a
differenteffect. The deviation is particularlyhigh closeto the boundaryof theimagebecausé¢he biggestiens
distortionis given there. Experimentshave shavn thatan improvementof the calibrationerror of about1.9
pixels canbe achiered by taking lensdistortioninto account. As gure 5.10shaws, epipolarlines become
cunvedunderthein uence of lensdistortion.

For calibration,a setof calibrationpointsis used. A dif culty arisesif the imageshawvs outliersin there-
constructectalibrationpoints. In orderto eliminateoutliers, Least-Median-of-Squaralgorithmshave been
applied[Fau99. Thesealgorithmsonly usehalf of the given setof pairsof pointswhich aremostsuitedfor
optimization.Thesecondhalf doesnot have in uence ontheresultof calibration.In this mannemup to 50%of
the outlierscanbe eliminated.However, it hasturnedout thatthesealgorithms,in the casethatno outliersex-
ist, justeliminatethosepointswhich arecloseto theimageboundaryandhenceareimportantfor correctionof
lensedistortion. Elimination of thosepointsmalesthe calculationof thelensdistortioncoefcients in-precise
andmoresenitive to noiseof theremainingpoints. Thuswe do notapplya Least-Median-of-Squampproach,
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Figure5.10: Epipolarcurwve correspondingo the nger tip in theimageof a secondcamerawhich is located
to theleft.

andtake particularcarethatoutliersareavoided.Outliersareremovedby rst performingthecalculationwith
all points. Thenthe imageis subdvidedby a4 4 grid, andin every grid cell the point with the largest
calibrationerroris removed. In this way theremoved pointsareaboutequallydistributedover the whole point
set.

In [Har97] a generaimprovementhasbeenachiezed by normalizingthe point dataresultingfrom segmenta-
tion. In thefollowing we adoptthatapproach.

Normalizationrmovestheorigin of theimageto theimagecenterandscaleshemaximalcoordinateso 1:0. Let
Ti andT; bethematricesof camera andcamerg which performnormalizationin homogeneousotation.
Then

I”ﬁiOZ Tirh;; (5.16)
r’f'leZ Tjr*hj; (5.17)

are the normalizedhomogeneousmage coordinatesof m; and m;j. Insertioninto the epipolarrelation
h; Fjj i yieldstheversionof the equationusedin thefollowing,

P GymP=rm? T, ' FyT, ' (5.18)
Thefundamentaimatrix of thenon-normalizediersioncanbeextractedby Fj; = TJ- Gjj Tj. In thefollowing

we assumehatthe givenpointsarenormalized.

The algorithm

Thealgorithmworksasfollows.

Algorithm: Projective Calibration of a Pair of Cameras

Input: Theimagesmiyx, mj of calibrationpointsm,,k = 1;:::;n,n 8, takenby two camera<; and
G.

Output: A fundamentamatrixF;; andavectork of cameralistortioncoefcients.
Steps:

1. Calculateaninitial solutionx g of (5.21)undertheassumptiorthatthereis no lensdistortion.
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2. lterate
(a) Solve

. X 2
mine  g(Mixk; Mk ) (5.19)
K

with Fj; = const.from the precedingstep.
(b) Solve

. X 2
ming;  9(Mix; Mjx) (5.20)
k

with k = const.from the precedingstep.

We usethe calibrationball of section4.3whichis placedat severallocationsin theview of bothcamerasAn
imageis taken by bothcameragor eachlocation. The 3D-coordinate®f them y arenotneeded.

Thealgorithmsolvesthe calibrationproblemby nding asolutionof the minimizationproblem

- X 2
mMing; . 9(Mix; Mk ) (5.21)
k
where
9(Mix;Mik) = A(mix) Fij A(mjx): (5.22)

mix andmjy aretherealobserabledistortedmagesof theideal,non-obserabledistortion-freemagepoints
mix andmjy of camerasC; andCj, respectiely. Thefunctionh(my) correctsthe distortedimagepoints.
Theparametersf thefundamentamatrixF;; andofthevectork = (ki;kz) of thelensdistortioncoefcients
de ne thevectorof solutionx.

The basicideaof the algorithmusedfor solvingthe optimizationproblemis to separatéhe calculationof the
coefcients of thefundamentamatrix (step2(b)) andthoseof lensdistortion(step2(a)). Oneof the groupof
coefcients is alternatinglyheld constanandthe otheroneis updatedn orderto approactanoptimalsolution

Xmin -

The algorithmworks accordingto the principle of iterative descent.The groupof coefcients whosevalues
aremodi ed de ne thevectorof descentUsingjust onegroupof coefcients canbe understoodisa partial
optimizationwith repectto thosecoefcients. The partialoptimizationyieldsa nen improved solutionvector
X. By iteration,the solutionvectorcorvemestowardsthe desiredoptimumx min . See[NM93] for details.

Like in [Zha9q we usethe Levenbeg-Marquardtalgorithmfor optimizationof the part of the fundamental
matrix, andthe simplex methodof NelderundMead[NM65] for optimizationof the partof the coefcients of
lensdistortion.

The next subsectiorpresentghe calculationof theinitial solutionx ¢ of stepl. The subsequentwo subsec-
tions describethe algorithmsfor the correctionof distortionof the distortedcoordinategstep2a) andfor the
calculationof thefundamentamatrix (step2b).

Step1: Calculation of an initial solution

The initial solutionXg is calculatedanalytically by the eight-pointalgorithm of Longuet-Higgins[LH81],
undertheassumptiorthatno lensdistortionoccurs.The eight-pointalgorithmoptimizes

. X 2
miNg;; (mj;k Fij Mix)
k
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with e = (Ujk s Vik: 1) Mk = (Ujk s Vik ), andre = (Ui Vi 1) Mix = (Uik; Vik ). Therepresen-
tationis transferrednto thelinearnotation

ming jj Uf jj2: (5.23)
Hereavectorf is de ned from thevariablesof Fj; , andacolumnu; of thematrixU = [u1; ;uy] fromthe
pointsrh . andrfy,

f = (F11; F12; F13; F21; Fo2; Fa3; Fa1; Faz; Fag)
Ui = (Uik Ujik ; Vik Ujk > Uk > Uik Vik > Vick Visk 5 Viik s Uik s Vi 1)

jj:ji denotegheEuclideanmnorm.

Differentmethod=f solutionfor this systemof equationsxist which areextensvely describedn [Fau99.

Step2a: Correction of distortion of the points

Im contrastto [Zha9§ we usea differentfunctionfor correctionof distortion. Becausenf our systemarchi-
tecturewe have to assumehatthe camerasare adjustedwith differentlevels of zoomin orderto cover the
interactionspaceoptimally. For thatreason,t canbe expectedthatthe camerashave differentpropertiesof
distortion,in contrasto [Zha9§. Thusbothcamerahave theirown coefcients k¢, ¢ 2 fi; j g, of distortion.

For correctionof distortionwe usethe samemodelasbefore,hovever with just one coefcient percamera,
andwith mo.c = (0;0) by assumeahormalization,

Mc= Mc+ M¢ (kcrz);

wherem = (tc; %) aretherealobserableundistortedmagepointsof theidealnon-obserableundistorted
imagepo}iptsmc = (u;v) , c 2 fi;jg. Thedistortionis calculatedfrom the normalizedcoordinategu; v)
byr :=  uZ2+ v2 . In this formulawe do not considerthe deviation from the center The reasonfor that
approachandfor usingonly k. is thatthe calculationbecomedessaccuratéf moreparameteraretakeninto
accountpecaus®f thenoisein the givendata.

Step2b: Calculation of the fundamental matrix

[FL96] shawvs thatthe algorithmis unstablefor noisy data. For thatreasonthe optimizationproblem(5.23)
is replacedwith a slightly modi ed optimizationproblemin theiterative phaseof the algorithm. The goalis
minimizationof the epipolardistanceby

X
ming,  (d(Mjc; Fij Mig)® + d(mige; Fyj M) (5.24)
k
wherethedistanceof anepipolarline | = (lx;ly;1;) toapointm = (u; V) is calculatedaccordingo [Fau99,

by
Ixu+ lyv+ 15

d(m;l) := (5.25)
12+ 12
Thatyieldsthe new optimizationproblem
MINg; eﬁ;k (mj;k Fij Mik)* (5.26)
k
where 1 1
1
&k = ( )2 (5.27)
! Ii2;k x T Ii2;k y I1'2;k x 7t Ijz:k y

andljx andljx aretheepipolarlinesinducedoy my ontheimagesof thetwo camera<C; andC; .
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5.3.5 Extensionof HomogeneougCalibration to Euclidean Calibration

In thefollowing we presentainalternatve approactio thealgorithmof extrinsic calibrationof a pair of cameras
usedin the Euclideancalibrationof theinteractionspacedescribedn section4.3.1.1t consistsn anextension

of homogeneousalibrationof a pair of camerasilt allows animmediateextensionof the procedureof projec-

tive calibrationof theinteractionspaceo a calibrationprocedurdsection5.3.3)which solvesthe sametaskas

the procedureof Euclideancalibrationof theinteractionspacen section4.3.1.

We assumehattheintrinsicparameters j, A; of two camera<; andC; areknown, andthatthefundamental
matrix Fj; hasbeendeliveredby projective calibration. The goalis to calculatethe transformatiorbetween
the cameracoordinatesystemof C; andC;, composeaf a vectorof translationt;; anda matrix of rotation
Rijj . Thealgorithmdescribedn thefollowing consistsn four stepsandworkslike in [Hor9(Q].

Algorithm: Extensionof HomogeneousCalibration to Euclidean Calibration

Input: Theintrinsic parameter#\ j, A of two camera<; andC;, andthefundamentamatrix Fj; .

Output: The transformatiorbetweenthe cameracoordinateframe of C; andCj, composedf a vector of
translationtj andamatrix of rotationRjj; .

Steps:
1. Calculatetheessentiamatrix
Eij = AJTFij Ail
2. Extractcandidatesf translatiort from Ej .

3. Extractcandidate®f rotationR from Ej; .
4. Selecttj andRj fromthecandidatesf steps?2 and3.

Thealgorithmusegheorthogonalityof the matrix of rotationin oderto extracttranslationg&ndthenrotations.
For selectionof the right transformationthe distanceof at leastonecorrespondingpair of pointsis required,
which is provided by using a ball-shapedestobjectlike in section4.3.1. The detailsare describedn the
following.

Step2: Extraction of translation
Accordingto [Hor9(], the translationvectort canbe extractedfrom the essentiamatrix asfollows. Let be
R = (r1r2 r3) thematrixof rotation. Thenthe essentiaimatrix canbewritten as

E=(t rit rot rg):

Every columnof the essentiamatrix is orthogonalto t, andt is in parallelto the cross-producbf the other
two columns.Hencewith E = (e1 ez €3),

e1 e=(t 1) (t r2)=(rat)t (5.28)

and
e, e3= (rqt)t; es ep = (ryt)t: (5.29)

In orderto minimize numericalerrors,the one of highestamountamongthe threeexpressionsdenotedoy
e €, istakenin orderto representhevectorof translation.The scalingfactorcanbederivedfrom thefact
thatthe sumof the square®f the entriesof the essentiamatrixis equivalentto 2(t t). Thiscanbeseernfrom

Bt orai+it it + it rgjif=3@e t) tt
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Then r
_ € € 1
t= —— =TraceEE 5.30
e &j 2 « ) ( )

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

Step3: Extraction of rotation

Let
CofactordE) := (e e3 e3 e e1 €)

betheso-calledcofactormatrix of E.
By (5.28)and(5.29),the cofactormatrix canalsobewritten as
Cofactorg(E) = ((rqt)t (rot)t (rat)t) :
This expressiorcanbetransformednto
CofactordE) = (t(R t) ) = ((tt )R) :
With [t]? := tt  (t t)I thisleadsto
[t] E=[tPR = (&t )R (t t)R:

Fromthis expressionwe get
(t t)R = CofactorE) [t] E: (5.31)

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

Step4: Selectionof the solution

A negative signin equation(5.4), resultingin p; ( E)pi = 0, generateswo nev combinationsof solutions
from the two combinations.By the decomposition E = ([t] R) = ( [t] )R thisis coupledwith the
translationyesultingin thefollowing combinationf solution,

+t with R, for anessentiamatrix E
t with R for anessentiamatrix E
t with R+ for anessentiamatrix E

+t with R for anessentiamatrix E

Furthermorethe epipolarequation(5.4) canbe multiplied with anarbitraryscalarfactor Thusthereallength
of thetranslationvectoris unknavn, and3D reconstructions just possibleup to a scalingfactor If, however,
for atleastone pair of correspondingointspj, p; the distancebetweernthosepointsis known, the scaling
factorcanbe calculated.For that purposethe methodof depthcalculationof the ball, usedin the Euclidean
calibrationprocedureis applied.The correspondingpointsful Il therelation

pj = R pj+ st:
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In orderto chooseheright oneof the possiblecombinationsthetwo relationsR + andR  have to betested.
Thecombinationwith +t and t automaticallyresultin thesignof s. The matrix of rotationwith thesmallest
varianceof s overall pointsp; , pjx usedis thedesiredone.Thechoiceis performedasfollows. We set
0 ) 1
Skix  Ix
Pik = RePis + @ Scy ty X
Skiz 1z

andresole thethreeequationdor sy.y, Sy, andsg:,, respectiely. Theoriginally onescalarvaluesy is re-
placedwith threevaluessy.x; Sk.y; Sk;z Sinceit cannotbeexpectedhatthey areidenticalfor all threeequations
becausef roundingerrors.Thenwe set

1 X 1 1
; = N (ésk;x + :_gsk;y + ésk;z)z;
k=1

> 1 X1 1 1
s = (ésk;x + §Sk;y + §kk;z ;)23

s T N
Nk:l

ForR we proceedanalogouslyor the calculationof theaverage ¢ andof thevariance ;’2.

BasedonthevariancesRjj andt; arechoseras

(
R. = Re f 27
I R  otherwise
(
. 2 2
ty = Tt if . : S
t otherwise

S

5.3.6 Evaluation of Calibration

In this sectionwe investigatethe accuray of theapproachesf calibration.

For the experimentalanalysis pointswhosepositionsareprovidedin 3D spacehave to be determinedy the
calibratedcameracon guration. The pointsaredeliveredby thefour cornersof atestplatewhichis placedat
differentlocationsin spaceFigure5.11shavs views onthetestplatetakenby theceiling andsidecamera®of
our interactionernvironment. The positionsof the cornersin theimagescanbe well determined However, in

Figure5.11: The cornersof arectangulaplateareusedastestpointsfor investigationof accurag of calibra-
tion. Theleft imageshavs aview from the ceiling cameratherightimagea view from the sidecamereof our
interactionervironment.
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orderto avoid additionalsourcef error, we have preferredmanualextractionof the cornersby mouseclicks
againstautomaticsggmentation.

A rst ideawasto determingheabsolutepositionof the platein spaceby cornventionalmanualmeasurements.
However, it hasturnedoutthatmanualmeasuremeris too inaccurate- theresultshave variedup to 4 cm. For
thatreasorwe have decidedto investigateonly therelative precisionof the cameragpair. We investigatehow
fartheimagesof the samepointon thetwo cameramagescorrespond.

Oneapproaclis to take theray from the cameracenterto areconstructedestpoint, for bothcamerasideally,
bothraysshouldintersect However, becaus®f calibrationerrors,they usuallywill not. We measureheerror
by theminimumdistanceof thetwo rays. Sincethis errormeasureequiresreconstructiorof the 3D testpoint
we call it Euclideanerror.

A secondapproachis to considerthe epipolarline which is inducedby the imageof a spatialpoint on the
imageof the rst cameraon the imageof the secondcamera.The distancebetweerthe epipolarline andthe
imageof the pointontheimageof the secondcameras takenaserrorvalue.A seconcerrorvalueis obtained
by exchangingthe role of the two cameras.For this measurahe knowledgeof the fundamentaimatricesis
sufcient, a completereconstructiorof the 3D testpoint is not required. For that reasonwe call this error
measurerojectiveerror.

In the following we analyzethe error of the methodsof Euclideanandof projectve calibrationof a pairs of
cameraandcompareébothmethodausingthetwo typesof errormeasure.

Projective error analysis

Projectve erroranalysiss basedon the projective error

Experiment: Projective error analysis

Approach: The two-camera-con guratiorof gure 5.1is used. The plateis placedat several locationsin
spaceasshavnin gure 5.11,sothattheinteractionspaceds well covered.Thecornerpointsvisiblein
bothcamerasaremanuallyextractedfrom thetwo cameramages.Theprojectve errorfor theextracted
cornerpointsis determinedor the casethatthe systemis calibratedby projectie calibration,andfor
the casethatthe systemhasbeencalibratedby Euclideancalibration.

Parameters: None.

Measured quantities:

Two projectie error pairsfor every testpoint, onefor the projectvely calibratedcamerapair andone
for the Euclidean-calibratedamerapair. The projective error pairs canbe immediatelycalculatedfor
projectie calibrationsincethefundamentamatricesareavailable. For Euclideancalibrationthefunda-
mentalmatricescanbe derived from the calibrationdata.

Obseation:

Table5.1 shavs theresults. The coordinate®f theimagesof thetestpointsin theimagesof cameraC;
andcameraC; , aswell asthe projectve errorslistedin theright columnsof thetablearegivenin pixel
unitsof the196 144 cameramages.

In the average the projective error of Euclideancalibrationis between0:71 and0:77 pixels. For pro-
jective calibrationthe averageprojective erroris about0:81 to 0:95 pixels. This meanghat projective
calibrationis slightly worse. The reasoncould bethat, for Euclideancalibration,calibrationobjectsin
3D areusedwhile for projective calibrationjustthe 2D positionsin the cameramagesareused.
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Figure5.12visualizegheprojective errorby discscenteredattheimagesof thetestpointsontheimages
of thetwo cameraslt canbe noticedthatbothcalibrationmethodsshav lower errorscloseto thecenter
of theimagesthanat the borders.Projectve calibrationis slightly worseat the borderthanprojective

calibration. The reasoncould be that for projective calibrationjust one insteadof two lensdistortion
coefcients is used.

Sometimest may happerthateven by the manualapproachhe testpointscannotbe locatedprecisely
in theimages.Thepositionof atestpointcanvaryby 1 pixels. In orderto getafeelingof theresulting
error, table 5.2 shaws the effect of slight variationson the projective error for the testpoint 15-bl. It

canbe noticedthata deviation by 1 pixel canalreadycausea differenceof the projective errorby 1:19

pixels. If the deviation occursin the x- andy-axis simultaneouslythe differenceis 1:64 pixels. For a
deviation by onepixel in both cameramagesthe differenceis even 2:79 pixels. Takingthis accurag

of measuremerinto accountjt canbe concludedhatbothcalibrationmethodsarevery accurate.

Figure5.12: Visualizationof theprojective errorby discscenteredttheimagesof thetestpointsontheimages
of the two cameras.The radiusof a discis proportionalto the projectve error at this point. The upperrow
shaws the errorsin the two cameraimagesfor Euclideancalibration,the lower row the errorsfor projectve
calibration.

Euclideanerror analysis

Thefollowing experimentanalyzeghe Euclidearerrorby the experimentof analysisof the projective errorin
the precedingsubsectioranalogously

Experiment: Euclideanerror analysis
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Approach: The two-camera-con guratiorof gure 5.1is used. The plateis placedat several locationsin
spaceasshavnin gure 5.11,sothattheinteractionspaceas well covered.Thecornerpointsvisible on
bothcamerasremanuallyextractedfrom thetwo cameramages.TheEuclidearerrorfor theextracted
cornerpointsis determinedor the casethatthe systemis calibratedby projective calibration,andfor
the casethatthe systemis calibratedby Euclideancalibration.

Parameters: None.

Measured quantities:

Two Euclideanerror valuesfor every test point, one for the projectively calibratedcamerapair and
onefor the Euclidean-calibratedamerapair. The Euclideanerror canbe immediatelycalculatedfor

Euclidearcalibration.For projective calibration the extensionof homogeneousalibrationto Euclidean
calibrationof section5.3.5is used.

Obselvations:

Theresultsarecompiledin table5.3. In orderto getafeelingfor the accurag, we againinvestigatethe
effect of variationof theimagesof atestpointby 1 pixel. Startingwith the center(192=2; 144=2; 1)

of theimageof oneof the camerasn homogeneousoordinatesye calculatethe relationof the depth
to thevariationby 1 pixel. Letrh, = (95:5;72 1) andrh, = (96:5;72, 1) betwo imagepointsin
homogeneoupixel coordinatesvhich differ by 1 pixel. With the calibratedntrinsic camergparameters

0 1
222299  0:947957 97:5193
A=B 0 221228 686043 X
0 0 1

andwith the spatialpointsp; in the cameracoordinatesystemcorrespondingo rf;, we get

smi=Ap, A lsmi=pi;i=12
We considetthecasethatp;, i = 1; 2, have equaldistancerom the camerecenterthatis s ;= s; = sp.
For this casewe get 0o 1

1
p1 p2=sA Y(my ny)=sA 1%0&

0
o 0 ! 0 00044981
Pix P2 :
% Puy Pzy g = S% 0
Pz P2z 0
Hence

Xdif f = Pux  P2x = s 0:004498
srh = Ap impliess = p,. Bothtogethelyieldsthedependengc

Xdif f = Pz 0:004498 (5.32)

betweerthe x-differenceof two pointsof equaldistanceandthe distance.

Thecenterof theinteractionspaces atabout200cm from the camerasAccordingto (5.32),onepixel
differenceon the imageimplies a x-differenceof 0:8996 cm in space. If a deviation of one pixel is
assumedn both cameraimages,the x-differenceis 1:7992cm. Basedon this obseration, it canbe
concludedhatbothmethodsof calibrationarevery accurate.
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5.4 Error Detectionby CoherenceAnalysis

Our con guration with two observingcameraspensthe possibility to cross-checkhe resultsof segmenta-
tion performedon the two framestaken by the two camerason the sametime for consisteng. The reason
for usefulnes®f this approachs a spatialcoherencébetweenthe two imageswhich could be disturbedby

erroneousgmentation.Anotherpossibility is to cross-checkhe resultsof segmentatiorperformedon con-

secutve framesdeliveredby the samecamera.In that casethe time coherencexisting betweenthe frames
couldalsobedisturbedoy erronecusegmentation.

In thefollowing we usebothtypesof coherenceo de ne errorfeaturesijn section5.4.2for the caseof spatial
coherencandin sections.4.3for thecaseof time coherenceThenwe presentanapproacho errorcorrection
whichusegheerrorfeatureslt turnsoutthatfor certaincombination®f erroreventsijt is possibleo construct
asatis ableapproximatiorof thetrue,but becaus®f errorsnot available,resultof sgmentation.Section5.5
is devotedto thatissue.

5.4.1 RelatedWork

Ourapproacthof errordetectiorandcorrectionhasbeeninspiredby severalexisting methodswhich, however,
cannotbe appliedin a straightforvard way to our con guration becausef our cameraarrangemenandthe
requirement®f onlineprocessing.

In [HPO(Q, Han and Park introducea contourmatchingalgorithm using epipolargeometry They useone
moving camerato track one objectcontour Thegoalis to detectcorrespondingontourpartsbetweenboth
frames.Theapproachmatcheghecontourgpartby partusingthefactthatbothcontourshave almostthesame
shape.In ourinteractionenvironment,in contrastto the stereocon guration usedby Han andPark, the two

camerashave a wide baseline so that an objectmay appearquite differently in both cameraviews andthe
methodby HanandPark cannotbeapplied.

Similar work hasbeenperformedin the areaof structure-from-motionBasedon contoursegmentationthe
publicationgdZha95 TK95] useepipolargeometryaswe will do,too.

Otherapproachesike [AP96] go the inversedirection. The 3D interactionspaceis virtually coveredby a
regular3D grid of cells. By epipolargeometrythegrid is projectedontothe cameramages.Every projected
grid cell is checled for whetherit is occupiedby the objectin bothimages. The union of the occupied3D
cellsde nes anapproximationof the objectin space.Matchingerrorsarerecognizeddy grid cellsoccupied
in just oneimage. This obsenration could be usedfor error correction,but it is lessprecisebecausef the
discretizatiorby the grid.

In [Buv] a stereovision groupingand matchingalgorithmis usedto improve segmentationresultsif edge
detectionyields unsatis&ctoryresults like edgejunctionswhich arenot completelydetectedpr edgeswhich

aresplitin parts. The algorithmgroupsedgesegmentsin the gradientimageby their connectionsvith other
edgesggmentsandby theirrelative positions.Theconnectedegmentdn oneof thestereamagesarematched
with correspondingegmentsin the otherimageusingepipolargeometry The sggmentationis improved by

modifying the matchedcomponentdy consideringthe geometricpropertiesexisting in only one of the two

images.For example,if two segmentsbelongingto the sameconnecteccomponentrelinkedin oneimage,
but not in the otherone, thenthe two segmentsarelinked together A similar approachhasbeendescribed
in [SH87], which needssix minutesto repaironepair of frames. Thusboth methodsaretoo slow for online

correctionof segmentationasrequired.Furthermorethey arebasedn stereccamergairs,in contrasto our

cameracon gurationwith quitedifferentviews.
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5.4.2 Error Detectionby Spatially Corr espondingContours

We useerror featuresderived from propertiesof epipolargeometry The adwantageof this approachs that
the necessarynutual epipolarlines on the imagesof the two camerasare available from both calibration
proceduresised,in particularfor projective calibrationwhich requiresrelatively moderatecalibrationefforts.
In thearchitectureof gure 5.2,thetaskis performedby a processinginit which getsdatafrom every image
streamgdenotedD region ltering unitin the gure.

The basicideaof error featuredetectionis to sweepthe interactionspacein front of both cameraswith the

epipolarplanesof thetwo camerasTheepipolarplanesarethe planescontainingthe centersof bothcameras
Ci andC;. Thesweegpis intuitively performedby rotatinga planearoundtheline throughthe cameracenters.
The sweepstartswith a planebelov the objectof interest,thatis in our casethe pointing arm, androtates
until it is completelyabore the objectof interest. The sweepingplaneinducesa sweepingepipolarline onthe

imageplanesof camereC; andcamereC;, respectiely. Thesweepingepipolarline rotatesaroundtheepipole
of its imagewhich canbe calculatedby formula (5.9). Hencethe spacesweepcanbe implementedoy two

synchronizeglanesweeps.Synchronizations achiezed by calculatingcorrespondingontourlines on both

imagesaccordingto the formulas(5.7) and(5.8). If anepipolarline on the imageof C; is given, oneof its

pointsis usedasrh; in (5.7)in orderto getthe correspondingpipolarline on theimageof C; . Analogously
if an epipolarline on the imageof C; is given, oneof its pointsis usedasrh; in (5.8)in orderto getthe

correspondingpipolarline ontheimageof C;.

In the ideal case,the objectof interestis representedby single contoursc; andg in bothimages,andthe
sweepingepipolar plane inducessweepingepipolarlines on both imageswhich simultaneouslyenterand
leave the correspondingcontours,as depictedin gure 5.13. If the correspondingsweepinglines do not

Figure5.13: An objectof interestrepresentedly singleclosedcorrespondingontoursc; andg in theimages
of camerasC; (left) andC; (right). In the ideal casedepictedhere,the sweepingepipolarplaneinduces
sweepingepipolarlineson bothimageswhich simultaneouslenterandleave the correspondingontours.

enteror leave the contourssimultaneouslythe segmentations erroneousThis obseration leadsto the error
featuresusedfor errordetectionbasedon spatiallycorrespondingontoursde ned in the following. An error
featureconsistof anintenal betweerconsecutie entryor exit pointsof thecorrespondingpipolarinesof an
epipolarsweepwhich representa contradictingoehaior on the two images.Figure5.14 givesan example.
Segmentatiorof theimageof cameraC; hasfounda contourlargerthanthe oneof theobjectof interest.The
sweepnds theinterval betweerthelinesl;;. 1 andg; 1, expressedn the notationof theimageof C;, or g;.1
andl;;; 1, expressedn the notationof theimageof C;, wherel;j; 1 is the correspondingpipolarline of g;; 1,
andl;j; 1 is the correspondingpipolarline of g;. 1. Thisintenal, however, is notfeasiblesinceit violatesthe
conditionthateitherboth correspondingpipolarlines containobjectpoints,or noneof themdoes.

The following algorithmgeneralizeshis obseration and extendsit to the caseof the occurrenceof several
non-connectedontours.
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Figure5.14: The sggmentatiorof theimageof C; hasdelivereda contourlargerthanthecorrectone(left). In
this casethespacesweepnds anintenal [lj;: 1; gj; 1], expressedn the notationof theimageof C; (right), or
[9i;1; lij: 1], expressedn the notationof theimageof C; (left) whichis notfeasible.

Algorithm: Err or Feature Detectionfrom Spatially CorrespondingContours

Input:  Oneor morecontoursof the objectof interestin theimagesof two camerasC; andC;, deliveredby
segmentationandthefundamentamatrix Fjj betweerC; andC;.

Output: Errorfeaturesexpressedy classi edintenals of anepipolarsweep.
Parameter: A thresholdg > 0.

Steps: Scanboth imageswith the epipolarplane,and reportthoseintenals whereone scanline intersects
a contourbut the otherdoesnot, and reportthoseintervals and correspondingype which ful Il the
appropriateconditionof oneof thefollowing types:

Sli=j: Theintenal is the rst intenal of the sequencef reportedintenals. Its entry planeentersa
contourof theimageof camereC;/C; . Its exit planeentersacontourof theimageof camereC; /C;.
Theinterval lengthexceedsa giventhresholdg.

S2:i=j: Theintenal is the lastintenal of the sequencef reportedintenals. Its exit planeleavesa
contourof the imageof cameraC;/C;. Its entry planeleavesa contourof the imageof camera
C, IC;i Theinterval lengthexceedsa giventhreshold .

S3i=j: Theintenal is neitherthe rst nor the lastinterval of the sequencef reportedintenals. Its
entry planeleavesa contourof theimageof cameraC;/C; andis insideof a contourof theimage
of cameraC; /C;. Its exit planeentersa contourof theimageof cameraC;/C; andis insideof a
contourof theimageof camerzaC; /C;.

S4:i=j . Theintenal neitherintersectsa contourof the imageof cameraC;/C; nor a contourof the
imageof cameraC; /C;.

S1 coversthe caseof a non-feasibleglobally rst intenal. The examplejust discussedand illustratedin
gure 5.14is of caseS1. Anotherexamplefor caseS1 is thatthe contourfound by segmentationis smaller
thanthe correctcontour Figure5.15depictsthis situation. The problematidantenal [g;; 1; I, 1] (w.r.t. theleft
image)and[l;;: 1;9i;1] (w.r.t. therightimage),respectiely, containgpairsof correspondingpipolarlinesone
of which containsa contourpointandoneof which doesnot, thusindicatingan erroneousituation.

ThecaseS2 is thecorrespondingaseto S1 of anon-feasibleglobally lastintenal.

The thresholdlg is requiredsinceeven for the caseof correctseggmentationit cannotbe expectedthat the
correspondingepipolarlines enteror leave the contoursin exactly the samemoment.If the distancebetween
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Figure5.15: The sggmentatiorof theimageof C; hasdelivereda contoursmallerthanthe correctone (left),
with epipolarly extremal pointsm;;; andmj;». In this case,the spacesweep nds anintenal [gj; 1; I 1],
expressedn the notationof theimageof C; (right), or [l;j; 1; 9i;1], expressedn the notationof the imageof
C;i (left) whichis notfeasible.

the entry/it point in oneimageandthe epipolarline inducedin thatimageby the entry/«it point of the
otherimagedoesnot exceedthe threshold a simultaneousccurrencef both eventsis assumedandno error
intenal is reported.

A patrticularinterestin the casesS1 and S2 resultsfrom the obsenation that, accordingto the arrangement
of the camerasn our scenarioof interactionwith a backprojectiorwall, the nger tip is anextremalpoint of
the epipolarsweepin bothimagescf. e.g. gure 5.23. Thethin linestraversingthe top right imagefrom left
to right, andthe linestraversingthe bottomleft imagefrom top to bottomareepipolarlines correspondingo
eventsof particularinterestin the con gurationdepictedin the gure, asexplainedlater Thusthealgorithm
candetectsggmentatiorerrorsat the nger tip which areparticularcritical for projection-basegointing. As
we will seelater, with additionalinformationit will evenbe possibleto proposeareasonableorrectionof the
error

TheerrorfeatureS3 treatsthe casethata gapbetweertwo contoursoccursin oneof thecamerdmagesput no

gapis obseredin theotherimage.Figure5.16givesanexample.Theimageof cameraC; (left image)shawvs

two contoursresultingfrom segmentationwhereagheimageof cameraC; shows just onecontour Thegap
correspond#o the S3-typesweepingntenal [gi. 3; 9i- 4] ontheimageof cameraC; andin theintenal bounded
by the correspondingpipolarlines,[l;;. 3; lj;i; 4.

Therecanbe at leasttwo reasonsvhich could have causedhe caseS3. The rst reasons thatthe processof
sementatiorhaswrongly producedhe gapbetweerthe contours(left image). The secondeasornis thatsey-
mentationhaswrongly megedtwo separatedontoursinto onecontour(rightimage). Underthe assumption
thatthe objectinducesexactly onecontourin bothimagespnly theseconccases irrelevant.

TheerrorfeatureS4 is relevantif the boundaryof the region coveredby the objectof interestin theimages
consistsof just one connectedccontour S4 describesan intenal of epipolarpairs of sweepinglines which
do notintersectary contourin both cameraimages. Sincethe sequencef sweepingntenals startswith a
globally rst entrypointanda globally lastexit point, the interval separatest leasttwo contoursin not less
than of the images. Thusthe single-contouassimption is violatedandan erroris reportedin form of that
intenal labeledwith S4.

5.4.3 Error Detectionby Image SequenceéAnalysis

Errordetectiorby imagesequencanalysiss basedn matchingof thecontoursof theobjectof interestin two
consecutie framesdeliveredby the samecamera.This meansthatthe operationis performedon theimage
streamof cameraC; andon theimagestreamof cameraC; separatelyIn the architectureof gure 5.2, the
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Figure5.16: Occurrenceof a sweepingintenval of type S3, [gi-3; gi-4] in the left image,andthe epipolarly
correspondingntenal [lj;;: 3; lj;i: 4] in therightimage.

taskis performedby aseparat@rocessinginit for every streamgdenotedn the gure by time-base®D region
ltering unit.

Our approacho contourmatchingusesthe assumptiorthat the relevant contourson consecutie framesare
very similar, andthatthey arealmostrigid. In fact, in the caseof pointingin our interactionenvironment,
the relevant contourusually ervelopesthe arm and possiblya comparatiely small part of the torso. The
arm contourandthe torso contourare approximatelyrigid, but they could move one againstthe other We
considethemotionof thearmby applyingtheKarhunen-Léwe transformatioffKLT) or PrincipalComponent
Analysis(PCA)[GWO02]. TheKLT, appliedto thecontoursof two consecutie frames yieldsa transforminto
a coordinateframewith its origin at the averageof theinput points,andcoordinateaxesorientedin direction
of theextremalextensionf the contour By the characteristicef the contoursof interestin our applicationit
canbeexpectedthatthearmcontoursof two consecutie framesmatchwell afterapplyingthe KLT to both, if
they have beenproperlysegmented.

A possibilityto measurghe similarity betweencontoursis to investigatethe distanceof every vertex of one
polygonalcontourto the othercontour afterapplicationof the KLT to bothcontours,

h(p*; c5) == minfj p* g jjj o 2 &g; (5.33)
h(g*; c§) := minfjj g  pXjj j p* 2 cig; (5.34)

whereck, c§ denotethe KL T-transformedsetsof contourverticeson two givenimages respeciiely, andp ¥
andgk areverticeson cf andck, respectiely.

Anotherpossibilityis to measuresimilarity on the original contoursin the sameway,

minfj p - qjjj a2 cg; (5.35)

h(p; c2) :

h(g;c1) = minfijp qjjjp2 ag; (5.36)
wherecy, ¢, denotethe setof contourverticeson the two givenimage,respectrely, andp andqg arevertices
onc; andcy, respectiely.

As explained,our contourscould containdifferentparts,for which eitherthe oneor the othermeasuranakes
senselor thatreasorwe usethefollowing measurdormulatedwith respecto the original data,

minf h(p; c2); h(p*; c5)g; (5.37)
minf h(qg; ¢1); h(g%; ¢§)g: (5.38)

h (p;c2) :

h (g;c) :

A straightforvarderrormeasurdasednerrordetectiorby imagesequencanalysids themaximumdeviation
betweerthetwo contoursmeasuredn bothdirection,in this sense.
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Figure5.17: Visualizationof the distanceh betweertwo contoursin subsequenframes,in bothdirections.
Contoursegmentsconsistingof verticeson onecontourwhichhasgotanearesheighboronthesecond:ontour
atadistanceof lessthan3:5 pixelsaredisplayedn greentheothersin red.

Algorithm: Err or Feature Detectionby Image SequenceAnalysis

Input: The contourcy of the segmentedregion in a frameof a camerak, the contourc, of the segmented
regionin the precedingrame.

Output: An error featuree(cy; ¢, ) which is 1 if the distancebetweenthe two contoursexceedsan error
thresholdhg, andO else.

Parameter: An errorthresholdhg > 0.
Steps:

Lov(ai g ) = maxth (pig )ih (da)jp2 & g2 6o
2. If v(ck; ¢ ) > ho, thene(c; ¢ ) := lelsee(ck; ¢ ) = 0
3. Reporte(cy; ¢ ).

v(ck; ¢ ) is the so-calledHausdorf-distanceof the two point setscy andc, . It canbe calculatedby the
O(n logn)-algorithmof [ABG* 01], n the numberof involved vertices.

This measurés particularlyusefulin theimportantcaseof locationpointingwhentheuserholdsthe handstill.
In thatcasean error canbe reportedif the valuedeliveredby the algorithmexceedsa giventhresholdhg, as
doneby thealgorithm.

Figure5.17visualizeghedistance$ betweeriwo contourdn subsequerftames;n bothdirections.Contour
segmentsconsistingof verticeswhich have a nearesheighboron the secondcontourat a distanceof lessthan
3:5 pixelsaredisplayedn greentheothersin red.

5.5 Contour Correction by CoherenceAnalysis

In section5.4.2we have describeckerrorfeaturesbasedon imagestaken at the sametime by thetwo cameras
observingtheinteractionspacewhile in section5.4.3errorfeaturedasedon consecutie framesof the same
camerahave beenproposed.Now we combineboth conceptsn orderto try to correcterroneouscontours.
In the architectureoutlinedin the diagramof gure 5.2, this taskis distributed amongthe processingunits
responsibldor error detectionbasedon spatialcoherencé3D region ltering unit) andthoseresponsibldor
error detectionbasedon time coherencdtime-base®D region Itering). For that purpose datahave to be
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transferredThetime-basedegion Itering unitssupplythe3D region Itering unit with contouranddistance
data.The3D region ltering unitsendsglatarelatedto theepipolarsweepingntenalsto thetime-basedegion
Itering units. The decisionwhethera correctionandif so,whichtypeis executed needsa globalview. It is
takenover by the3D region ltering unit.

The following subsectionpresentheuristicsof correctionfor several con gurationsof contourswhich have
shawvn to beuseful: correctionby contourshrinking,by contourexpansionandby gapclosing. The heuristics
areappliedif a certaincombinationof error featuresand con gurationsof contours listed with eachof the
heuristicspccurs.For reason®f ef ciency, they do notcoverall possibilities but mary relevantones.

5.5.1 Correctionby Contour Shrinking

Correctionby contourshrinkingworksasfollows.

Algorithm: Correction by Contour Shrinking

Parameters: |p > 0 of spatialerrorfeaturedetectionhg > 0 of time-baseerrorfeaturedetectionathreshold
h, > 0.

Spatial error feature: S1;i (analogoushB1;j, S2;i, S2;j).

Time-basederror feature: e(ci;¢ ) = 1 wherec; is thecontourof intereston the currentframeof camera
Ci, andg is contourof intereston the precedingrameof camereC;.

Con guration:

1. ¢ consistof onecontourloop.
2. ¢ consistof onecontourloop.

3. h (mi1;¢ ) > hy wherem; 1 is the entry/it point of the S1;i-intenval of the epipolarsweep,
andthenearesneigboringvertex of mj;; ong; is onthesamesideof thetangentiakepipolarline
of m;.1 astheverticesadjacento mj.1 ong;.

Correction:
It is triedto constructnew contourciO by replacingaseggmentc;. o of thecontourc; whichcontainam;; 1,
with asegmentci?O whichis obtainedfrom a correspondingegmentc;  of the contourc; by rotation,
translation,andscaling. Figure 5.18 depictsthe contourc;;; in black andthe contourc; ; in blue and
green.Thegreenpartrepresentshe segmentc; . It is constructedy thefollowing steps.

Steps:

1. Walk alongg; in bothdirections startingatm;. 1, until verticesp, andp, withh (p;;¢, ) hypand
h (pr;g ) hyarefound. Letp, andp, bethecorrespondingiearesheighboringverticesof
p; andp,, respectrely, onc; . Theredline sggmentsin gure 5.18indicatethe nearest-neighber
relationbetweenverticeson ¢; andgc; .

2. If p; andp, exist, then

(a) De ne asegmentof ¢; , take thatsegmentasc; , androtate,translate andscaleit sothatit
ts assgmentc; o betweerp, andpy;

(b) Reportthenew contourandreturn.
3. Otherwisereturnwithoutcorrection.
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Figure5.18: Contourcorrectionby shrinking. The contourc;.; of the currentframeis drawvn in black, the
contourof theprecedingramec;. ; in blueandgreen.Thegreenpartbetweerthetwo blueverticesrepresents

thesegmentc; , whichis usedto replacetheerroneousegmentbetweerthetwo blackverticesvhocorrespond
to the blue vertices. Thered line segmentsindicatethe nearest-neighbeaelation betweernverticeson ¢; and

G -

Figure 5.19 shavs an exampletaken from our casestudy The rst row shaws the given con guration. In

theleft image,the contourat the handfoundby segmentatioris too large,in theright imageit is correct. The
secondow shavstheprecedingramesof bothimages.In bothframesthecontourshave beenfoundcorrectly

The third row shavs a color coding of the distancef verticesof the contourin the precedingframeto the

contourof the currentframe. Verticesof a distance> 3.5 pixels aredravn in red, the othersin green. The

imagesof row 4 shaw the epipolarlinesboundingthe S1-errorintenal, the constructechew contoursggment
in theleft image(green), thereplacedcontoursggment(blue), andthe contourof the region of the preceding
frame(cyan).

Thechoiceof hg is subjectof thelatersection5.5.4.

5.5.2 Correctionby Contour Expansion
Correctionby contourexpansionis quite similar to correctionby contourshrinking,andworksasfollows.

Algorithm: Correction by Contour Expansion

Parameters: |g > 0of spatialerrorfeaturedetectionhg > 0 of time-basearrorfeaturedetectionathreshold
hy > 0.

Spatial error feature: S1;i (analogoussl;j, S2;i, S2;j).
Time-basederror feature: e(ci; ¢ ) = 1, wherec;, ¢; arede ned asbefore.
Con guration:

1. ¢ consistof onecontourloop.
2. ¢, consistf onecontourloop.

3. h (miq;¢ 1) > h; wherem; 1 is theentry/eit pointof the S1;i-intenal of the epipolarsweep,
andthe nearesneigboringvertex of mj;1 on ¢ andthe verticesadjacentto mj.; on ¢ areon
differentsidesof thetangentiakpipolarline of mj. ;.

Correction:
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Figure5.19: Contourcorrectionby shrinking.Firstrow: Thegivencon guration: In theleft imagethecontour
at the handfound by segmentationis too large, in the right imageit is correct. Secondrow: The preceding
framesof bothimageswherethe contourshave beenfound correctlyin bothimages.Third row: Colorcoding
of the distance®f verticesof the contourin the precedingrameto the contourof the currentframe. Vertices
of adistance> 3.5 pixelsaredrawvn in red,the othersin green.Fourthrow: Theepipolarlinesboundingthe
S1-errorintenal, theconstructedhew contoursggmentin theleft image(green) thereplacecdcontoursegment
(blue),andthe contourof theregion of the precedingrame(cyan).
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Figure5.20: The contourc;;; of the currentframeis dravn in black, the contourof the precedingrramec;. |
in blue andgreen. The greenpartbetweerthe two blue verticesrepresentshe sggmentc;., which is usedto
replacethe erroneouse@mentbetweerthe two black verticeswhich correspondo the blue vertices.Thered
line sggmentsindicatethe nearest-neighbeelation betweerverticesonc; andgc; .

Figure5.21: Contourcorrectionby expansion.Firstrow: Segmentatiorhasdelivereda contourwhich does
notincludethehand.Secondow: Theepipolarlinesboundingthe S1-errorinterval, andthe constructedhewn
contoursggmentin therightimage(green).

It is triedto constructnew contourciO by replacingasegmentc;. o of thecontourc; whichcontainam;; 1,
with asegmentci?o whichis obtainedfrom a correspondingegmentc; , of the contourc; by rotation,

translation,andscaling. Figure 5.20 depictsthe contourc;;; in black andthe contourc; ; in blueand

green.Thegreenpartrepresentshe segmentc; . It is constructedy stepsanalogousliyto thoseof the
contourshrinking.

Figure5.21shavs an exampleof contourexpansion.The rst row shavs animagefor which sggmentation
hasdelivereda contourwhich doesnot includethe hand. The two imagesof therow shawv the epipolarlines
boundingthe S1-errorinterval. The constructeachen contourseggmentis depictedn therightimage(green).

In ourimplementatiorwe have seth; = hg, ho the parameteusedin section5.5.1.
5.5.3 Correctionby Gap Closing

Correctionby gapclosingworksasfollows.

Algorithm: Correction by Gap Closing

Parameters: |g > 0of spatialerrorfeaturedetectionhg > 0 of time-basecarrorfeaturedetectionathreshold
h, > 0.
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Spatial error feature: S3;i (analogouss3;j)
Time-basederror feature: e(ci; ¢ ) = 1, wherec;, ¢; arede ned asbefore.

Con guration:
¢ consistof two contourloopsc;:1 andc;: 2, ¢ consistsof onecontourloop.

Correction:
It is tried to constructa new contourc? which consistsof four segmentsc,, c2,, 5, ¢?,. c?; and
ci?3 aresgmentsof ¢;.1 andc; 2, respectiely, andci?2 andc,?4 areobtainedby rotating,translatingand
scalingtwo sggmentsof thecontourc; . Figure5.22,right, shavstheresultingcontourc?. Thesegments
c?, andc?, aredravn in green.Theleft partof the gure shavsthetwo contoursc;. ; andc; 2, dravn in
black,andthecontourc, , drawnin blue. Correctionis performedby thefollowing steps.

Steps:

1. Calculatethe setsV; and V, of all verticesp onc¢ with h (p ;G1) < h(p ;G2),
h (p ;ci1) ho andh (p ;G.2) < h(p ;G1),h (p ;C2) h,, respectiely. Thered
line sgmentsn gure 5.22 left, indicatepairsbetweertheverticesp andtheir nearesheighbor
verticesong;.

2. Searchfor two pairsof vertices(p, ;p,), (4;;0,) With p;;0d, 2 Vi, p,;d, 2 Vo, sothat
disjointsggmentsc;. , andc;. 4 of ¢, betweerp, ;p, andq, ;q,, respectiely, exist which do not
containverticesin V1 or V2. p, , q, , k = 1; 2, arerepresentetly bluedotsin gure 5.22,left.

3. If suchpairsexist, then

(a) Letpy, qx bethenearesheighboringverticesof p, , g, onc, k = 1; 2. Rotate translateand
scalec;. , andc;. 4 sothatsegmentsr:f;’2 andc,?4 connecip1,p2 andqi,q», respectrely. pg, qx,
k = 1,2, arerepresentedy blackdotsin gure 5.22,left.

(b) Considerthefour contourswhich resultby splittingci.x atpg, gk, kK = 1; 2. Selectthosetwo
of them,calledc?, andc?,, whichapproximates; best.

0 O O DO
(c) Reportc'y, G, G 3, G 4-

4. Otherwisereturnwithoutcorrection.

Figure5.22: Theimageon the right shavs the resultingcontourc?. The seglmentsci?2 andc,-‘?4 aredrawn in
green.Theleft imageshaws thetwo contoursc;;; andc;; 2, drawn in black,andthecontourc; , dravn in blue.
Theredline sggmentsindicatepairsbetweertheverticesp  andtheir nearesheighborverticesonc;.

Figure5.23shavs anexampleof correctionby gapclosing. Theleft imageof the rst row shavs anerroneous
segmentatiorwhich hasdeliveredtwo contours.Theresultof errorcorrections presentedh therightimageof
the rst row. Thenew contouris dravn in green.Theimagesof thesecondow shaw the epipolarlineswhich
boundthe S3-errorintenal, andthe rst andlastepipolarline of the completesweepingorocessindicatedin
bothcameraviews.
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Figure5.23: Contourcorrectionby gapclosing. First row, left image: Segmentatiorhasdeliveredtwo con-
tours. First row, right image: The resultof error correction. The newv contouris dravn in green. Second
row: Theepipolarlineswhich boundthe S3-errorintenal, andthe rst andlastepipolarline of thecomplete
sweepingorocessindicatedin bothcameramages.

In ourimplementatiorwe have seth, = hg, ho the parameteusedin section5.5.1.

An analogougaseto gap lling is bridgeopening.A bridgeoccursif two separateegionsarefalsemeiged
by sggmentation.Sincein our applicationthe regular caseis one contour bridgeopeningis not relevantand
thusnottreatedhere.

5.5.4 Parameter Control

The time-basedanalysisandthe space-basedrror analysisusethresholdparametersn orderto distinguish
betweerfaulty discontinuoushdeformedegionsandregionsdeformedduecorrectlyto motion. If thethresh-
oldsaretoo high, incorrectlydeformedregionsarerecognizedascorrectregions. If thethresholdsareto low,
regionsrepresenting correctdeformationby movementare detectedaserroneous.This problemis reduced
by parametecontrol. In thesystemarchitecturef gure 5.2,parametecontrolis performedoy theparameter
controlunit. Theparametecontrolunitincrease®r decreasethe parametevaluesdependingnthedetected
casein every frame,accordingo givenrules.

We apply parametecontrolto the parametersy andhy (= hg = h; in ourimplementationpd the preceding
sectionsIt worksasfollows.

Algorithm: Parameter Control of Err or Correction

Input:

the S1/S2 errorfeaturesdetectedby the algorithmof errorfeaturedetectionfrom spatiallycorre-
spondingcontours

the error featuredetectedoy the algorithmof error featuredetectionby imagesequencanalysis
for thetwo observingcamera<C; andC; .
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Output:  Thethresholdvaluessubjectof controlare
lo > Owhichin uencesthesensitvity of S1- andS2-intenals
h; > 0whichin uencesthesensitvity of differencebetweerthe contourof the currentframeand
the contourof the precedingrame, measuredy the distanceof an epipolartangentpoint of the
currentcontourto the precedingcontour

Algorithm:

Parametecontrolis performedoy processingheerrorfeaturedrameby frame.Dependenbnthegiven

con guration of the valuesof error featuresof the currentlyprocessedrames,the thresholdvaluesare

increasedr decreasedThe casesf con gurationscausingupdating,andthe correspondingipdates
to be performed,are compiledin gure 5.24. Sincethe possibility of correctionis checled for in the

contoursof theimagestreamof cameraC; andC; simultaneouslythetablecontainscolumnsfor both

cameras.

| | SUS2errorfeature | contourdistanceC; | contourdistanceC; |

casel: no error low/no error low/noerror
parameter

update: decreasdy decreasé decreasé

case2: no error low/no error high/error
parameter

update: - - increaseh;

case3: no error high/error low/noerror
parameter

update: - increasen; -

cased: no error high/error high/error
parameter

update: - increasen; increasen;

caseb: outlieri/inlier j low/no error low/no error
parameter

update: increasdg - -

caseo: outlieri/inlier j low/no error high/error
parameter

update: - - -

caser: outlieri/inlier j high/error low/no error
parameter

update: - - -

cases: outlieri/inlier j high/error high/error
parameter

update: increasdy increaseh; increaseh;

Figure5.24: Parametercontrol: Thethresholdvaluesl o andh; areadaptediependenon errorfeaturesof the
currentframe.

Therearedifferenttypesof cases.The casesl, 6, and7 are consistentases.In thesecasesno parameter
updateis necessaryalthoughone is performedin casel, which will be explainedlater). All othercases
shawv contradictoryerrorfeaturesindicatingthaterrorfeaturesarepossiblynot correctlydeterminedprobably
becaus®f anon-adequatéhresholdvalue.In thesecasescorrectionis performed.

For example,in case2, thedistancebetweerthe subsequentontoursdeliveredby camereC; leadsto anerror,
but the epipolaranalysisdoesnot. In this situationit is reasonabl¢o increaseh ;, asdonein thetable,sincea
higherthresholdwould have transferreccase? into thefeasiblecasel.
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At a rst glanceit mightlook strangethatthe valuesaredecreaseth theidealcasel. Thereasonhowever,
is thatcasel could have happenedecauséhe valuesaretoo large andnot sufciently sensitve, althoughan
error might have occurred. By keepingthe thresholdvaluesin a critical region, it is intendedto avoid this
effect, althoughin this mannerin theideal, errorfree case a certainnumberof errorsmight be evoked.

5.6 Point Motion Filtering

Whenimplementingthe approachasdescribedup to now, a signi cant jitter effect of the calculatedoointing
goal canbe noticed. Reasondor jittering might be the imagenoise causedoy the camerasandinaccurate
seggmentation. The errorsin the imageare additionallyintensi ed by the scalingfrom the imagespaceinto
interactionspace.

Anothereffect arenon-continuougumpsof the pointinggoal. Thereasoris therelative low frameratewhich
is signi cantly belav theatleast16 framespersecondequiredto give theimpressiorof acontinuousnotion.

Evidently ltering is requiredin orderto eliminatethat effect. In the architectureof gure 5.2, ltering is
performedby the featue extractionunit. Two Iters areapplied,a smoothinglter for noisereduction(sub-
sectiorb.6.1),andaninterpolationlter whicheliminategheeffectof discontinuousnotion(subsectior®.6.2).

5.6.1 Smoothingof Point Motion

A sequencef pointsin spacds smoothedy estimatingthe noisein a giveninput sequencef points.In our
casetheinputsequencés givenby the calculatednger tip pointsin space Fromthenoise,atolerancevalue
is calculatedvhich de nesthesizeof anaxes-paralleboxarounda nger tip point. Aslongasa nger tip lies
insidethe precedingoox, the centerof the box is reportedasthe Itered positionof the nger tip. Otherwise,
the current nger tip pointis forwardedwithout modi cation. The detailsareasfollows.

Algorithm: Smoothingof Point Motion

Paramters: A scalingfactors > 0 andaweight > 0.

Steps:
j =0
Fori = 1;2;:::

1. If g; isin astaticinterval of theinputsequencethatis
(Gik > 0" g 1k<0)_(Gik <0"g 1xk>0)
whereg; , k 2 fX; y; zg, denotesa coordinatecomponendf

(
o 0 ifi = 0
9T g g ifi>0
then
(@ pj = qi.
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(b) Calculate

h( )2 = 0 ifj =0
j h()? o+ (39 39 02 h( ) ) ifj>0

where (

_ 0 if j =0
gj =

pj Py 1 ifj>0
(c) Updatethe extensionof theboxto2 s h( ),—2.

(d) If thecurrentpointp; is insidethebox thenreportthe currentcenterof thebox ase;.
Otherwisemove the box so thatits orginally closestcornerto p; lies on pj, andreportthe
centerof thebox asg; .

(e) Incremeni by 1.
2. Otherwisereportq; ase, andreset = 0;

Thesquareof vectorto betakenin stepb denotecomponent-wissquaringof thevector

In stepl, the algorithm estimateghe noise of the input sequenceén static phaseswhenthe useris in the
locationpointingmode. A staticphasemeanghatthe differencesequence; is closeto 0 in all coordinates,
herede ned by a changeof signof two consecutie values,

Gk > 0" g 1k < 0)_(Gik < 0" g 1x > 0);
wheregyi, k 2 fx;y; zg, denotesacoordinatecomponendf g;.

h( ); denotesamodi cation of the averagesquaredocal varianceof the differencesequence; of theinput
sequencén astaticphase Theaveragesquaredocal varianceis de ned by

( .pP. .
hi2= Foke(oe T2 ifj 1
J 0 else

whereg, is alocal averagdike e.g.

Fok+ ok 1) ifk 1
Ok else

It canberewrittenrecursvely as

1 1 1
ho? := 0;hj? = h; 12+j— ((Egj 59i 1)? hj2 1)’

With respecto the original input sequencehelocal variancecanberewritten as

1 X 1% 1
= (g TP= - (o é(gk"'gk 1))?
) k=1 ) k=1
X1 1
a k:1(29k 59k 1)
_ 11

1 2
= = + =
j kzl(zpk Pk 1% 5Pk 2)
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Thusthelocal variancecanbeunderstoodsthe averageof thesquaredliscretesecondderivativesof theinput
sequence.

A disadantageof thelocalvariances thatit equallyconsidershewholehistoryof thesequenceThemaodi ed
valueh( ); allowsto preferthe morerecentvaluesof theinput sequencéy anappropriatechoiceof > 0,
for instance = 0:2insteadof theoriginal Jl

The estimatedhoisedetermineghe size of the Itering rectangleusedby the algorithm. The scalingfactor
s > 0 canbe usedto control the sensitvity of the Iter. With s = 2, we could obsere experimentallythat
about98% of the noisecanbe eliminated thatis in 98% of all pointsof atestsequencéhebox hasremained
unchanged.

Experiment: Smoothingof Point Motion

Approach: Theuserperformsa prescribedpointing motion. It consistsof four phase®f pointingata x ed
goalatdifferentlocations.Thelastlocationis justa slight modi cation of the precedingonein orderto
shaw thatthe lter is nottooinaccurate.

Data: The sequencef coordinatef the calculatednger tip points, of the x-, y- and z-extensionsof the
correspondindoundingboxes, andthe resultingsmoothedsequencef nger tip pointsfor animage
sequencef 64 frames.

Obsewation: Theapproactadaptsvell to thegivenconditions.Thesizeof theboundingbox correlateswvith
the amountof noise. Figure5.25 shaws the x-coordinateof the nger tip (blue), the centerof the box
(red),the x-extensionof thebox indicatedby line sggments andthe sequenceifferenceof theresulting
Itered nger tip points. Up to frame 22, the noiselevel is low. Thusthe resultingboundingbox is
small. Noiseincreasedetweenframes22 and 28, turning the extensionof the box. With frame 35,
noisebecomedess,andthe sizeof the correspondindpox is reducedcontinuously

The box canalsobe usedto remove outliersfrom the given sequence An outlier is a point whoseposition
deviatessigni cantly from the positionsof its predecessaandsuccessowhich shouldbe approximatelythe
samein astaticphase We de ne anoutlierasa pointp; for which

Gk >h( ) g < hOF p)_ Gk < ") ™G 1> h()f 1)
for oneof thecoordinatek, k 2 fx;y; zg. For example,let be
Px.0 = 10 px;1 = 10 px;2 = 30 px;3 = 10 px;4 = 10

Thisimplies
Ox.0 = 0; Ox:1 = 0; Ox:2 = 20; Ox:3 = 20 Ox:4 = 0:

Theoutlierpy.> = 30 canbeclearly noticedby consecutie positve andnegative outliersin the sequencef
differenceswvhich canberecognizedy the criterionformulatedabore. In contrast,

Px;0 = 10, px:1 = 10, px.2 = 30, px;3 = 30 pxa = 30

Ox0=0; Ox1=0; Ox;.2= 20, gx:3= 0; Ox;4 = 0

is recgognizedhslegal by the criterion.
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Figure 5.25: Smoothingof the motion of a nger tip. The userperformsa prescribedpointing motion. It
consistdn four phase®f pointingata x edgoalatdifferentlocations.Thelastlocationdeviatesjust slightly
from the precedingonein orderto shaw thatthe Iter is nottooinaccurateThe curvesshav thex-coordinates
of the given point sequencepf the sequencef centerpoints of the calculatedbox, the x-extensionof the
boxes,andthe difference®f thex-coordinate®f consecutie pointsof theresulting ltered pointsequence.

5.6.2 Interpolation of Point Motion

In orderto generate continuoussequenc®f points,additionalpointsareinsertedbetweerthe pointscalcu-
latedfrom theinputimage.We uselinearinterpolationfor thatpurpose.The currentpointp; is connectedo
the precedingpoint p; 1 by aline segment. Theline segmentis divided by k pointsin equaldistance and
thesepoints,followedby p;, arereportedby theresponsibldeatureextractionunit for furtherprocessingThe
appearancef continuityincreasesvith k.

5.7 Experimental Evaluation

In the following we presenthe resultsof an experimentalinvestigationof animplementatiorof projection-
basedyointing. We have implementedheapproachn Visual C++onaDual PentiumPC1100MHz equipped
with two Matrox Meteor2 framegrabbersLike in section4.5, performancevaluationconcernghe computa-
tional performanceindthe usability

Concerningcomputationaperformancethe systemhasdeliveredabout10 locationsand pointing directions
persecondn this hardvare.

Thefollowing subsectionaredevotedto the evaluationof performancespect®f usability to theanalysisof
theeffect of pointmotion Itering, andto theevaluationof coherence-basestrorcorrection.
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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 task of localization. The following two
experimentsareanalogouso the experimentf arm-basegbointingin section4.5.

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

Approach: Theexperimenttakesplacein theinteractionervironmentshavnin gure 5.1. A cursorlinkedto
theusers handasdescribedn the precedingsectionds displayedon the backprojectiorwall. A button
of sizel70mm 50mm (width  height)is shavn in the centerof the screen.The userhasto move
the cursor initially placedat an arbitrarylocationon the screenonto the button. This taskhasto be
repeateceveraltimes.

Parameters: Asweknow, thesystemhasseveralcontrolparametersvhosevaluescouldin uence the usabil-
ity. In this experimentwe analyzethein uence of

thebox sizefactors which controlsthe sizeof therectanglausedfor smoothingof pointmotionin
thealgorithmof section5.6.1,

the numberk of cursorpositionsinterpolatedbetweentwo positionsoriginally deliveredby the
systemjn orderto smooththe cursortrajectoryvisually, cf. section5.6.2.

Further an additionalscalingfactorm is introduced. It controlsthe sensitvity of cursormotion with
respecto handmotion,similar like thesensitvity of the mouseof a classicabdesktopsystemcanbeset.
m scaleghe mappingfunctionsf of section5.2or g of section5.3,respectiely.

The quantitiesaremodifedduringthe experiment.

Measured quantities: The experimenthasbeenperformedin two sessions.The two sessionhave taken
placeat differenttimes. This meanghatthe environmenthasnot beenidenticalwith e.g. lighting. At
the beginning of the sessionsthe systemhasbeencalibrated. In the rst sessionthe experimenthas
beenperformedby two differentuser calleduserl anduser?2 in the following. In the secondsession,
threeusershave beeninvolved, calleduser3, 4, and5. Userl anduser3 have beenthe sameperson He
hasbeenexperiencedwith the system.Users2, 4, and5 have beennovices,without knowvledgeof the
system.User2 hasbeenfemale,theothersmale.

Every userhadto performthe taskof cursorlocations20 timesin sequencavith the samesetof pa-
rametervalues. This actionis repeatedor several parametesettings.In every round,the datavalues
measuredor the rst 10 timeshave beenanalyzedseparatelyfrom thoseof the next 10 times. The
reasonis to analyzea possibldearningeffect duringthe experiment.

Timing hasbeenperformedusinga stop-watch. The userentersaninteractionphaseby saying”start”
andleavesit by saying’stop” whenthe cursoris on thebutton.

Obselrvations: Table5.4 compilesthe best,worstand averagetimesof the trial sequencesfor differentpa-
rametersettings.

The in uence of the parameterganbe qualitatively describedasfollows. If the scalingfactoris too
high, the usercaninteractover the whole areaof the projectionwall, but the cursorjumpstoo muchon
thewall. If the scalingfactoris too small,the usercannotinteractwith thewhole areaof projection. If

theboxfor noisereductionis too large, the cursorfollows a motion of thearmtoo late. If theboxis too
smallthe cursorjumpstoo muchin orderthata goalcanbe selected.If too mary cursorpositionsare
insertedby interpolation the cursorlagsconsiderably If the numberof insertedpositionsis small,the
cursormotionappearsainharmoniously
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A parametesettingof m = 2:5 for scaling,s = 0:5 for box size,andk = 1 for the numberof inserted
interpolatedoointsis anoptimalchoicein the usedtestervironment.It could be noticedthatthe system
becomesoo sluggishif thenumberof interpolatedhointsincreasesSubjective obsenrationshave shavn
thatin this casetheusermovesthehandtoo far, sothatthe cursorsuddenlymovesfar beyondthe button
to beselectedlIf theboxis largerthan2:0, theuserhasto performlargearmmotionsin orderto movethe
cursor A scalinglessthan1:5 makesthis partof interactioneasier(seecasel:5 in table5.4). However,
in this casejust objectscloseto the centerof the projectionwall canbe easilyselectedvhile objectsat
theborderof thedisplayareacanbeselectechardlyor evennot.

Theresultsaresimilar to thoseof arm-basegointingin section4. This meanghatthe experienceof
the userhaspracticallyno in uence onthe performancef theuser The strongdifferencebetweerthe
best-cas¢ime, the worst-casdime, andthe averagetime in secondgsee gue 5.4) shavs thatthe user
musthave someluck to reachthegoal. Reasonsigainareimagesegmentatiorerrors theinitial location
of thecursor andhow the userstartswith theinteraction.

Thetime requiredfor selectionof a button certainlydependn the size of the button. In the following we
investigatethe dependengcin a quantitatve way. Table 5.5 shavs the best, worst and averagetimes over
sequencesf tentrials dependenon the horizontalandvertical extensionof a button.

Experiment: In uence of the button sizeon selectiontime

Approach: Theuserperformsactionsof selectionof a buttonlike in the precedingexperiment,for different
horizontalandvertical extensions.

Parameter:
Thehorizontalandvertical extensionsof the buttonin mm.

Measured quantities: The testpersonshave beenthe samelike in the precedingexperiment. For eachex-
tensionof the button, every userexecutegenactionsof selection.For every action,therequiredtime is
measureasbefore.For every seriesthe best,worse,andaveragetimesaredetermined.

Obsewations: In table5.5it canbeobseredthattheexperiencediserl shavs abetterperformancehanthe
unexperienceduser2. With afew exceptions,t canberecognizedhatthe timesareworsefor smaller
buttons.Theverticalextensionhasmorein uence thanthehorizontalextension.This canberecognized
from theparticularhightimesrequiredby userl (9:38 sec)aswell asuser2 (1245 sec)for anextension
of 230mm 60 mm. For bothusers80 mm seemdo beanacceptableerticalextension.More narraw
buttonsleadto worseresults.

5.7.2 Evaluation of Coherence-basederr or Correction

We will now analyzeexperimentallythe performancef coherence-basestrorcorrection.

In thefollowing experimenttheeffect of the distancehreshold o whichin uencesthetoleranceof correction
of sggmentationis investigated. The goal of the experimentis to nd an optimal parametessettingandto
compardt with thesettinggeneratedby automatigparametecontrol.

Experiment: Analysis of segmentationerror correction

Approach: Theexperimentanalyzegshe effect of theapproachof errorcorrection.For thatpurposedifferent
parametessettingsare investigated. The error correctionprocesss provided with eight sequencesf
contoursextractedfrom usualinteractionsequencesEachof the eight sequencess characterizedby
an error type and the numberof occurringerroneoussegmentationof this type, which is found out
manually Thefollowing errortypesaredistinguished:
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type 1: outlier, the sgmentfoundis toolarge

type 2: clipped,thesegmentfoundis too small

type 3: gap,two segmentsinsteadof one

type 4: mewged,oneseggmentinsteadof two.

Figure 5.6 shaws the error type occurringin every sequencethe numberof its occurrenceand the
maximumerrorvaluein pixel units. The errorcorrectionprocesss appliedto the sequencef contours

andthe numberof erroneousegmentationsvhich canbe correctedy theerrorcorrectionprocessand
therecognizecerrortypearereported.

Parameters: Thedistancethresholdly. It controlsthe sensitvity of error correctionby coherencenalysis.
Sensitvity is proportionalto theamountof | 5. |g hasbeenselectedinceit is crucialfor the performance
of errorcorrection.

Measured quantities:

thenumberof correctecerroneousegmentations.
the maximumdistanceerroroccurringin the outputsequenceftercorrection,
theminimumdistanceerrorof theinput sequencevhich couldbe corrected.

Thedistanceerroris measuredike in stepl of the algorithmof section5.4.3,but with the original and
thecorrecteccontoursasparameters.

Obseations: Table5.7 shavs the resultsof measurementsThe succesf error correctionis presented
by the number(# corr) and percentag€% corr) of correctederrors. Further the maximumdistance
error(errmax,in pixel units)aftercorrectionandtheminimumdistancesrrorwhich couldbecorrected
(errmin, in pixel units)aredisplayed.1l indicatesthatno correctionasbeenpossible.

Most of the errorsarereducedor [ = 3. A smallervalueof |y = 2 canreducethe numberof existing
errors,butit couldhapperthatcorrectresultsarenow recognizedaserroneousindarefalselycorrected.

Thefollowing experimentanalyzeghe effect of coherence-baseatrorcorrectionwith parametecontrol.

Experiment: Analysis of adaptive parameter control

Approach: The experimentanalyzesthe effect of parametercontrol on the result of sggmentation(sec-
tion 5.5.4). Theimagesequencesf the precedingexperimentareusedagain,andthe sameerrortypes
aredistinguishedjn orderto compareadaptve parameterccontrol with the resultsof x ed parameter
settings.

Measured quantities: Themeasuredjuantitiesarethe sameasin the precedingexperiment:

thenumberof correctecerroneousegmentations.
the maximumdistanceerroroccurringin the outputsequenceftercorrection,
theminimumdistanceerror of theinput sequence&hich couldbe corrected.

Obsewations: Figue5.8shavstheresultsof theexperiment.ly = 3 hasbeenusedasinitial valueof adaptve

parameteicontrol, asthe bestchoiceof the precedingexperiment. Adaptive parametecontrol yields
betterresultsthana x edsetting.

Experiment: Analysis of cursor stability
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Approach: The experimentusesthe scenarioof interactionof gure 5.1. The userhasperformeda hand
motion consistingof phasef rapid motion, slov motion, andlocationpointing,i.e. no motion. Two
sessionf interactionhave beenrecorded,one lasting 15 secondg150 frames)and the otherabout
1.5minutes(1076frames).

Casel.

Measured quantities: Numberof frameson which the systemyieldsthe desiredcursorpositionin the
phaseof location pointing, i.e. still arm, if the raw segmentedregion dataare fed in without further
Itering. Thedesiredcursorpositionis achieved if the cursoris within agiven6cm 6 cm squareon
thescreen.

Obsetrvation: It hasturnedout thatthe systemyields the desiredcursorpositionin about92% of the
framesfor the raw segmentedregion data. In 8% of the framesthe cursorhasnot beenat the desired
position.

Case?2.

Measured quantities: Numberof frameson which the systemyields the desiredcursorposition, if
coherence-basamrrectionandparametecontrolareactivated,but point motionsmoothings not.

Obsewation: 97.3%of thecursorpositionshave beendeterminecdtorrectlyby coherence-baseambrrec-
tion.

The precedingexperimentinvestigateghe effect of coherence-basestror correctionwith parametercontrol
onthe nal pointpositiononthe screen.Thefollowing experimentis concernedvith theinterior behaior of
theprocess.

Experiment: Analysis of coherence-basederror correctionwith parameter control

Approach: The experimentusesthe scenarioof interactionof gure 5.1. The userhasperformeda hand
motion consistingof phasesof rapid, slov, and no motion. Five sessionsf interactionhave been
recordedeachyielding animagesequencef 150to 200frames.

Casel. Measured quantities: The percentag®f errorscorrectedby coherence-basetlering, dependent
onthelengthof theintenal (i.e. the number)of consecutie erroneougramesprecedinghe corrected
frame. Figure5.26 displaysthe acquireddata. Two casesof interactionarerepresentedh the gure,
onewith relatively fasthandmotion,andonewith relatively slov motion. Furthermoretheanalysishas
beenperformedwithout andwith parametecontrol. Both curvesareshavn in the gure.

Observation: The possibility of correctingwrong resultsof segmentationdependon the numberof
subsequenerroneoudrames. As it could be expected,the possibility of correctiondecreasesvith
increasingntenals. For slow motion,the succes®f correctionwashigher An explanationis thatthe
regions seenregions, which are usedfor correction,are more similar to the currentonein the slow-
moving casethanin thefast-mwing casepecaus®f lessdeformations.

Case2:

Measured quantities: The developmentof the percentagef errorscorrectedby coherence-basexbn-
tour correctionwith parametercontrol over time. For every frame, the percentagef occurrenceof
casedl, 6 or 7, accordingto the de nition of gure 5.24is plottedfor the rst 42 frames( gure 5.27),
which arejustthosecaseswith consistentontours.

Obsewation: At thebeginningof theinteractionwith unfavorablepreseparameterghesystendetects
mary non-matchingcontours. From frame 35 on, the systembehaes better 80% of the casesare
now recognizedasfavorablecases.A detectionrate of 100%is not possiblebecausef the described
approacthof decreasingarametevaluesin thefavorablecasel.
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Figure5.26: The percentag®f errorsthatcould be correctedby coherence-basellering, dependenbn the
length of the erroneousntenal of frames. Theleft gure representsiatafor a fast-maing hand,the right
gure for aslov-moving hand.Theuppercurnesincludeparametecontrol.

Figure5.27: Theeffect of the parametecontrolloop. The curve shaws the developmentof the percentagef
favorablecasesvertime,over veimagesequences.
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testpoint Ci Ci Euclideancal. projective cal.

X y X y | Cami Camj min | Cami Camj min
1-blo 172 99 |122 90| 026 0.19 0.19| 139 0.97 0.97
1-tr 174 139|150 91| 039 0.27 0.27| 237 159 159
1-br 138 137|151 114 180 151 151 180 151 151
1-lu 138 101|120 111 101 0.89 0.89| 116 1.00 1.00
2-blo 169 55| 88 89| 116 086 0.86| 2.09 0.79 0.79
2-tr 173 92| 117 89| 022 0.15 0.15| 1.06 0.74 0.74
2-br 139 96| 115 112 | 143 127 127| 063 055 0.55
2-lu 137 62| 84 111| 1.14 1.04 1.04| 027 024 024
3-blo 158 18| 57 89| 085 066 0.66| 0.77 0.60 0.60
3-tr 173 49| 8 88| 0.05 0.04 0.04|, 0.14 0.10 0.10
3-br 143 66| 89 109| 104 092 092| 030 0.26 0.26
3-lu 130 36| 58 110| 1.23 1.15 1.15| 0.11 0.10 0.10
41l 113 65| 89 96| 046 043 043| 058 0.52 0.52
4-tr 116 104|124 96| 163 145 1.45| 0.07 0.06 0.06
4-lu 85 72| 8 124| 068 0.79 0.68| 153 174 153
5-tl 118 93| 115 96| 0.68 061 0.61| 0.76 0.65 0.65
5-tr 121 133|150 95| 044 037 037| 227 185 1.85
6-tl 21 72| 76 117| 0.74 111 0.74| 173 260 1.73
6-tr 39 103|123 111| 086 1.12 0.86| 144 184 1.44
7-t 25 32| 16 113| 074 108 0.74| 193 198 193
7-tr 32 64| 69 112| 029 041 0.29| 1.30 150 1.30
8-br 22 115|145 10| 106 0.79 0.79| 0.13 0.09 0.09
8-lu 27 63| 99 21| 157 131 131| 175 130 1.30
10-br 103 125|146 21| 057 032 032| 1.26 0.69 0.69
10-lu 86 72111 30| 0.18 0.12 0.12| 198 132 132
11-tl 129 35| 81 54| 002 002 0.02| 157 1.08 1.08
11-tr 127 81114 54| 019 0.13 0.13| 0.89 0.59 0.59
12-tl 121 36| 82 50| 020 0.14 0.14| 184 127 1.27
12-tr 123 84117 52| 113 0.77 0.77| 0.05 0.03 0.03
13-tr 16 94121 48| 086 089 0.86| 0.33 0.34 0.33
13-br 14 112|137 96| 116 157 1.16| 094 125 0.94
141l 162 36| 8 54| 106 066 0.66| 1.20 0.74 0.74
14-tr 167 84| 118 53| 103 062 0.62| 062 0.36 0.36
15t 131 52| 8 80| 0.01 0.01 0.01| 0.00 0.00 0.00

Table5.1: Projectie erroranalysisof Euclidearandprojective calibration.i-tl,i-tr,i-br,i-bl denotethetop left,
top right, bottomright, bottomleft cornerof thei-th usedlocationof the testplate. The coordinatef the
imagesof thetestpointsin theimagesof cameraC; andcameraC;, aswell asthe projective errorslistedin
theright columnsof thetable,aregivenin pixel unitsof the196 144 cameramages.

testpoint Cami Camj Euclideancal. projectve cal.

X y| x y|CamO0 Caml min| Cam0 Caml min
15-bl 131 52|85 80| 0.01 001 0.01| 0.00 0.00 0.00
15-bl 132 528 80| 0.16 0.13 0.13| 0.17 0.14 0.00
15-bl 131 51|85 80| 099 0.78 0.78| 097 0.78 0.00
15-bl 131 528 80| 1.19 094 094| 1.17 0.93 0.00
15-bl 131 52|85 81| 045 035 0.35| 0.37 0.30 0.00
15-bl 132 53|85 80| 1.15 090 090| 1.23 0.90 0.00
15-bl 131 52|85 80| 164 129 156| 1.25 0.90 0.00
15-bl 131 53|85 81| 279 220 220| 2,69 217 0.00

Table5.2: Effectof thevariationof atestpointonthe projective errorfor Euclidearandprojective calibration.
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testpoint Ci Ci 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
4l 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 0.53 141
14-tr 167 84| 118 53 0.25 0.33
15-lu 131 53| 85 81 0.00 1.26
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Table5.3: Euclidearerroranalysisof Euclidearandprojective calibration.i-tl,i-tr,i-br,i-bl denotethetop left,
topright, bottomright, andbottomleft cornerof thei-th usedlocationof thetestplate. Thecoordinate®f the
imagesof thetestpointsin theimagesof cameraC; andcamereC;, aregivenin pixel unitsof the196 144

cameramages.Theunit of Euclidearerrorvalueslistedin theright columnsof thetableis cm.
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Userl User2

motionscale boxsize #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
436 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
3,656 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
424 7,34 581| 6,58 8,54 7,59

2,50 0,25 1| 574 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| 574 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 11,54 790| 1,03 33,08 14,69
3,60 11,65 7,41| 11,54 16,25 14,48

User3 User4 Userb5
scaling box #interp.| best worst average| best worst average| best worst average
250 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 51]5.22 17.17 12.81| 12.02 19.68 15.95| 12.64 20.99 17.01
484 27.77 13.64 | 10.99 32.99 18.73| 10.56 33.28 19.84
250 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|654 1755 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 13.64 992 | 6.61 16.64 12.41
2.50 0.25 1|552 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
250 0.25 51 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-basegbointing andin uence of control parametersTestshave beenper
formedfor differentsettingsof the scalefactor the noisereducingbox, andthe numberof interpolatectursor
positions.Every row corresponds$o a particularparametesetting. For every setting20 trials have beenexe-
cuted.Thebest,worst,andaveragetimesin second$iave beendeterminedor the rst 10trials andthesecond
10trials of every sequenceyhich aredisplayedn two lineson every row.
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user|| x y max min average
mm mm | sec  sec sec
1 300 130| 6.52 254 4.28
1 250 100| 752 31 5.05
1 230 60 | 10.52 851 9.38
1 200 80 | 752 456 5.59
1 165 45 | 10.26 456 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 3.72 553
2 250 100| 8.34 383 5.04
2 230 60 | 2456 6.48 12.45
2 200 80 |12.22 499 7.73
2 165 45 | 13.32 3.07 7.45
2 145 40 | 19.52 954 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 1301135 6.32 899
4 250 100|11.05 2.84 6.78
4 230 60 | 22,52 4.16 15.53
4 200 80 | 1469 6.98 9.73
4 165 45 | 9.98 516 8.14
4 145 40 | 21.34 6.42 12.27
4 125 30 | 2141 9.10 14.39
5 300 1301140 6.11 9.09
5 250 100|10.81 293 6.82
5 230 60 | 25.86 8.49 15.64
5 200 80 |17.11 2.98 10.26
5 165 45 | 1554 386 8.78
5 145 40 | 2157 846 14.13
5 125 30 | 21.40 9.67 15.69
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Table5.5: In uence of the buttonsizeon selectiortime. Thetablecompilesthe best,worstandaveragetimes

over sequencesf tentrials dependendn the horizontalandvertical extensionof a button.
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| | errortype  #errors errmax |

sequencé 1 6 6.00
sequence 1 12 6.00
sequence& 1 1 5.00
sequencd 2 4 3.00
sequencé 2 6 6.00
sequencé 3 1 15.00
sequencé 3 3 12.00
sequencé& 4 2 8.00

Table5.6: Thetablelists the errortype, the numberof its occurrenceandthe maximumerrorvaluein pixel
unitsfor eighttestsequencewhich areusedto analyzethe distancehreshold .

| | errortype  #errors  Io | errmax errmin | #corr  %corr  #naw errors |
sequencé 1 6 2.00 0.00 3.00 6.00 100.00 4.00
sequence 1 12 2.00 2.00 3.00 8.00 66.67 3.00
sequencé 1 1 200 0.00 5.00 1.00 100.00 6.00
sequencé 2 4 2.00 2.00 3.00 1.00 25.00 3.00
sequencé 2 6 2.00 1.00 3.00 5.00 83.33 0.00
sequencé 3 1 200 0.00 15.00 1.00 100.00 0.00
sequencd 3 3 2.00 0.00 11.00| 3.00 100.00 1.00
sequencd 4 2 2.00 0.00 7.00 2.00 100.00 0.00
sequencé 1 6 3.00 3.00 4.00 3.00 50.00 1.00
sequence 1 12 3.00 3.00 4.00 6.00 50.00 1.00
sequencé8 1 1 3.00 0.00 5.00 1.00 100.00 0.00
sequencé 2 4 3.00 3.00 1 0.00 0.00 3.00
sequencé 2 6 3.00 3.00 4.00 4,00 66.67 0.00
sequencé 3 1 3.00 0.00 15.00 1.00 100.00 0.00
sequencéd 3 3 3.00 0.00 11.00| 3.00 100.00 1.00
sequencd 4 2 3.00 0.00 7.00 2.00 100.00 0.00
sequencé 1 6 4.00 4.00 6.00 2.00 3333 0.00
sequence 1 12 4.00 4.00 5.00 5.00 41.67 1.00
sequencé 1 1 4.00 0.00 5.00 1.00 100.00 0.00
sequencd 2 4 4.00 3.00 1 0.00 0.00 3.00
sequencé 2 6 4.00 4.00 6.00 1.00 16.67 0.00
sequencé 3 1 4.00 0.00 15.00 1.00 100.00 0.00
sequencé 3 3 4.00 0.00 11.00 3.00 100.00 0.00
sequencd 4 2 4.00 0.00 7.00 2.00 100.00 0.00
sequencé 1 6 5.00 4.00 6.00 2.00 33.33 0.00
sequence 1 12 5.00 5.00 6.00 2.00 16.67 0.00
sequencé 1 1 5.00 0.00 5.00 1.00 100.00 0.00
sequencd 2 4 5.00 3.00 1 0.00 0.00 0.00
sequencé 2 6 5.00 4.00 6.00 1.00 16.67 0.00
sequencé 3 1 5.00 0.00 15.00 1.00 100.00 0.00
sequencé 3 3 5.00 0.00 11.00 3.00 100.00 0.00
sequencd 4 2 5.00 0.00 7.00 2.00 100.00 0.00

Tableb.7: Analysisof thedistancehreshold . Thetestsequencesontainacertainnumberof errors(#errors).
Theerrorshave beentreatedor differentvaluesof theparametely (columnlg). Thesuccessf errorcorrection
is measuredy the number(# corr) and percentagd% corr) of correctederrors,andthe numberof newly
introducecderrors(# new errors).Further themaximumdistanceerror(er~max,in pixel units)aftercorrection,
andthe minimumdistanceerrorwhich couldbe correctederrmin, in pixel units)arepresentedl indicates
thatno correctionasbeenpossible.



5.7. EXPERIMENTAL EVALUATION

113

| | errtype  #errors| errmax_errmin | #corr % corr  #new errors |
sequencé 1 6 3.00 3.00 4.00 66.67 0.00
sequence 1 12 2.00 3.00 9.00 75.00 1.00
sequencé 1 1 0.00 5.00 1.00 100.00 1.00
sequencd 2 4 2.00 2.00 2.00 50.00 2.00
sequencé 2 6 1.00 3.00 5,00 83.33 0.00
sequencé 3 1 0.00 15.00 1.00 100.00 0.00
sequencé 3 3 0.00 11.00 3.00 100.00 0.00
sequencé& 4 2 0.00 7.00 2.00 100.00 0.00

Table5.8: Analysisof effect of automaticcontrol of the parametely. The testsequencesontaina certain
numberof errors(# errors.). The succesf error correctionis presentedy the number(# corr) and per
centagg% corr) of correctederrors,andthe numberof newly introducederrors(# new errors). Further the
maximumdistanceerror(errmax,in pixel units)aftercorrectionandtheminimumdistancesrrorwhich could
be correctederrmin, in pixel units) arepresented.



114 CHAPTERS5. PROJECTION-BASED POINTING



Chapter 6

Hand-posture-basedGesturesin a Global
Environment

In this chaptemwe extendtheinteractionby pointingby a furthergestureype,hand-posture-badegesturesA
hand-posturés given by a speci c deformationof the handandthe ngers, cf. chapter3.3. A hand-posture-
basedyesturds a hand-posturgvith anassigneaneaning.

A typical exampleof including hand-posture-badegesturesn our scenarioof interactionwith a backprojec-
tion wall is to move thecursorontoa menuitem andthento executea speci ¢ handgesturen orderto activate
an applicationassignedo the menuitem. Inclusionof hand-posture-basegestureopensthe possibility to
implementdifferenttypesof multi-gesturetype interaction(chapter3.3), like e.g. the onejust mentionedjn
this ervironment.

A particulardif culty of recognizinghand-posture-baseagbsturesn a computetvision-bagd interactionen-
vironmentis thatthe handhasto appearsufciently large in the grabbedmagesin orderto distinguishthe
differenthandposturesln contrasto systemausinghandposturesn a desktopervironment,wherethe hand
motion is restrictedto a small area,in our scenariothe handcanbe moved aroundsigni cantly. This fact
makesit impossibleto arrangethe given camerasso that the constrainton the handsize canbe ful lled ev-
erywherein theinteractionspaceln orderto copewith this problem,we augmenthe hardwarecon guration
of our scenariowith an additionalcameraasindicatedin gure 6.1. The additionalcamerais a computer

Figure6.1: Con gurationof acomputetvision-basd interactve backprojectiorwall with anadditionalactive
camerdn orderto allow hand-posture-badeyesturenteraction.
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controlledactve camerawhosepan,tilt, andzoomcanbe controlledby the computervision system.In our
implementationwe have useda Sory EVI-D31 camera[Moe97] which is connectedo the computerby a
serialinterface.

Fromthealgorithmicandsystenview, thesystemarchitecturef pointingin gure 6.2is extendedagainstg-
ure5.2by two majorcomponentsasensoicontol unit andthestatichandgestue recagnitionunit ZY KL OP.
Figure6.2 depictsthe extendedsystemarchitecture.

Figure 6.2: The systemarchitectureof combinedpointing and hand-posture-basegestureprocessing.The
major additionalcomponentdo the pointing unit arethe sensorcontrol unit for handtrackingby the active
camerausingthehandlocationin theimageof theactive cameraandtheunit ZY KL OP for statichand-gesture
recognition.

For hand-posture-badayestureprocessingve usethe existing systemzZY KLOP [Koh99. ZY KLOP takes
asinput a streamof cameraimages,in our caseprovided by the active cameraandreturnsfor every frame
a codeof agesturejf ary is recognizedfor further processingZY KL OP is teachedn atraining phaseby
imagesof the differenthandposturesservingasgesturesimagesegmentatiorby ZY KL OP is basedon the
handcolor sothat ZY KLOP canbe usedfor a varying backgroundasrequiredbecausef cameramotions
in ourinteractionervironment,aslong asthe backgroundolorsaresufciently differentfrom the handcolor.

For adetaileddescriptionof ZY KL OP we referto [Koh99.

Theemphasi®f this chaptelies on handtracking.

Problem: Hand Tracking

Input: Imagesequenceprovided by thetwo obserationcamerasC; andC;, andthe actve camereCy, .
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Output: A sequencef pan-tilt-, andzoom-control-commandsothattheactive cameraC, shavsanimage
of theusers pointinghandcompletelyandwith sufcient size.

In the solutionof the handtracking problempresentedn the following, we usetwo sourcesof datato nd
thehandin space.The rst sourcearethe framesdeliveredby the active cameraCy,. Dependenbn whether
andhow the handis shavn in theimagesthe cameraparameterare adaptedn orderto achiere the desired
view. The dataon handlocationare deliveredby the sensordataprocessingunit hand sggmentationof the
architectureof gure 6.2.

The secondsourceis dataaboutthe location of the nger tip in spacecalculatedfrom the imagesof the
obserationcamera<C; andC; by themethodof explicit projection-basegointingof section5.2,represented
by thesensodataprocessinginit projection-basegointingof gure 6.2. Thedatahelpto adaptheparameters
of theactive camerasothatits view is directedtowardsthe nger tip.

A patrticularfeatureof this approachs thecombinatiorof two datasourcedgor trackingwhich areusuallyused
separatelyTheadwantages anincreasedeliability dueto fusingof the datafrom bothsourcesFor example,
a problemwith active cameratrackingis that other body partswith skin color could be tracked insteadof

thehand,like e.g. thehead. This is a typical experiencewith the built-in auto-trackingunction of the Sory

cameraOntheotherhand trackingby the observingcamerasloesnot deliver the necessargatato achieve a
suitablezoomof the active cameraontothe hand.

The approachrequiresthe calibrationof the active cameraandits integrationwith the obseration cameras.
Section6.1is concernedvith this issue. The two trackingmodesandtheir usagein cameracontrol are de-
scribedin section6.2.

6.1 Calibration

6.1.1 Zoom Calibration of the Motion Camera

Thegoalof zoomcalibrationis to establisha function

:= f200m(d)
betweerthedistanced of thehandfrom thecameraandthezoomparameter of theactive camerasothatthe
handatdistanced is shavn in thedesiredsizein theimageof theactive cameraf thezoomis = f ,gom(d).

Therangeof feasiblevaluesof thezoomparameter of theSory EVI-D31 camerausedin ourimplementation
is theintenval of integersbetweerD and100Q

Thefunctionf ,oom Canbedeterminedy thefollowing procedure.

Procedure: Acquisition of the distance-zoomfunction f ,oom
Output: A look-uptablerepresenting ,oom-

Procedure:
A rectangularcalibrationplate of an extensionslightly larger thana typical handis used. The aspect
ratio of the plateis that of the cameramages. The size of the plateis sothatif the handis placedin
the centerof the plate,it coversthe planein the samemannerasthe handshouldcover theimageof the
active cameran anidealview.

A nite setof equidistantsamplevaluescovering the rangeof zoomvaluesis chosen.For every value

, theplateis placedin front of the camerasothatit coverstheimageexactly. Thedistanced between
cameraandplateis measure@ndregisteredasvalueof f ,oom, f zoom( ) = d. f,00m iS representetdy
alook-up-tableof thesedatapointsfor furtherusage.
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Figure6.3shawvs datapointsof f ,oom resultingfrom anapplicationof this procedurdo theactive cameraSory
EVI-D31. Sincef ;00m iS a one-to-onefunction, it canbeinverted. The inversefunctionf , . canbe used

Figure6.3: Thedistance-zoonfunctionof theactve cameraeEVI-D31.

to estimatethe distanceof the handfrom the camera.Givena for which the handcoversthe cameramage
in the desiredmanney the correspondingl = .1 ( ) is anestimationof the distanceof the handfrom the
camera.

6.1.2 Integration of the Motion Camera

We de ne a motion-independertdoordinateframeof the actve cameraby the coordinateframeof the active
cameraat a suitableorientation.Theimagecoordinaterameof the actve cameran anarbitrarylocationhas
its origin in the centerof the cameraijts x-coordinateaxisin parallelto the horizontaledgeof theimage,and
its y-coordinaten parallelto theverticaledgeof theimage.

The con guration of the threecamerags calibratedeitherwith the methodof Euclideancalibrationof sec-
tion 4.3.10or with the methodof homogeneousalibrationextendedto Euclideancalibrationasdescribedn

section5.3.5. Theactive cameras x ed at a suitableposition,andthe camerarame of this positionis used
asmotion-independertameraframe. Euclideancalibrationallows to re-calculatehe coordinatesf spatial
pointsfrom the cameracoordinateframe of oneof the involved camerasnto the cameracoordinateframe of

ary otherinvolved camerajn particularfrom oneof the observingcameraso the active camera.

Alternatively to the Euclideancameracoordinateframe of the active camerajust describedwe also usea
polar camen frame The origin of the polarframeis the sameasof the Euclideanframe. A pointin spaces
representetly acoordinatdriple ( x; y;d)where x and y areanglesof rotationaboutthey- andthex-axis
of theEuclideancameracoordinatdrameof thecameraandd is thedistanceof thepointfrom theorigin. The
transformatiorbetweenboth coordinateframesis straightforvard. Further the angularcoordinateg x; )
of apointof theimagetakenby the active cameran anarbitraryorientationcanbe calculatedmmediately
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6.2 The Tracking and Control Algorithm

Basically the behaior of the active camerais controlledby rules consistingof a conditionandan assigned
actionwhich is executedif the conditionis satis ed. The conditionsusea setof Booleanvariableswhose
valuesaresetby testproceduregheckingthe currentstateof the system.The actionsconcernupdatingof the
orientationof theactive cameraandof certainglobalcontrolvariables.Updatingof actve cameraorientationis
performedby trackingthe handin imagesequencetaken by the observingcamerasandby the active camera,
respectrely. Both trackingprocesseare performedstepby step. Every stepyields updatedpan-, tilt-, and
zoom-alueswhich shouldsetthe active cameraso that the handis ideally locatedwithin its image. The
decisionfrom which of thetwo trackingprocessethevaluesaretaken,is metby the controlalgorithm.

Thefollowing two subsectionpresenthealgorithmsof atrackingstepof handtrackingby datafrom theactive
cameraandby datafrom the observingcamerasThethird subsections devotedto the controlalgorithm.

6.2.1 Tracking by the Motion Camera

Handtrackingby theactive cameraC,,, useshelocationof thehandin theimagesprovidedby C,,,. Theregion
coveredby the handis deliveredby the sensordata processingunit handlocation cf. gure 6.2, whichuses
thehandcolorasmaincriterion[Afo02]. Thehandsegmentatiormoduleyieldsanaxes-paralleboundingbox
of thehandregion. Dependenbnthelocationof theboundingbox relative to theimage theparametersf the
actve cameraareupdatedn orderto keepthe handboundingbox well within theimage.

Algorithm: Tracking by the Motion Camera
Input: Thecurrentpanvalue , tilt value y, andzoomvalue of Cy,.

Output: Updatedpan-,tilt-, andzoom-alues ;, ;,and *, respectiely, which shouldkeepthe handin
thedesiredway in theimage.

Parameters:

An upperanda lower thresholdrectanglehhax andhnin , respectiely, betweenwhich the actual
handboundingbox h shouldbelocated.

A tolerancevaluea which speci esthe distancebetweerthe boundaryof a handboundingbox h
andthe boundaryof anextendedhandboundingbox, cf. gure 6.4.

Theedgelengthsc, andc, of therectangulazoomcalibrationplane,
Thex- andy-resolutionb, andhy, respectrely, of theimageof Cy,, in numberof pixels.

Steps:

1. Determinetheboundingrectangleh of the handby calling thehandsegmentatioralgorithmof the
system.
If noboundingboxis deliveredthenexit.

2. Calculatethepixel coordinate®f areferencgointm = (my; my) of thehandin theimageof the
active camereC,, ascenterof thehandboundingboxh.

3. Calculatetherelative pan-andtilt-valuesof m by

x = 1 1 4mx & ;
N Gae() b
y = tan X( My & ):

fzom( ) by
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. Calculatethenew pan-andtilt-values % and § astheabsolutepan-andtilt-valuesof m by

y:

5. Move thecamerao thenew locationgivenby  and ;,andreportthenew values.
. Determingthehandboundingboxh* in thenext frameby callingthehandsegmentatiorprocedure

provided by thesystem.

If noboundingboxis providedthenexit

elseif h* isinsidehmax andhmin isinsideh® then
report * := andexit.

. Calculateanew zoomvalueby

zo%)m( t) t%/)’

f
+ —
- fZOOI’T‘I( (h;/- + a)

wherehy is theheightof the handboundingbox h™ .

Setthezoomvalueof thecameraon * andreturnwith *.

Figure6.4: Theboundingbox of a handindicatedby the ellipse,andthe correspondaxtendedooundingbox.

The formulafor the relatve pan-andtilt-valuesof m in step3 canbe derived asfollows. We assumehat
the handis ideally locatedin theimage.Underthis assumptionts distancecanbe estimatedrom the current
zoomvalue by

dem = fzo%)m( ):

Theunit of d¢;,y is "centimeter”.Usingtherelation

& — dpixel,
Cx dem

cf. gure 6.5,thedistancds corvertedinto pixel units,

d
o = 2o

As depictedn gure 6.5,therelative tilt-valueof m ful Is therelation

my

tan( )= der
pixe
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Figure6.5: Caluclationof therelatve tilt-valueof the handreferencepointm.

By substitutingdpixes in thisformulaandinvertingthetangentwe gettheformulausedin step3. Theformula
of y canbederivedanalogously

In step6, the thresholdboundingboxeshmax andhpi, areusedto smooththe motion of the camera.Thisis
importantin phasesn which the userkeepsthe handin a x ed positionin orderto executea gesture.In this
casejt is desirabldor ZY KL OP to keeptheactive cameran a x edposition.

Theformulafor the new zoomvaluein step7 is derivedasfollows. For the calculation the heightof thehand
boundingboxis used.Thereasoris thatdueto thearrangementf theactve camerathehandis approximately
horizontalin theimage.Sincesegmentatiormight have troubleswith separatinghe handfrom thelower arm,

thex-extensionof the handboundingbox is lessreliablethanthey-extensionusedin the algorithm.

Let
dem = zoom( )

where isthecurredzoomvalue.

Accordingto gure 6.6,thecorrespondingaluein pixel unitsis obtainedrom therelation

B — & — dpixel

=2 &  em
as d Q/
dpixel = Cg]y :

Thedesiredopeninganglesatis estherelation

(h;+a) o

tan( 0=2) = ((h) + a)=2)=Chixel = 2 fam( ) by

Accordingto gure 6.6,thenew distanceul Is therelation

=2
tan( o=2) = (;y
cm

whichleadstogethemwith (6.2.1),to

¢ o= 92 _ & faom() by
M tan( ,=2) (hy +a) ¢

Fromthis formula,the nev zoomvalueis obtainedoy

+ — — zoom( ) by
—fzoom(d ) fzoom( (hy +a) )
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Figure6.6: Calculationof the new zoomvaluefor trackingby theactive cameraThezoomvaluechangeshut
the edgelengthandtheresolutionremainunchanged.

6.2.2 Tracking by the Obsewing Cameras

Trackingby the observingcamerasisesthe reconstructegbositionof the nger tip deliveredby the pointing
systenmby themethodof explicit projection-basegdointingof section5.2. Dependenbnthe precedingandthe
currentposition,a next locationof the nger tip is estimatedandthe pan- tilt-, andzoom-aluesof the active
cameraarechangedothatit should nd thehandwhenit reacheshenew view.

Algorithm: Tracking by the Obsewing Cameras
Input:

The currentand the precedingreconstructednger tip locationin space,p, p , in motion-
independentctive cameracoordinatesand the capturingtimest andt of the corresponding
images.

The currentandthe precedingoan-andtilt-valuesof the actve cameraCr,, x, y and ,,

y 1
respecirely.

Output:  Thenew pan-andtilt-values §, y of Cp.

X1

Parameters:

An estimatedimeintenal tsep betweertwo framegrabbingsand,implicitly, themotionby the
camera.

Steps:
1. Calculatetheestimatedspeedf thehandby
v=(p p )=t

where t=1t t .

2. Calculatetheestimatechew positionof thecameraby

pt =p+ tstepV:



6.2. THE TRACKING AND CONTROL ALGORITHM 123

3. Transformp™ into the polarcoordinateframeof Cr, by

O 10 ey
B K=Bgtn =) K
d+ p).'(.2+p;l-2+p;2

4. Calculateanen zoomvalueby * = f,oom(d*).
5. Settheparametersf theactve camerdo 5, y,and * andreturnwith thesevalues.

The estimatedime intenal  tgep betweentwo framegrabbingss the sumof the time requiredfor the cal-
culationof the new parameteraluesof the cameraandthe time requiredby the camerato executea motion
commandFor thecamerasisedin theimplementationthelatterdominatesy far.

6.2.3 Control of the Motion Camera

As alreadyoutlined,the behaior of the active camerais controlledby rulesconsistingof a conditionandan
assigneactionwhichis executedf the conditionis satis ed.

The conditionsusea setof Booleanvariableswhosevaluesare setby testproceduresheckingthe current
stateof the system.Thetestsfor exampleanalyzethelocationof the handin theimagesof the active camera,
the currentlocationof the handin comparisono the precedingone,andthe valuesof globalcontrolvariables
which shouldbe usedto decidewhich trackingdataareusedto updatethe orientationof the active camera.

The actionsconcernupdatingof the orientationof the actve cameraand of certainglobal control variables.
Onepossibilityof updatingof the active cameraorientationis to usethe pan-,tilt-, andzoom-\aluesdelivered
by the two handtracking processeslf the handhasbeenlost in the imageof the active camera,a search
processds startedwhich tries to capturethe handagain. A further possibleactionis to do nothingwhich in
particularhappensf thehandis recognizedo beheldata x edposition.

The heartof the controlalgorithmis thetableshavn in gure 6.7. The parametersisedandtheir de nitions
arepreciselyspeci edin thefollowing descriptionof the controlalgorithm.

Algorithm: Motion Camera control

Input:

Thecurrentpan- tilt-, andzoom-\aluesof theactvecameraCy,, x, y,and ,, y respectiely.
Thecurrentposition( xn; y:n;dh) of thehandasestimatedy actve cameramageprocessing.
d, ) of thehandasestimatedy actve cameramageprocess-

Theprecedingposition( ,.,; .

ing.

The currentposition( x.c; y:c;dc) of the handasestimatedoy obseration cameraimagepro-
cessing.

The precedingposition ( ..; d. ) of the handas estimatedby obseration cameraimage

processing.

yico
Thehandboundingbox h in the currentimageof C,,, provided by actve camershandsegmenta-

tion.

The handboundingbox h in the precedingmageof C,, provided by active camerahandseg-
mentation.
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Parameters:

Boundsn, andny, for thevariablengear -

Boundsby; max, B;min, By;max, By;:min, usedfor detectionof the stateLocalMove®est Valuesof
reasonabl&ehaior areby; max = 0:76, b;min = 0:14, by;max = 0:76, by;min = 0:14.

A boundg usedfor detectionof the stateGlobalMoveTest A value of reasonabldehaior is
g= 009

Intial valuesPiocar;init @aNdPgiobal:init Of thetrackingpriority variables Valuesof reasonablehoice
arePiocarinit = 4 andPgjopar;init = 0.

A bound , which characterizethe closenessf handcenterdor detectionof the stateNearByIn-
ImageTest A suitablevalueis d, = 5 pixel units.

Bounds yxnh, vy, nh Whichcharacterizehe closenes®f handcentersfor detectionof the state
NearByInVéridTest Suitablevaluesare y, = 10, ¢ = 10, = 20cm.

Bounds x;n, y;n Which characterizéhe closenes®f handcentersfor detectionof the stateOb-
jectTheSameBt Suitablevaluesare yn = 10, i =

Piocal: A constanbf trackingby theactive camereC, with a positive value. Suitablevaluesare3
or4.
Global variables:
Pgliobal - A priority counterof trackingby theobservingcamera<;, Cj, initializedto 0.
Nsearch: A counterfor theactionSeachMove initializedto O.

Conditions:

LocalMoveTest: Characterizethelocationof theboundingooxh of thehanddeliveredby thehandseg-
mentationmoduleof the actve cameraelative to theimageof the active cameralf thehandbounding
box comescloseto theimageboundarythe BooleanvariableLocalMoveestbecomedrue:

_ Yhimax  Bymax Yiimax
_ Xnmin - Bemin Ximin
_ Yhmin  Bymin Yiimin

8 .
% true |f Xh;max b(; max X| ;max
LocalMoveTest = E

false else

GlobalMoveTest: Characterizethelocation( yn; y:n;dh) of thehanddeliveredby thepointingmod-
ule relative to the currentpan-andtilt-valuesof the actve camera, x,c and y.c. The Booleanvariable
LocalMovelestbecomedrueif thedeviationis high:

8

2 true if J xh wel g =2
GlobalMoveTest = _Jyn  yd 9 =2

false else

NearByInimageTest: Thisconditionhappensf thehandin thecurrenimageof C, is closeto thehand
in its precedingmage.Thisis the casef thehandboundingboxesh andh overlapandthecenterscy,
andc,, of theboxesarecloseto eachothey
g true if h\ h 6
IsNearBylnlmageTest : = _d(cn;cy) h
false else
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whered(:; :) is somemetric,like e.g.the Manhattammetric.

NearByInWorldTest: Thisconditionoccursif theposition( xn; y:n;dh) of thehanddeterminedrom
theimagesof the observingcamerass closeto the precedindhandposition( ., ; y;h;dh),

8 . . .
% true if I xh «hi < xh
NearBylnWorldT est = :J yh  ynl <y
th th < h
false else

Thecoordinatearemeasuredvith respecto the polarcoordinatdrameof C,.

ObjectTheSame®st: This conditionhappensf the angularposition( yn; y:n) determinedoy ac-
tive camaramageprocessingndthe angularpositition( x.c; y:c) determinedrom theimagesof the
observingcamerasarenot far from eachother

8

2 true |if J X;C x;hj< x;h
ObjectTheSameTest = Njoye  yhi < oy
false else
Thecoordinatearemeasuredvith respecto the polarcoordinatedrameof C,.

ObjectFoundTest: The Booleanvariable Objectund®stis true if the segmentationmoduleof the
actve cameramageshasdelivereda boundingbox of the hand.

LocalTrackingPreferredTest: This conditiontells which of the two trackingmodes- trackingby the
active cameraor trackingby the observingcameras- shouldhave priority. It usesthe priority counter
Pglobal Which canbemodi ed by theactions.The conditionis determinedy

true if Pioca > Pgiobal

LocalTrackingPreferredTest =
false else

Actions:

LocalMove: Updatethe control parametersf Cp, by executingthe algorithmof trackingby the active
cameraof section6.2.1.

GlobalMove: Updatethe control parametersf C,, by executingthe algorithmof trackingby the ob-
servingcamera®f section6.2.2.

NoMove: Do nothing.
SearcchMove: Theactive camerariesto nd thehandaccordingo thefollowing strategy:

1. If Ngearch < N4 thendonothing.

2. If ng  Ngeary < nNpthenopenthezoomof C,,, by afurtherstep.

3. If Ngearsy = Ny thenresetCy, to its homeposition.
CheckObjectPosition: Among the two differenthandpositionsdeliveredby motion tracking by the
observingcameragsndmotiontrackingby theactive camerathe onecloserto thebackprojectiorwall is

preferredasfollows. If thehandpositionof theobservingcamerass closerto thewall, thenthepriority
variablePgonha is incrementedy one.Otherwise nothingis done.

Theintentionis to avoid thattrackingby theactive cameragracksanobjectdifferentfrom thehand like
e.g.theheadof theuser

Updating of global variables: Severalupdatesf local variableshave to be performed.Thedetailsare
givenin therulesof control.
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Rulesof control: Therulesof controlarespeci ed by thetableof gure 6.7. We have eightruleswhich are
arrangedn therows of thetable.Every row is splitin threeparts,the numberof therule, theconditions
of therule andthe correspondingactionsto be executedif the rule holds. An entry 1 for a condition
meanghatthe conditionholds,0 meanghatit doesnot hold, and* meanghatit is notrelevantfor the
rule. An entry 1 for anactionmeanghattheactionis executed 0 meanghatthe actionis not executed.
Theincrementdecremenandassignmentperationf thevariablesareexpressedn C-notation.

Steps: The algorithmchecksthe conditionswheneer the currentactionshave beenexecuted andinitializes
the executionof the next setof actionswhich belongto ruleswhoseconditionsaresatis ed.

Rule Conditions Actions
O|L|G|IN|N|O|L LIG|IN|S|C V
FIMIM|B|IM|T|T|IM{M|M|M|O A
T| T|T|I |W|S|P P R

T T | T|T
1 11 *|* * 1| 110]0|0]O0 Nsearch = 0
2 1101 |* * 1|1 o(0|1]0/|0O0 Pgiobal + +
Nsearch = 0
3 1101 |* * 1/0|0(1,0]0{|0O0 Pgiobal + +
Nsearch = 0
4 110| 0]~ * * ojof1(01{0 Nsearch = O
5 Oj]0]| 0]~ * 1|* o(0|0]|1]|0 Nsearch + +
mod (np + 1)
6 o * o * 0= Oo(0|0]|]O0|1 Nsearch = 0
7 1] * * * 1 |* | * 0 0|0 0|0 Pgioba + +
Nsearch = 0
8 1| * * 1] * * oo Oo(0|0]|]O0]|O0 Pgiobal
Nsearch = 0

Figure 6.7: Rulesof actve cameracontrol. Conditions: Objectfoundiest (OFT), LocalMoveTest (LMT),
GlobalMoveTest(GMT), NearBylmage@st(NBI), NearByWorldTest(NBWT), ObjectTheSamegkt(OTST),
LocalTrackingPreferreddst(LTPT). Actions: LocalMove (LM), GlobalMove (GM), NoMove (NM), Search-
Mode (SM), CheckObjectPositio(COP),andupdatingof variables(VAR). An entry 1 for a conditionmeans
thattheconditionholds,0 meanghatit doesnothold, and* meanghatit is notrelevantfor therule. An entry
1 for anactionmeanghattheactionis executed 0 meanghattheactionis not executed.

6.3 Experimental Evaluation

The experimentalevaluationhasbeenperformedon animplementatiorof the architectureof thetype oulined
in section3.4.3. Two communicating?Cshave beenused.The rst PChoststhe globaltrackingsystemwith
the x edcamerasvhich areattachedo it. ThesecondPCholdsZY KL OP andthelocal handtrackingsystem
with theactive camera.

Themostimportantaspecbf performancevaluationis theperformancef thesystemn thestatichandgesture
mode,thatis, if the userholdsthe handata x edlocationandperformsa gesture.Resultsof experimental
investigationsarepresentedn the rst subsection.

Anotheraspecis the performancef the systemfor atypical completeinteractiontask. In the secondsubsec-
tion we have chosenthe task”selectionandactivation” andwill presentresultsof investigationsof the user
behaior for thattask.
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6.3.1 Evaluation of the Static Hand Gesture Mode

In thefollowing, the evaluationof the static handgestue modeis split in several parts,performancef hand
imageseggmentationperformancef gesturerecognitionby ZY KL OP, andhandtrackingperformance.

Experiment: Analysis of segmentationof active cameraimages

Approach: First, the behaior of the segmentationalgorithm hasbeenanalyzedas a stand-alonegrocess
independenfrom the systemusingimagesequenceata x edorientationof theactive cameraSecond,
thebehaior of thecameramotionprocessasbeenanalyzedaspartof theoverall system.

Measured quantities:

Reliability of handsegmentatioron theframesof the active camera.
Framerateof stand-alondandsegmentatioron the framesof the active camera.
Framerateof the cameranotionprocesswithin the frameavork of the system.
Obselvation: Localimageprocessin@chievesacorrectsggmentatiorof thehandwith 97,3%,ataframerate
of about10to 20 framesperseconddependenbn the sizeof thehandregionin the scene.

Within theframework of the systentheframerates dependenbnthe amountof cameramotion. In the
worst casethat the zoom hasbeenadaptedrom very closeto quite far, 2 to 4 framesper secondare
achieved. In lessextremesituationsthe cameracontrolachieves6 to 8 processedramespersecond.

Thebehaior of ZY KLOP is subjectof thefollowing experiment.

Experiment: Analysisof gesture recognitionby ZY KLOP

Approach: First,thebehaior of theZY KL OP hasbeenanalyzedasa stand-along@rocessndependenfrom
the systemusingimagesequenceat a x ed orientationof the actve camera.Secondthe behaior of
ZY KL OP hasbeenanalyzedaspartof the overall system

Measured quantities:

Reliability of gesturerecognitionby ZY KL OP.
Rateof stand-alongestureecognitionby ZY KL OP.
Rateof gesturerecognitionby ZY KL OP within theframeavork of the system.

Obselvation: For four differenthandgesturesabout92% of the gesturerecognitionresultsarecorrect.
Statichandgestureecognitionby ZY KL OP achiezesa processingateof aboutl4 gesturepersecond.

Within the framework of the systemthe userhasto wait for 0.5-2.5s until a new gestures recognized
by the system.Thereasoris the high updatingtime of the cameraasexplainedbelow.

While theframeratesachievedfor imagesegmentatiorandgesturaecognitionprove satishctory it hasturned
outthatbehaior of theactive camerds abottleneckof the systemasshawvn in thefollowing experiment.

Experiment: Analysis of the update speedof the active camera

Approach: Two tasksdescribedelav have beenperformedoy theuser onewhichin particularconcernghe
zoomoperationof the cameraandonewhich concernghe pan-andtilt-operations.The actionsof the
userhave beenprocessetby the system.
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Measured quantities: Timing of updatingthezoomandthe orientationof theactive cameraMeasuremeris
performedby settingtime stampseforeandafterthe relevantoperationse.g. beforesendinga control
commando thecameraandafterreceving thecon rmation of executionof thecommandijn thecamera
controlthread.

Obsewation: The rst taskhasbeenchangingthe distanceof the handto the camerawithout horizontalor
vertical shift. It turnedout thatthe cameraneed<0.4-2s for a zoomoperation.For slow motions,the
zoomadaptsin a stop-and-ganannerwhich is slower thanre-zoomingfor fasthandmotionswhere
aboutl s is necessaryn ordershav the handagainwith reasonablesize in the image of the active
camera.

The secondaskconsistedn horizontalandverticalmotionsata x eddistancerom theactive camera.
For fasthandmotionsthe cameradid needaboutl.4 s in orderto reacha new location. For slow hand
motions,the camerdollowed the handby stop-and-goandfoundthe handagainafterabout0.6s.

6.3.2 Usability of Hand-posture-basedGesture Interaction

In orderto analyzetheusability of the systemwe investigatehe userbehaior for a centraltaskof interaction,
"selectionandactiation”.

Experiment: Analysis of the action "selection and activation”

Approach: Thetimerequiredto performtheaction”selectionandactivation”is analyzed.Theactionconsists
of threephases:

1. Theuserentersthe interactionspace andstretchesut the armin orderto bind the cursorto the
hand.

2. Theuserplacesghecursoronaspeci ¢ buttonby handmotion. Thesizeof thebuttonis 165mm
45 mm.

3. Theuseractivatesthe button ("left mouseclick”) by a speci ¢ statichandgesturewhichis recog-
nizedby ZYKLOP.

Parameters: none

Measured quantities: Two usershave beeninvestigatedUserl is experiencedvith the systemwhile user2
did notknow the systemin advance.Both usershave executedthe "selectionandactivation” action20
times.

For every action,the overall time requiredis measuredby a stop-vatch. At thebeginning of theinterac-
tion, the usersays”start”, andat the end”stop”. The 20 measured/alues(unit: secondsaresplit into
four subsequenced ve valueseach,andthe best,worstandaveragetimesaredeterminedor every
subsequencd&.hereasoris to investigatea possibldearningeffect of theusers.

Furthermorethe numberof requiredcorrectionsof the cursorpositionis counted.The reasorfor cor
rectionis that executionof a statichandgesturemay changethe detectedpointing direction, with the
effectthatthe cursorcouldleave the buttonarea.

Obsewations: The resultsare compiledin table6.1. Every row shavs the timesachiered to performthe
action vetimes,the best,worse,andaveragetimesover the sequenceandthe numberof corrections
requireduntil the button hasbeenactivated.Every starindicatesonecorrection.

The experienceduser1l hasachiered betterresultsthanthe inexperienceduser2. The times scatter
signi cantly. Thesometimesigh differencedet concludethatsomeluck is necessary
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A learningeffect cannotbe noticed.

The unfavorabletimesin the last subsequencef user2 canbe explainedby the strongdependence
of colorbasedsegmentationof ZY KLOP on lighting. Lighting has changedbeforetaking the last

subsequence.
\ | 1 2 3 4 5| best worst ave. #corr |
userl || 17,55 79 327 348 6,36| 3,27 1755 7,71 1
seq.1l * 1
userl | 3,88 7,84 201 109 4,19| 2,01 10,96 5,78 0
seq.2 * 1
userl || 14,82 14,87 3,09 7,54 12,12| 3,09 14,87 10,49 1
seq.3 * 1
userl | 9,65 1454 6,68 587 6,58 587 1454 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 6,65 584 965 12,25| 584 18,65 10,61 0
seq.2 1
user2 || 15,65 * 14,54 11,65 1751 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 * i * 1

Table6.1: Analysisof theaction”selectionandactiation”. Every row shavs thetimes(in secondsjequired
to performthe action ve times, the best,worse,and averagetimes over the sequenceand the numberof
correctiongequireduntil the buttonhasbeenactivated.Every starindicatesonecorrection.
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Chapter 7

Conclusions

This chaptersummarizeghe contentsof the thesis,outlinespossibilitiesof future work, and describeghe
contrikutionsof theauthorto publicationsontopicsof thethesis.

7.1 Summary

In this thesiswe have tackledsereral problemsexisting in todays implementation®f the ideaof marker
freecomputevision-basedhuman-computenteraction.We have implementedhe proposedsolutionswithin
the framavork of a casestudy camen-basedinteraction of a speakr with a computetbasedpresentation
video-pojectedontoa wall. For the casestudy two hardware ervironmentshave beenusedwhich allow for
interactionof differentcompleity. Themorecomprehense onecontainsatleasttwo staticobservingcameras
andoneactive cameravhosepan,tilt, andzoomcanbe controlledby thecomputewision system(Figurel.1).
Thepurposeof thetwo observingcamerasnainly is to capturedatafor recognizinghearmpointingdirection,
whereagheactive cameras usedto focuson theusers handin orderto allow for recognitionof handpostures
performedn orderto issuecommandgo thesystem.

The major dif culty is copingwith naturalervironments,in particularwith the uctuating illumination of

the areaof interaction. We have proposedapproache$o compensaterrorsgeneratedn the phaseof image
seggmentationin the later phasesf the processingchain: error detectionand contour correction basedon

assumption®n coheencein image sequencesnd different views situation-dependersignal processing
automaticparametercontmol, andfusionof partly redundantdatafrom different soucces Thelatterhasbeen
exempli ed in the casestudyby combininga moduleof globalobseration (usingthetwo staticcamerasand
amoduleof local obseration (usingthe active camerajnto a systemwhich fusesdatafrom bothsourcesThe

adwantageof datafusionis thatthe global systemmay help the local systemin particularin the critical case
thatthe handis lost by theactive camera.

Anotherdif culty is distinguishinggesturedrom arbitrary posturesor motions. For that purpose we have
introduceda conceptof multi-typegestue interaction which combinesseveralgesturesvith spatialandtem-
poral constraints.The casestudyallows for demonstratiorof the multi-type gestureconceptby using static
handgesturedasedon handposturesandpointing gesturedbasedon handor armlocation,asgestureypes.
The gesturetypescanbe usedin parallelor sequentially In the casestudy for example,a cursormight be
movedto a certainitemonthescreerin the pointinggesturemode,andthenanactionassociateavith theitem
might beactivatedby a statichandgesture Statichandgesturesnight alsobe usedfor enteringor leaving the
pointingmode thatis, a pointing phases embeddedhto a startinganda terminatingstatichandgesture.

A furtherissueaddressedh the thesisis that existing markerfree computervision-basechuman-computer
interactionsystemaisuallyaremonolithicprototypesvhichintegratetheinteractive applicatiorandprocessing

131
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of interactionin a hard-wiredway. On the otherhand,decouplingof the applicationfrom the interactionis

standardn the eld of human-computdnteraction.We have developedanen comprehense concepttheso-

calledinteraction spacearchitectue, for this purposewhich takesinto consideratiorin its internalstructure
the particularrequirement®f computervision-basechuman-computeinteraction. The mainideais usinga

sequencef interactionspacesnappedn eachother: a physicalinteractionspacea virtual interactionspace,
an abstractinteractionspace,andthe application. The virtual interactionspaceis a model of the physical
interactionspacewhich may helpto overcometroubleswith the sensorsystem. The abstracinteractionis a

placeholdefor therealapplication.Ilt may decouplethe applicationfrom the possiblystill problematidnput

data.Theapplicationinterfaceoffers parametersvhich controlthe application.

We have analyzedhe performancef ourapproachesxperimentallybasednthecasestudy By documenting
the experimentsin a somevhat formalizedway, we hopeto bring someaccurag into this critical issueof
publicationsn the eld.

7.2 Future Work

Thereareseveralpossibilitiesto extendthework of this thesiswhich areoutlinedin the following.

We have useda specialapplicationscenariotheinteractionof a userwith a backprojectiorwall. A particular
featurehasbeenthe inclusion of an actve camerain orderto allow for the recognitionof handgestures.
The interactionvia the active cameraresembleshe interactionwith mobile robotsequippedwith camerasas
sensorsAnotherrelated eld is automaticsurweillanceof peoplein anernvironmentby camerasA third eld
is interactive 3D-videowherepeopleandervironmentsarecapturecby multiple camerasothatthe scenecan
bereplayedwith different,interactvely chosernviews. It could be worthwhileto gaina comprehense image
of applicationaandmethodf solutionacrosghe elds in orderto avoid paralleldevelopmeniandto identify
classe®f applicationswvhich canbetreatedwith the samemethods.

Ourgenerahrchitecturaframenork offerspossibilitieswhichgobeyondthosewe have beernableto usewithin
therestrictedime resourcesvailablefor athesis.Oneway couldbetheextensionof themodelbasis.Models
of theernvironmentandthe usercouldleadto animproved behaior of the system.Onthe otherhand,usinga
modelmay causehigherefforts to adaptthe systento new ervironments.

Oneexamplewheremodel-base@pproachearefrequentlyusedis objecttracking. Well-known conceptsare
theKalman Iter [Bro83] andthe morerecentapproactof particle Itering, seee.g.[IB98]. Particle Itering
in particularis a generalapproachwith the advantageof beingableto track individual objectsevenif they
move in substantiatlutter Reasongor its applicationcanbe speeding-upmagesegmentatiorby restriction
onawindow aroundthepredictedocationof thetracked object,anddistinguishinganobjectof interestamong
several otheractive objectsby its motioncharacteristics.

By usingknowledgefrom the scenarimf interactionaboutthelocationof the objectof interestherethe hand,
we do not necessarilyneeda sophisticate@stimationof the motion pathswhich mightrequireadditionaltime
of computation Furthermorefor speedingup segmentationa simplepredictionor segmentatiorwithout pre-
dictionis sufcient in thealmoststaticphasesvhich areof particularinterestin ourinteractionscenariowhile

in phase®f rapid motion exactdataare not requiredandalsomight causetroublesfor prediction. Neverthe-
less,integratingpatrticle Itering into our framework is aninterestingssuefor futurework, in particularsince
not only objectmotion, but alsomotionandcontrolof theactve camerahave to betakeninto consideration.

Our architecturaframework follows the classicalcomputetvision approachn the sensehatit reconstructs
aspect®f the spatialgeometry A differentapproactcouldbe to learnsystemreactionimmediatelyfrom the
capturedmages possiblyby storingan extensve databaseof imagesfrom differentscenarioslmage-based
approacheseemfeasiblein not too generalervironments like indoor ervironments. The advantageis that
thecritical stepof segmentatiordoesnot occurin separateOur approachasbeento copewith the de cit of
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seggmentationin later stepsof the processinghainexplicitly. In animage-base@pproachmutualcorrection
canhapperimplicitly. Disadvantage®f image-basedpproachearethepossiblyrequiredhighcomputational
resourcesandlittle knovledgewhy they work or not.

7.3 Publications

Partsof thethesisaresubjectof threepublicationsco-authoredy the authorof thethesis:

1. C. Leubner C. Brodkmann, H. Muller, Computetvision-basedhuman-computeinteraction with a
bad projectionwall usingarm gestues,in: Proceedingof 27th Euromicio Confeence IEEE Press,
2001[LBMO1].

The papemresentshe scenarioof interactionwith a backprojectiorwall without actve camerawhich
is dueto the third co-authar An approacho imagesegmentationtakinginto accounthe naturalenvi-
ronment,andthe calculationof a 2D arm pointing directionbasedon it, are outlined (dueto the rst
co-author). Further an approacho calculationof the 3D pointing directionbasedon calibrationby a
simplelookuptablebasedon measurementsy handis describeddueto the authorof thethesis).It is
a predecessoof the approachepresentedn the sections4.3 and5.3 of the thesis. Finally, the paper
describeshebasicideaof compensatiomwf disturbednformation(dueto the authorof thethesis).This
hasbeenconsiderablyxtendedn the sections.4and5.5.

2. C. Brockmann,H. Muller, An architectue for vision-basechuman-computeinteraction, in: Proceed-
ings of the 3rd IASTED International Confeenceon Visualization, Imaging and Image Processing
ACTA Press,2003[BM03a].

Thepublicationdescribesnarchitecturaframeavork whichis almostthe samepresentedh chapter3 of

thethesis.Furthermoreit outlinestheapproachesf errordetectiorandcorrectionby coherencanaly-
sisof the sectionss.4 and5.5, andpresentsan experimentalevaluationof themwhich is a preliminary
versionof the experimentsof section5.7. Finally, the implementatiorof the architecturefor the case
studyis describedanalogoushyto chapter3.4.3.

Thecontentof the paperaredueto theauthorof thethesis.The contrikutionsof the co-authohasbeen
structuringof the materialandrigorousimprovementsconcerningts presentation.

3. C. Brockmann,H. Muller, Remotevision-basednulti-typegestue interaction, in: Proceedingsth In-
ternational Workshopon Gestue and SignLanguae Basedin Human-Computenteraction, LNCS,
Springer-Verlag, 2003[BMO03b].

Thepublicationhasits emphasi@nthematerialof chapte6 of thethesisj.e. thetrackingconcepbased
on the observingcamerasandthe actve camera. Besidesthat, it mentionsthe generalframevork of

interactionspace®f chapter3.2,introduceghe concepof multi-type gesturanteractionof section 3.3,

andpresentsix gesturgypesonwhichtheconceptanbebasedlt alsoincludesrecognitionof dynamic
gesturesvhich hasbeenexcludedfrom thethesis.

Thecontentof the paperaredueto theauthorof thethesis.The contrilbutionsof the co-authothasbeen
structuringof the materialandrigorousimprovementsconcerningts presentation.
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