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Preface

This reportis the documentatiomf an 10th semesteMasters Thesisprojectat the Laboratory
of ComputerVision and Media Technology Departmenif Health Scienceand Technology
Faculty of Engineeringand SciencesAalborg University Denmark,Septembe002to June
2003.

Thereportis structuredasfollows: The Introductionintroducesthe problem,In the Analysis
chapterthe theoreticalaspectsand developedalgorithmsare described. Designexplains the
speci c adaptationsf thealgorithmsto thetaskof handtracking. ThenResultsAnd Discussion
dealswith the presentatiomndinterpretatiorof the ndings respeciiely.

Equations,gures andtablesareenumerateduccessiely within eachchapter Thebibliography
canbefoundin thebackof thereport.Bibliographiccitationsaremarked as(Author[year)).

LauNgmaard
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CHAPTER

Intr oduction

In modernsocietythereis anincreasinglemando accessrecordandmanipulatdargeamounts
of informationinvolvedin mary aspect®f professionabndprivatedaily life. This hasinspired
anew approacho thinking aboutanddesigningoersonatomputersyherethe ultimategoalis
to producea truly wearablecomputer Wearablen the senseof beinga naturalextensionof the
bodylike clothes shoesor glasses.

Many portableelectronicdevicesfor usein everydaylife alreadyexist. It is not unusualfor an
individual to simultaneouslcarry several of thesedevices: A cell phone,wrist watch, PDA,
pager pocket calculatoy digital cameracamcorderdictaphoneandlaptopcomputer

Most of thesedevicesarenotreallywearablethey aremerelyportable.They requiretheuserto
stopthe ongoingactvity, take the device out of the poclket andoftenuseboth handsto operate
it. Theonly exceptionin wide spreaduseis thewrist watch,whichin contrasto its predecessor
the pocket watch,canbe usedhandsree andwith a minimumof attentionby theuser
Eachportabledevice hasits own battery display keypad,speakr andpossiblywirelessconnec-
tivity in additionto its own uniqueuserinterfacedesign.The userendsup carryinga multitude
of low resolutiondisplays,unhandykeypadsandbatterieshatrequireseparatehaging. The
mary inconsistentinterfacesmale it impossibleto bene t from pro ciency with one device
wheninteractingwith another

If all the devicescould communicateandsharea commonsetof input andoutputdevicesthe
quality of interactioncould be greatlyimproved.

Therestof this chaptemwill introducethe eld of wearablecomputersandestablishthe current
stateof theart. Themainfocuswill beoninterfacedesignandinterfacetechnology

1.1 What'sin awearablecomputer?

The eld of wearablecomputerresearclcontainmary elementdrom differentscienti ¢ dis-

ciplines: Electronicsand computerhardware, software design,power consumptionand heat
dissipation,interface modalities,mechanicalengineeringhumancomputerinterface design,
ergonomics,social consequenceand privagy issues.applicationdesignand usability studies.
Most researcherfocustheir work on oneor a few of theseelements.However ary onewho

wantsto performpracticalexperimentswill typically have to addresgproblemsin mostof these
majorareas.

To illustratethe multidisciplinary natureof the subject.the following will presendifferentre-

searchersle nitions andviews of wearablecomputers.

Oneof theleadingresearcheri wearablecomputingDr. ThadStarnefrom the Geogia Insti-

tute of Technologyde neswearablecomputingas:



“Wearablecomputingoursuesaninterfaceideal of a continuouslywvorn,intelligent
assistanthat augmentsnemoryintellect, creativity communicationand physical
sensesndabilities” (Starnef2001a])

This view of wearablecomputingmainly being a style of interfaceratherthan a questionof
speci ¢ hardvareis furtherexpressedn thefollowing quotesfrom the sameatrticle:

“Ideally, weamblecomputingcanbedescribedasthepursuit of a styleof interface
asopposedo a manifestatiorin hardware” ...“. ..thecomputemustbea users
constantcompanion It mustshae the experience®f theusers life, drawinginput
from the user's ervironmentto learn how the userreasonsand communicatesn

relationto theworld” (Starnef2001a))

Otherresearchgroupsfocusmoreon thetechnologiesandhardwareinvolved in the makingof
betterwearablecomputers.

“If systemare to be successfulrohust, lightweight,low-powersolutionsare re-
quired: (Baberetal. [1999])

“However the point of the discussionin this paperis that weamble computes
neednot simplybe mini-PCs,but couldinvolveall mannerof nenvy microprocessor
or microcontoller-basedproducts.(Baberetal. [1999])

To truly fusewith theusersbodythewearablecomputemustfeel asnaturalto wearasclothes,
shoewr glasses:

“A productthatis weamble shouldhaveweaibility” ...“Wearability is de ned
as the interaction betweenthe humanbody and the weasmble object. Dynamic
wearmbility extendghis de nition to includethehumanbodyin motion’ (Gemperle
etal.[1998])

And nally anextremelyvisionarylongtermperspectie from J.C.R.Licklider writtenin 1960
two yearsbeforehe becamehe directorof thenewly establishednformationProcessingech-
niquesOf ce (IPTO) partof the Pentagors AdvancedResearchProjectsAgeng (ARPA):

“Man-computersymbiosiss an expecteddevelopmenin the coopeative inter-
action betweermenand electonic computes. It will involvevery closecoupling
betweerthehumanandtheelectonic membeofthepartneship? ...“Preliminary
analysigndicatethatthesymbioticpartneshipwill performintellectualopemtions
mud more effectivelythanmanalonecanperformthent. (Licklider [1960])



1.2 A brief history of wearablecomputing

The evolution of the wearablecomputerasa belt- or backpackmountedcomputercombined
with aHeadMountedDisplay(HMD) andsomehandyinterfacedevice startsn theearly19905.
However, mary prior eventsandinventionsformedthe ideaandleadto the availability of the
necessarjpardware.

The earliestvision of wearablecomputerds generallyattributedto RobertHooke who in 1665
in hiswork “Micrographid’ wrote:

“The next care to be taken, in respectof the Sensesis a supplyingof their in-
rmities with Instrumentsand, as it were, the adding of arti cial Organsto the
natural” ..."“And asGlasseshavehighly promotedour seeingso'tis notimproba-
ble, but that there maybe foundmanyMechanical Inventionsto improve our other
Senses.” (Hooke [1665])

The rst implementatiorof a wearablecomputerwasbuild by Edward O. Thorp and Claude
Shannonat MIT in 1961 (Thorp [1998]). It was an analogcomputercapableof predicting
the casinogameof roulette,andit wastestedin practicein Las Vegas,Nevada. Oneoperator
carriedthe cigarettepacksizeddevice andtimed the revolutionsof the ball androulettewheel
by pressingmicroswitches.The predictionsweretransmittedwirelesslyto a hearingaid worn
by anotherpersonplacingthe bets. The invention was kept secretuntil 1966. Subsequently
otherscontinuedthe work, until nally in 1985ary device for predictionor card countingin
casinogameswvereoutlavedin the stateof Nevada.

Thefollowing is a condensedersionof Bradley Rhodes'A brief history of wearablecomput-
ing” (Rhodes)resentinghe mostimportantstepsin the evolution of thewearablecomputer:

1268Earliestrecordedmentionof eyeglasses

1665RobertHooke callsfor augmentedenses

1762JohnHarrisoninventsthe poclket watch

1907 Aviator Alberto Santos-Dumontommissionghe creationof the rst wristwatch

1960Heilig patentsa head-mountedtereophonitelevision display

1966 Ed ThorpandClaudeShannorrevealtheir inventionof the rst wearablecomputerused
to predictroulettewheels

1966lvan Sutherlanctcreateghe rst computetbasedhead-mountedisplay

1977Hewlett-Packardreleaseshe HP 01 algebraiccalculatorwatch

1979Sory introduceghe Walkman

1981 Steve Manndesigndackpack-mountedomputerto control photographiequipment

1989PrivateEye head-mountedisplaysoldby Re ection Technology

1991 DougPlattdetuts his 286-basedHip-PC"

1991 Carngyie Mellon University (CMU) teamdevelopsVuMan 1 for viewing andbrowsing
blueprintdata

1993ThadStarnerstartsconstantlywearinghis computerbasedon Doug Platt's design

1993Feiner Maclintyre,andSeligmanrdevelopthe KARMA augmentedeality system



1994 Lammingand Flynn develop "Forget-Me-Not" system,a continuouspersonakecording
system

1996Boeinghosts‘WearablesConference’in Seattle

1997CMU, MIT, andGeogia Techco-hostthe rst IEEE InternationalSymposiunon Wear
ableComputers

1997First Wearablecomputerfashionshav at MIT

Now the wearablecomputeris evenbeginningto move from the laboratoryinto the realworld.
Thisis happeningsthe rst commerciallyavailablewearablecomputerfor theconsumemar
ket, the“Poma”, wasintroducedn 2002by Xybernautinc?.

1.3 Consequencesf widespread useof wearablecomputers

The growing numberof online commercialand governmentdatabasescombinedwith auto-
mateddataprocessingtaisesconcermaboutprivagy. Thedebateconcerngheindividual's right
to controltheir personalnformation.

With the widespreadiseof wearablecomputerdhe possibility of monitoringandrecordingin-
formationaboutuswill be overwhelming.Furthermorehe type of informationwill no longer
be limited to online shoppinghabits,creditstatementsnedicalrecordsandrecordsof interac-
tion with governmententities. By nature wearablecomputerswill have the potentialto collect
informationcovering anunprecedentesghareof our public andprivatelife (Langheinrichetal.
[2002]). They would be ableto collectinformationaboutwhereaboutspersonakonversations
andevenemotionalresponses.

On the otherhand,wearablecomputerscanalso be seenasa greatassetto personalprivacy.
Personainformationcanbe storedin the wearablecomputer insteadof in centraldatabases.
This datais availablewhenaer neededbput the useris in control of whatinformationis passed
onandto whom.

Generabdoptionof wearabledor every day usewill withoutdoubtchangeheway we interact
andcommunicateCorversationsill bevery differentwhentheparticipantsareableto look up
ary type of onlineinformation. And the ability to retrieve andquoteexactly whatan opponent
in adiscussiorsaidat thelastmeetingseveralmonthsagowill certainlychangehe outcomeof
mary disputes.

As with theintroductionof cellularphonessocialetiquettewill have to catchup. Will it for ex-
amplebeacceptabléo checkemailorlook upfactsonthelnternetin themiddleof adiscussion?
Orwill it be customaryto remove or turn off the HMD duringpersonaktorversations?

1.4 Literatur e

To getanoverview of theresearctin the eld of wearablecomputersaandthecurrentstateof the
art, aliteraturesunwey is conductedThe suney is dividedinto threeparts:First an selectionof

hwww.xybernaut.com



articleson wearablecomputersn generato illustratethe variety of approacheshenexamples
from the literature of implementationgor speci c tasksand nally an examinationof work
regardinginterfacetechnologies.

1.4.1 Generaldesignconsiderations

Researcherat the Media LaboratoryPerceptualComputingSectionat MIT have performed
extensve researcton wearablecomputersn (Starneret al. [1996]) and (Starneret al. [August
1997])they presentmary differentapplicationsexploring the possibilitiesof wearablecomput-
ersandaugmentedeality. Focusis on applicationsallowing the userto keepthe attentionon
the physicalworld while interactingwith the wearablecomputer The maininterfacemodality
is a onehandedkeyboardcalledthe Twiddler?, but the possibilitiesin computevision arealso
explored.

Thevision basedapplicationgncludefacerecognition,visuallandmarksaidsfor visually dis-
abledand ngertip pointing. The ngertip is concludedo bethe mostintuitive pointingdevice
andableto replacea mousewheneer a pointingdevice is required:

“Thus, the nger can replacethe mousewheneer a pointing device is desied.
Sud a pointing deviceitself takesno extra room,cannot belost, and canbeused
almostanywhee thereis light! (Starneretal. [August1997])

The vision basedinterfacesand applicationspresentedn (Starneret al. [1996]) and (Starner
et al. [August 1997]) utilize outboardprocessingoower to accomplishreal-timeperformance
with the limited power availablein the wearablecomputeritself at the time of the research.
Video from the headmountedcamerais transmittedto a powerful workstationcomputerfor
processingandthe resultis sendbackto the wearablefor display on the HMD. The use of
remotecomputersand wirelesslinks are consideredsuboptimal,but can be usedto evaluate
futureapplicationsandinterfacemodalities thatcannotyetrun onavailablewearabldhardvare.

Several of theimplementedsystemdhave beenusedfor everydaynotetaking, word processing
and email for several yearssuccessfullyby the researchersThe main focusis on designing
systemdor everydayuseby experiencedusers,and not compromisingeffectivenessand cus-

tomizeabilityto make themmore accessiblé¢o novices. The key argumentis thata userof a

wearablecomputeifor everydayusequickly will becomesopro cient thatanover friendly user

interfacewill be moreof a nuisancehana productvity aid (Keyes[2000]).

In contrasto theresearctintroducedabove (Davis) presenta graphicaluserinterfacefor wear
ablecomputersthatcanbe usedby noviceswithout ary prior training. The papercriticize the
existing GraphicalUser Interfaces(GUIs) usedfor wearablecomputersfor being adaptations
of desktopsystemsandthereforenot suitablefor mobile use. DesktopGUIs are designedor
scenariosvherehumancomputerinteractionis the primary task of the user This is normally
not the casewith wearablecomputerswherethe useris expectedto be mobile or performing
somerealworld taskwhile usingthe computer

2Producedy Handyley Corporationhttp://www.handykey.com
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Mary researchersave devisedgenerabuidelinedor thedesignof interfacesfor wearablecom-
puters(Davis) (Schmidtet al.). Othershave developedformal methodologiegor the design
procesgBaberetal. [1999]) (Kjeldskov).

(Baberetal.[1999]) rst approactwearablecomputerdrom ahardwareperspectie, addressing
therequirement®f wearablecomputergdesignedor differenttasks. Theserequirementyary
from systemsasedn simplemicrocontrollerswith very limited inputandoutputcapabilities,
tofull edgedgeneratomputergquivalentto desktopPC's. Thearticlemaovesonto presenain
“Activity-baseddesignmethodolgy’ for designingwearablecomputerdor speci c tasks.The
methodologyspeci cally focuseson the interfacerequirements.How muchinformationwill
the computerhave to presentto the user what kinds of inputsare neededand what interface
modalitiescanbe usedwithoutinterferingwith thetaskat hand.

Using on the Activity-baseddesignmethodologytwo prototypesystemsare designedandim-
plemented.Oneis a systemfor useby paramedicsvhentreatinga casualty By usinga HMD
andspeechrecognitionthe paramedicanrecordobserationshanddreeaboutthecasualtyand
receve instructionsonthecorrectprocedure Theinterfaceis GUI basedandableto presenthe
wearerwith large amountsof informationsimultaneously In orderto facilitate both GUI and
speechrecognitiona fairly powerful processors required.

The otherprototypeis a very simple personatemperatureanonitoringsystemfor re ghters.
It only consistof a thermistorfor measuringemperaturea tiny PIC16C84 microcontroller
anda singlethreecolor LED (Light Emitting Diode) usedto indicatethat speci c temperature
thresholdshave beenexceeded The mainadwantage®f this solutionis thatit doesnot require
theusersattentionto operate Thereis nounnecessargognitive loadasonly aminimumamount
of informationis presented.The entire systemoperatedor a yearon a small batteryand ts
insidethe re ghters helmet.

Thesetwo casedllustratethe spanof possibleinterfaces,from a singleanalogsensorandtwo
bits of outputto full edged HMD basedcomputemwith GUI andspeechrecognition.

Focusingonthewearability(Gemperlestal. [1998]) presenguidelinedor the shapeandplace-
mentof devicesattachedo thehumanbody The guidelinesareformulatedbasedon extensie
studiesof thehumanbodyin motionandits interactionwith thewearables.

To addressmary of the hardware problemsassociatedvith wearablecomputerresearchre-
searcherat MIT have designedMIThril” a generalestplatformfor experimentsn wearable
computergDeVaul etal. [2001]). MIThril attemptgo addressnary of the power, connectiity,
interfaceandwearabilityissuesn wearablecomputerresearchy providing an openplatform
for future experimentation.

Much of the performedresearchs reviewed in (Starner[2001a])and (Starner[2001b]), and
basedon this a hypotheticalideal wearablecomputeris described.The descriptionis divided
into four majorareasPawer, networking, privacy andinterface.Eachof theseareasaretreated
in detailto de ne therequirementandpresentchallengesandunsolhed problems.

3Low price8 bit 18 pin microcontrollermadeby Microchip Technology http://www.microchip.com
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1.4.2 Usagescenarios

In (Rensinget al. [2002]) a wearablecomputersystemfor military police is presented.The
DMP's (Digital Military Policeman)primary taskis facerecognitionfor gatesecurityat mili-
tary installations however it alsoprovidesthe userwith accesgo digital maps,GPS,voiceand
datacommunicatiorand speechranslationto foreign language.Operationalmilitary person-
nel requireunhindereduseof both handsandfull attentionon their primarytask,thereforethe
systemwasimplementedvith a small“seearound”HMD andvoice interface. The computer
continuouslyprocessvideo from a headmountedcamerato identify facesin the frames. De-
tectedfacesarecomparedo thethedatabasef known individuals. Thevoiceinterfaceprovides
thewearemwith meansof enteringnew facednto the databasandfor consultingthe supervisor
in caseof doubt.

Anothermilitary applicationtestedis terrestrialnavigation or “Map in the hat” (Thomaset al.
[1998]). This wearablecomputetis aHMD basedversionof a handheldGPSanddigital com-
passfor useby groundtroops.Field testshasshavn this to be a very suitablerole for wearable
computersHowever the prototypeusedin theexperimentsvastoo bulky to be comfortablyhip
mounted.It hadto be carriedin a backpackandfurthermoresufferedfrom a limited operating
time on batteriesof 2.5hours.

(Matiaset al. [1996]) providesan exampleof a wearablecomputemot basedon a HMD. The

computerdesignedor useby astronautsn microgravity utilize a“half QWERTY” onehanded
keyboardstrappedo oneforearmanda low powver monochromedisplayattachedo the other

This allow the userto assumea relaxed positionfor extendedtyping without a stablesurface
to placea traditionalkeyboardon. The designof the keyboardallows pro cient typiststo use
their skills with aminimumtime for adaptationHowever bothhandsarerequiredthusno other
manuatltaskis possiblewhile typing.

Resultsfrom a preliminary inspectionin the use of wearablecomputersfor guidancein the
pre ight inspectionof aircraft (Ockermanand Pritchett[1998]) shaw this to be a promising
areaof researchThe HMD andvoiceinterfacebasedvearablecomputempresentegbilots with
an electronicversionof the pre ight inspectionprocedurdrom the planes “Pilot's Operating
Handbook”. Testpersonsisingthe implementedrototypesystemactuallyshaved worseper
formancethanthe controlgroup. This wasattributedto over con dencein the computeranda
tendeng to ignorecommonsenseandperformtheinspectionexactly asdescribecnthe HMD.
To be usefulthe instructionsgiven by the computermust consequenthbe very detailedand
thoroughasis the casein (Siegel andBauer[1997]) wherea military procedurds usedinstead
of the“Pilot's OperatingHandbook”.More researclis neededn orderto make systemshatdo
notinduceover reliancebut encouragehe wearerto supplementhe guidanceof the computer
with theuseof commonsense.

1.4.3 Interface technology

Mary adaptation®f desktopkeyboardandmouseinterfacedevicesexist for mobileandwear
ableuse. (Tyermanand Thomas[1998]) and (Thomaset al. [1997]) presenta usability and
performancesvaluationof someof thesedevicesfor text input. The evaluateddevicesare: A
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forearmkeyboard,a virtual keyboardin the HMD usedwith a belt mountedmouse,a kordic
keypadwherelettersaretypedby pressingnultiple buttonssimultaneoushand nally voicein-
put. Eachtestpersonspentatotal of sevenhourssharedamongthe four interfacedevices. The
testsconcludethat with the amountof training during the test sessionghe forearmkeyboard
providedthefastestyping andthelowesterrorrate.

The“Tinmith-Hand” (Piekarskiand Thomas[2002]) is a glove basedgesturenterfacesystem
for augmentedandvirtual reality The systemprovidestwo typesof interaction. The rst is

amenusystemwhereeachmenuitem is assignedo a nger, the itemis selectedy touching
conductingpadson the matching ngertip with a padonthethumb The secondnodeof inter

actionis for manipulationof virtual 3D objects.This is doneby computewision basedracking
of markerson bothhandsn six degreesof freedom.Themainapplicationfor the Tinmith-hand
is outdooraugmentedeality for 3D modelingof architecture.

Severalexisting virtual reality dataglovesareevaluatedn (TsukadaandYasumurg2002]) and
criticized for beingtoo expensve and bulky for widespreadnobile use. A lightweightinput
device is describedusingonly one bendsensoron the index nger, an acceleratiorsensomn
the handand a microswitchfor activation. Usertestindicatesthat the developedinterface,
with useof simplegesturedor controllinginformationappliancesis very intuitive andeasyto
learn. However several testpersonsomplainedaboutthe necessargablesandotherphysical
propertiesof theinput device.

A wireless nger tracler is presentedn (Foxlin andHarrington[2000]). An ultrasonicemitter
iswornonindex nger andthe recever, capableof trackingthe positionof the emitterin 3D,
is mountedon the HMD. This provides excellentheadrelative tracking of the nger with an
expectedresolutionof 0.5mmat a distanceof 400mmfrom the HMD.

To avoid placingsensoronthehandand ngers the“GestureWrist"usescapacitve sensor®n
a wristbandto determinethe con guration of the ngers (Rekimoto[2001]). This is doneby
measuringhe crosssectionalshapeof the wrist and usethe bulgesand cavities madeby the
sinavs moving underthe skin. The GestureWrisis sensitve to the positioningof the sensors
on thewrist andhasonly beenusedto differentiatebetweenwo gestureg st andpoint). On
the otherhandall necessarngensorsjncluding an acceleratiorsensar can be mountedin a
normalwristwatchandarethereforehighly unobtrusie. Furthermorethe article proposegshe
GestureWristtombinedwith wirelesson-body networking to avoid ary cablesgoing to the
wristband.

Active infrared imaging can be usedto simplify the task of separatinghandsand handheld
objectsfrom thebackgroundandis thereforeusedn severalwearablegesturénterfacesystems
(Ukita etal.[2002]) (Starneretal. [2000]). A sourceof infraredilluminationis mountedhearto
acameratted with aninfrared-pasdlter . If thelight from this sourceis signi cantly stronger
thantheinfraredpartof theambientillumination, theimagecapturedy the camerawill mainly
be producedoy light from the headmountedilluminant. As theintensityof the infraredlight
decreasavith distancefrom the source,it is relatively simpleto separatebjectscloseto the
headfrom objectsfartheraway.

In (Ukita etal. [2002]) aHMD mountedactive infraredsetupis usedfor ngertip draving and
recognitionof objectsheldin the hand. Objectrecognitionis madepossibleby addinga color
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camerato the infraredcameraon the HMD andusinga beamsplitterto give thetwo cameras
the exactsameimage.Herebythe objectcanbe extractedfrom the colorimageusingthe depth
informationfrom theinfraredimage.

The “GesturePendant’demonstratedh (Starneret al. [2000]) is an active infraredcamerain
a necklace. It is a gestureinterface primarily designedfor home automationand as an aid
for disabledand elderly people. Combiningthe active infrared principle with a sheye lens
an excellentimage of the wearershandsis obtained. The Gesturerecognitionis performed
with HiddenMarkov Modelsbasedon thework donein mobile interpretatiorof signlanguage
(Starneretal. [1998Db]).

Multimodal interfacesare proposedcombiningthe GesturePendanivith voice recognitionor

trackingof the persongositionwithin the home.Apart from control of the homeandinforma-
tion appliancesthe Gesturé?endantnonitorsthe healthof its wearetby observingpathological
tremorsin the gestures.The performancenf the prototypesystemproved excellentin prelim-

inary experiments. However aswith mary othervision basedsystemsprocessingpower and
batterylife issueshave to be solved beforemobile useis possible.

Wearablecomputewision basedyesturaecognitionandhandtrackingnot usingactie infrared
and not requiringthe handto be marked are presentedn (Kurataet al. [2002]), (lannizzotto
etal.[2001])and(Zhuetal. [2000]).

(Kurataet al. [2002]) combineshapeandskin color basedrackingto createa mouselike in-
terfacewith distinct point- andclick gestures.Threeapplicationsare presentedisingthe im-
plementedmouse: A universalremotecontrol for electronicappliancesas TVs and stereos.
Securepasswverd inputfor augmentedeality A realworld OCRtranslatorcapableof selecting
signsandothertext by pointing andthentranslatingit from Japanes#o English. To provide
thenecessargomputingpower, the systenmdistributesthe processingf the handtrackingalgo-
rithm betweera wearablecomputeranda remotehostthrougha wirelessLAN. By performing
someof the processindocally thewearablecanprovide fasterresponséimesandrobustnesgo
instabilitiesin the LAN dueto roamingor interference.

(Zhuetal.[2000]) presenta nger menusimilarto the“Tinmith-Hand”(PiekarskiandThomas
[2002]) thoughtheinterfaceis vision basedandneedsaclearview of thehandandoutstretched
ngers. A menuitem is selectedby simply bendingthe correspondingnger. Detectionof
the handand ngers is accomplishedby pixel level color segmentationusingan adaptve color
modelto copewith variationsin skin colorandchangesn lighting.

Eye tracking for gazeinterfaceshas been proposedfor wearablecomputers(Wilder et al.
[2001]). The erratic natureof eye movementsmakes gazeimpossibleto usefor draving or
otherfreeform inputandunsuitablefor useasthe only interfacemodality

Not speci cally aninterfacemodalityin itself, contextual awareness$s a majorareaof research
within the eld of wearablecomputergStarneretal.[1998a]). Theideais to make thecomputer
obsere the userand his surroundings.This knowledgewill enableintelligentinterfacesthat
adaptto the users immediateneeds For examplethe computerwill know notto interruptwith
phonecalls or emailin the middle of a meetingunlessthereis an emegeng. On the other
handwhile driving a car alonethe systemcannotify the userof incomingemailsby a spolen
summary A long term goal is to have the computermodel the userand his surroundings.
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Predictiondasednthismodelwill enablehesystemnto retrieve informationbeforeit is needed
andhave it ready whenthe userasksfor it.

In (Starnertal.[1998a])computewisionis usedto obtaincontetual awarenessTwo cameras
aremountedon the usershead,onepointing forwardat the surroundinggandonelooking down
atthehandsandbodyof thewearer Estimate®f theuserdocationandcurrentactionsaremade
usingHiddenMarkov Models.

Another example of contetual awarenesss DyPERS (Dynamic PersonalEnhancedReality
System)(Jebareet al. [1998]), whereaudioandvideo messagesanbe associateavith images
of realworld objects. Whene&er the headmountedcameraseesa known objectthe computer
playsbacktheassociatedthedia.Many possibleapplicationsarelistedrangingfrom notetaking
atavisualartsgalleryto anaid for personswvith poorvision.

1.5 Summary of interface modalities

As canbe seenfrom the previous sectionmary differentinterfacetechnologiesndmodalities
have beentried for wearablecomputersTheimportanceof differentcharacteristicgary greatly
with the application,andwhatis seenasanadwantageo someis a disadantageto others.The
generaladvantagesanddisadantageof the mostcommoninterfacetechnologiesare summa-
rizedin table1.1.

Theinterfacetechnologiesanbedivided into two groups: Devicesfor dataentry anddevices
for selectionand free form input. In the desktopervironmenttheseare exempli ed by the
keyboardandmouserespectiely.

Thedatainputtechnologiedn tablel.1areall in amaturestateof developmentanddonotneed
researchat the technicallevel. The vision basedsolutionson the otherhandstill muchwork,
but could ultimatelybecomevery intuitive interfacemodalities.

The free form input technologiesn table 1.1 all have signi cant dravbacks. Systemsbased
on active infrared posethe smallestproblemswith regardsto imageprocessing.But asthey
do not work in directsunlight,they are not applicablefor wearablecomputergor bothin- an
outdooruse.Glove basedsolutionsareconsideredin t for generalusein wearablecomputers,
asthey preventthe userfrom unrestricteduseof the hands.Consequentlyision basedgesture
interfacesnot relying on actve infrared arethe mostgenerallyapplicablesolutions. However
thesealsoposethelargesttechnicalchallenges.
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1.6 Initiating problem

Goingfrom desktopto wearablecomputerit is possibleto geta goodreplacementor the key-
board,but a replacementor the mouseis hot commerciallyavailable. Creatinga vision based
replacementor the mouse would give a boostto the generalusability of wearablecomputers.
Thisleadsto theinitiating problemfor this project:

To designa vision basedgestue interfacesystencapableof tradking a pointing
handin videofroma headmountedcamer and differentiatingbetweemoint and
click gestues. The systemmustbe able to initialize itself and performwell on an
unknownnon static badkground and underunknownand varying lighting condi-
tions.



Interface Hands Onbody . Freeform Pawer Processing Technological
i Text input ) Easeof use . . .
modality free attachments input consumption requirements Maturity
VOIC?. YES - Possible NO Verry good Low High Production
recognition
Chording .
NO - Good NO Hardto learn Verylow None Production
keyboard
Half NO Forearm Good NO Good Verylow None Production
QWERTY
Glove based NO Sensors Poor YES Good Low Low Usable
gesture andcables
Visionbased NO - Poor YES Good High Very high Experimental
gesture
ActivelR NO - Poor YES Good Very high Very high Experimental
gesture

Gloverefersto ary typesof sensor®r markersattachedo thehand
Handsareonly requiredwheninteracting.
Somechordingkeyboardshave anintegratedtrackpointmouse.

Table 1.1: Strengths and weaknesses of common interface technologies.
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CHAPTER

Pre analysis

In theendof chapterl theinitiating problemwasstated andthe decisionwasmadeto focusthis
projecton developinga vision basedpointandclick gesturenterfacesfor wearablecomputers.
The primary goal of the intendedinterfacewill be to provide free form input and selection
of both virtual and real world objects. If input of large amountsof text or numericdatais
neededthegesturdnterfaceis thoughtto be supplementedith eithervoiceinputor awearable
keyboard.

This chaptemwill examinethechallenge®f constructingsuchaninterfaceandidentify possible
solutions.But rst ade nition of commonlyusedtermsanda shortintroductionto the eld of
gesturaecognitionin generaljs given.

2.1 Taxonomyof gesture recognition

The type of interactionfacilitated by a gestureinterface can generallybe divided into two
groups: Direct manipulationand symbolic gestures.In direct manipulationthe positionand
possiblythe orientationof the handor ngertips areuseddirectly Examplesof suchinterac-
tionsincludesdraving, 3D objectmanipulatiorandmodeling.In the caseof symbolicgestures
the poseand/ormotionof the handss analyzedandinterpretedaswordsor commandsegard-
lessof their spatialposition.

The type of symbolic gesturesusedcan further be divided into staticand dynamicgestures.
Staticgesturesssignmeaningto speci ¢ posturesf thehand. Dynamicgestureon the other
handassignmeaningo seriesof handposesandmotions.

Gesturerecognitionsystemsn generalcanbe dividedinto four maincomponentsimagepre-
processingtracking, poseestimationand gesturerecognition. In Individual systemssomeof
thesecomponentsnay be meigedor missing,but their basicfunctionality will be normally be
present:

1. Image preprocessing: The task of preparingthe video framesfor further analysisby
suppressingoise extractingimportantcluesaboutthe positionof thehandsandbringing
theseon symbolicform. This stepis oftenreferredto asfeatureextraction.

2. Tracking: On the basisof the preprocessingthe positionand possiblyother attributes
of the handsmustbe tracked from frameto frame. This is doneto distinguisha moving
handfrom the backgroundand othermoving objects,andto extractmotioninformation
for recognitionof dynamicgestures.
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3. Poseestimation: Whenthelocationof thehandsareknown, their spatialorientationand
internalstate(con gurationof the ngers) mustbe determined.

4. Gesture recognition: Basedon the collectedposition,motionandposeclues,it mustbe
decidedf theuseris performinga meaningfulgesture.

The knowledge aboutthe handsusedfor the tracking and recognitioncan exist on different
levels of abstraction. Two main approachesxist in this regard differentiatedby whetherthe
systemis basedn anabstracmodelof thehandor onknowledgeof theappearancef thehand
in theimage:

1. Model basedapproach: A modelof the handis created.This modelis matchedo the
resultsof preprocessingo determinethe stateof the tracked hand. The modelcanbe
moreor lesselaboratefrom the 3D modelwith 27 degreesof freedom(DOF) usedin the
DigitEyessystem(RehgandKanadg1994]) to a simplecontourmodelof thehandseen
straighton (MacCormickandlsard[2000]). In additionto themodelof the handa model,
of how featuresin the imagecorrespondingo the real handare produced,is required.
Thismeasuremenhodelis neededn orderto determinghestateof thehandmodelfrom
theappearancef thehandin theimage.

Continuouslytting themodelto thehandin thevideoframes,s aproces®f trackingthe
completestateof the handnot just its position. This processs consequentlyalledstate
basedracking.If the modelcontainsa sufcient numberof internaldegreesof freedom,
recognitionof staticgesturesanbereducedo inspectiorof the state.

2. Appearancebasedapproach: Thetrackingis basedon a representatiofearnedfrom a
large numberof trainingimages.As no explicit modelexists of the handall theinternal
degreesof freedomwill nothave to bespeci cally modeled.

Whenonly the appearancef the handin the video framesis known, differentiatingbe-
tweengesturess not asstraightforward aswith the modelbasedapproach.The gesture
recognitionwill thereforetypically involve somesort of statisticalclassi er as seenin
(Birk etal.[1997]).

2.2 Gesture basedinterfaces

A large part of the literature on gesturerecognitiondealswith recognizingsetsof dynamic
gesturegitherasindividual commands$o acomputeror with theultimategoalof understanding
signlanguage An exampleof thelatteris:

(Starneret al. [1998b]) proposerecognitionof sign languagefor both desktopand wearable
computers.The obtainedresultswereactually betterwith a headmounteddownward looking
camerahanwith a staticdeskbasedcameraasthe headmountedcameras insensitve to body
posture. The recognitionis basedon skin color sgmentationto extract the position, shape,
motionandorientationof the hands.The handsaremodeledasellipses,andthe systemis able
to obtaingoodperformancavithoutmodelingindividual ngers. UsingHiddenMarkov Models



19

(HMM) continuougecognitionof full sentencesf signlanguages accomplishedalthoughthe
vocalulary is limited to forty words.

Appearancdasedecognitionof staticgesturess presentedh (Birk etal.[1997]),whereletters
from the handalphabetrerecognizedy principalcomponenanalysigPCA). Theappearance
of the individual signsarelearnedfrom a large numberof trainingimages. The PCA is used
to createa low dimensionalfeaturespacein which handslocatedin the video framescanbe
comparedwith classegepresentinghe de ned gestures.The classesandthe corresponding
classi erarecreatedn anoff line learningprocess.

In additionto the work on how to detectand recognizegesturesyesearchs being doneon
designingintuitive and naturalgesturesets(Nielsenet al. [2003]), and on how gesturesand
bodylanguageareusedasa partof inter personcommunication(Cassel[1998]).

2.2.1 Hand or nger tracking

Within this projectthegesturgecognitionis limited to thetaskof locatingandtrackingahandin
thevideostreamanddifferentiatingbetweerpointandclick gesturesin termsof thetaxonomy
in 2.1 this means,that only componentsl and 2 will be necessary To determinethe best
approachto this problemthe differentpossiblesolutionsarebrie y reviewedin the following.
Firstthelow level featureextractionor imageprocessingnethodsarepresented.

Pixel level segmentation: Regionsof pixels correspondingo the handare extractedby color
sgymentatioror backgroundubtractionThenthe detectedegionsareanalyzedo deter
minethe positionandorientationof the hand.The color of humanskin variesgreatlybe-
tweenindividualsandunderchangingllumination. Advancedsegmentatioralgorithms,
that canhandlethis, have beenproposedZhu et al. [2000])(Dominguezet al. [2001]),
however theseare computationallydemandingandstill sensitve to quickly changingor
mixed lighting conditions.In additioncolor sgmentationcanbe confusedby objectsin
the backgroundwith a color similar to skin color. Backgroundsubtractioronly work on
a known or at leasta static backgroundand consequentlyare not usablefor mobile or
wearableuse.

Motion segmentation: Moving objectsin the video streamcanbe detectedoy calculationof
interframedifferencesandoptical o w. In (WongandSpetsaki$2002]) asystencapable
of trackingmoving objectsonamoving backgroundvith ahandheldcamerds presented.
However sucha systemcan not detecta stationaryhandor determinewhich of several
moving objectsis thehhand.

Contour detection: Much informationcanbe obtainedby just extractingthe contoursof ob-
jectsin theimage(lsardandBlake [1996]). The contourrepresenthe shapeof the hand
andis thereforenot directly dependenon skin color andlighting conditions. Extracting
contoursby edgedetectionwill resultin alarge numberof edgesboth from the tracked
handand from the background. Thereforesomeform of intelligent post processings
neededo make areliablesystem.
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Correlation: A handor ngertip canbesoughtn aframeby comparingareasf theframewith

atemplateimageof the handor ngertip (Crowley etal. [1995]) (O'HaganandZelinsky

[1997]). To determinewherethe tamgetis, the templatemust be translatedover some
region of interestandcorrelatedvith theneighborhooaf every pixel. Thepixel resulting
in the highestcorrelationis selectedasthe positionof thetargetobject. Apartfrom being
very computationallyexpensve templatematchingcan not copewith eitherscalingor

rotationof thetargetobject. This problemcanbeaddresseby continuouslyupdatingthe
templatg(Crowley etal. [1995]), with therisk of endingup trackingsomethingptherthan
thehand.

Ontop of mostof thelow level processingnethodsatrackinglayeris neededo identify hands
andfollow thesefrom frameto frame. Dependingon the natureof the low level featureextrac-
tion, this canbedoneby directly trackingoneprominentfeatureor by inferring the motionand
positionof the handfrom the entirefeatureset.

Tracking with the Kalman Iter. Oneway of solvingthe problemof trackingthe movement

of anobjectfrom frameto frameis by useof a Kalman Iter. TheKalman Iter models
the dynamicpropertiesof the tracked objectaswell asthe uncertaintieof both the dy-

namicmodelandthe low level measurement€Consequentlyhe outputof the Iter is a

probability distribution representindoth the knowledgeanduncertaintyaboutthe state
of the object. The estimateof the uncertaintycanbe usedto selectthe sizeof the search
areain whichto look for the objectin the next frame.

TheKalman lter is aneleggantsolutionandeasilycomputablén realtime. Howeverthe
probabilitydistribution of the stateof the objectis assumedsaussianAs thisis generally
not the case gspeciallynotin the presencef backgroundtlutter the Kalman Iter in its
basicform cannot robustly handlerealworld trackingtaskson anunknavn background
(Isard and Blake [1996]) (MacCormick[2002]). However on a controlledbackground
goodresultscanbe obtained RehgandKanadg1994]).

CONDENSATION 1: An attemptto avoid thelimiting assumptiomf normaldistribution inher

entin theKalman Iter wasintroducedn (IsardandBlake [1996]) calledthe CONDEN-
SATION algorithm. The approachs to modelthe probability distribution with a setof
randomparticlesandperformall theinvolved calculationson this particleset. Thegroup
of methodsto whichthe CONDENSATION algorithmbelongsaregenerallyrefereedo
as:RandonmsamplingmethodssequentiaMonte Carlomethodsor patrticle Iters.

Very promisingresultshave beenobtainedusingrandomsamplingin avarietyof applica-
tionson comple backgrounds(Guptaetal. [2002a])and(Guptaet al. [2002b]) propose
a combinationof appearancbasecdeigentracking(Black andJepsor{1998]) and CON-
DENSATION for gesturerecognition. SequentiaMonte Carlo methodsand adaptve
colormodelsareusedin (Perezetal. [2002]) providing rolbusttrackingof objectsunder
going dramaticchangesn shape. To the task of faceand handtracking, motion clues
arecombinedwith the colorinformation,to eliminatestationaryskin coloredobjectslike
woodendoorsanddesks. (Mammenet al. [2001]) useskin color sggmentation region
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growving and CONDENSATION for simultaneoudracking of both hands. Solutionsto
handleocclusionsareproposedesultingin reliableoperationevenwhenthe blobscorre-
spondingo thehandsmegefor extendedperiods.

In (Lapter andLindebeg [2001]) ahandmodelconsistingof blobsandridgesof different
scalegepresentinghe palm, ngers and ngertips is usedwith particle Itering to track
the positionof the handandthe con guration of the ngers. Realtime performanceds
obtainedbut themodelandstatespaces limited to 2D translation planarrotation,scaling
andthe numberof outstretchedngers.

(MacCormickandlsard[2000]) proposeamethod calledPartitionedSampling for track-
ing articulatedobjectswith particle Iters without requiringan unreasonablamountof
particlesto copewith the resultinghigh dimensionaktatespace.The solutionis to rst

locatethe baseof the objectandthendeterminethe con guration of attachedinks in a
hierarchicalway. As an exampleof this, a handdrawing applicationis presented.The
partitionedsamplingis usedby rst locatingthe palmandsubsequentlgeterminingthe
anglesbetweerthe palmandthethumbandindex nger. Theseanglesareusedto differ-
entiatebetweera smallnumberof gesturegorrespondingo draving commandsTrack-
ing is basedn a splinedescriptionof the contourof the handbeing tted to edgesn the
imageandcombinedwith skin color matchingaspresentedh (MacCormick[2002]) and
(MacCormickandBlake [1998]). Detailedmotionmodelsandbackgroundsubtractioris
usedto limit the effect of clutter

2.3 Desirablecharacteristicsof a tracker for interface purposes

Thedescribedrackingmethodshave differentstrengthsandweaknessesndarethereforenot
all applicableto the sametasks.In orderto determineghe methodmostsuitablefor this project,
alist of requirementss stated:

1. Robust initialization and reinitialization: The handcanbe expectedto enterand exit
from theview frequently Thereforethetracker mustbeableto quickly reinitializeitself,
andareliableestimationof whetherthe handis presenbr not mustbe obtainable.

2. Robustnessto background clutter: Objectsin the backgroundshouldnot distractthe
traclker, notevenif theseobjectsareof skincolor.

3. Independenceof illumination: As the traclker is to be usedin mobile applications,it
mustbeableto copewith changingandmixedlighting conditions.

4. Toleranceto cameramovement: As the camerawill be headmounted,andcanbe ex-
pectedio move independentyf the hand,thetracker shouldnot rely heavily on making
goodpredictionsof the movementof the hand.

5. Computationally effective: Mobile processorgendto be signi cantly less powerful
thantheir desktopcounterpartsAlgorithmsrequiringextensve computationatesources
shouldthereforebe avoided.
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2.4 Choiceof method

Onthebasisof theexaminationof possiblemethodsn 2.2.1andthecriterialistedin 2.3, CON-
DENSATION trackingcombinedwith a contourhandmodelis chosenfor this project. This
choiceis madeasrandomsamplingmethodsseemdo bethe mostpromisinggroupof tracking
algorithmsfor trackingon unknawvn andclutteredbackgrounds.The contourmodelis chosen
asit is insensitve to color andlighting. Furthermoresimpleinterfacegesturedike “point” and
“click” canberecognizedlirectly by examiningthe stateof the contour

Mostof thework donewith the CONDENSATION algorithmincorporatesletailednotionmod-
elslearnedfrom training data. Relying on a goodmotion modelfor keepingtrack of the hand
is not ideal within this projectas headmovementwill disturbthe prediction. Focusshould
thereforebe on compensatindor the useof a simplermotion modelby developinga morede-
tailed measuremennodel. A bettermeasuremennodelwill alsoimprove thetraclersability
to reinitializeitself whenthehandleavesandreenterghe frame.

2.4.1 Choiceof gestures

In the drawing packagepresentedn (MacCormickandlsard[2000]) the positionof the mouse
pointeris controlledby pointing with the index nger. Drawing is initiated by extendingthe
thumbfrom thehandandstoppedy placingit againsthepalmandindex nger. Thisideawill
bethebasisfor the pointandclick gesturedor this project.

Pointingwill be performedwith thetip of theindex nger, asthisis the mostintuitive. In the
idle positionthe thumbis keptextendedfrom thehand( g 2.1(a)),andthenplacedagainsthe
index nger for clicking or drag drop operationg( g 2.1(b)). As the threeother ngers are
hiddenunderthe hand,they canbeheldin arelaxed positionanddo not have to be heldtight to
thePalm.

As only the movementsof thethumbis modeledexplicitly andthe other ngers arekeptstill or
hidden therangeof motionof thede ned gesturess limited to thethreejoints of thethumb(see
gure 2.4.1). As the DIP? andespeciallythe MCP? joints aredif cult to bendindependently
of the CMC* joint, the gesturesanbe encompassely two, or possiblyonly one, degreesof
freedom.

2.4.2 Interface considerations

As the proposedsystemis thoughtto be the basisof a nger mousefor a pointandclick type
of interface, it will be moresuitablefor sometypesof interactionthanothers.Generallyit will
be well suitedfor mostof the tasksfor which a normalmouseis usedon a desktopcomputer:
Navigatingmenusfreehanddraving andselectingobjectsor icons. Additionally it canbeused
to pointator outlinerealworld objects.

2Distal Interphalangeal
3MetaCarpoPhalangeal
4Carpal-MetaCarpal
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(@) (b)

Figure 2.1: The point (a) and click (b) gestures.

Onething, this gestureinterfaceis not well suitedfor, is text andnumericaldataentry Small
amountsof text canbe enteredon a virtual keyboard,but for applicationsrequiring extensve
datainputthegesturanterfacewill have to be supplementedith awearablekeyboardor voice
recognition.

2.5 Problem statement

Now thatthe choiceof methodhasbeenmade theinitiating problemfrom sectionl.6 canbe
expressedhsaformal problemformulation:

Theaim of this projectis to developa weaablevisionbased'point andclick” ges-
tureinterfaceandunderlyinghandtracking systenbasedonthe CONDENSAION
algorithmanda contourmeasuementmodel. Thetrading systenmustbe ableto
handleunknownand nonstatic badkgroundsand changinglighting conditions.No
marlers or sensos canbe attadhedto the handand activeinfrared or otherforms
of contwolled illumination cannotbeused.

2.5.1 Assumptions

The handis assumedo be keptatanangleto the cameragproviding a clearview of thethumb,
index nger andbackof thehand ,wheneer interactionis desired.

Theuseris assumedo be barehanded.
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Figure 2.2: X-ray of a hand showing the “point” gesture.



CHAPTER

Analysis

In the previous chapterit wasdecidedto addresshe problemof handtrackingby the useof
the CONDENSATION algorithmanda contourmeasurementnodel. This chaptemwill explain
the theoreticalfoundationof the selectedapproach,and presentthe proposedadditionsand
improvements.

Themethodswill bedescribedn awayapplicableo trackingin generalwith nospeci ¢ details
abouthow they will beadaptedor handtracking. However examplesandimageswill generally
shav the methodsappliedto trackingof hands.

3.1 Tracking and the CONDENSATION algorithm

This sectionwill provide anintroductionto the theorybehindstatebasedobjecttrackingwith
the CONDENSATION algorithm. Startingwith an overvien of the mathematicbehindstate
basedrackingin general.

3.1.1 Probability Theory Approachto Tracking

Thetaskof vision basedobjecttrackingcanbe seenasdeterminingthe stateof anobjectfrom
aseriesof videoframes.

The stateof thetracked objectin frame is describedy ann-dimensionastatevector ,
where isthespaceof all possiblecon gurationsof theobject. Thehistoryof all con gurations
up to andincluding the currentis . Generally cannot be determined
exactly, thusa probability distribution is usedto representhe knowledgeaboutthe state
of theobject.

Fromframenumber themeasurement is obtainedandthesetof measurementscquiredup
to frame is . canbeary functionof theframeimagefor examplea
list of edgesor eventhe entireimageitself.

Thetrackingproblemis then,in termsof probability to obtainthe posteriorprobability distri-

bution for thestate of thetracked objectgivenall availablemeasurements
andthe history of the object . Applying Bayestheoremat eachtime step,the posteriorcan
beexpresseds:

(3.1)
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If themeasurementisom all  availableframes areassumedonditionallyinde-
pendengiventhestates , then canbe substitutedor

3.2)

In equation3.2 the obseration density is an expressionof the likelihood that an
obsered measurement hascomefrom the hypotheticalstate . To propagatehe posterior
from thelastframe to the statedensity amodelof
theform for the expectedevolution of the stateis required.This modelis generally
termeddynamics
If themodelof the dynamicevolution of stateis basedon a rst orderMarkov assumptionthe
new stateis dependenbnly on theimmediatelyprecedingstateandindependenof the earlier
history:

(3.3)
Theassumptiorbehindequation3.3 still allows for rathergeneraldynamicmodels.Stochastic
differenceequationscanbeimplementedy including intermediatevariableslik e velocity and
accelerationn the statevector .

Following from equation3.3 propagatiorof the posteriorcanbe performedby:

(3.4)

Applying the Markov assumptiorof independencef previous historyto equation3.2 gives:

(3.5)
Insertingequation3.4in 3.5:

(3.6)
A trackingsystemmustfor eachframetry to evaluateequation3.6. canbeseensimply
asarenormalizatiorconstantandthe processanthenbe summarizeds:

(3.7)

It is generallynot possibleto obtainan exactresultfor equation3.6, thussomenumericalesti-
mateis the only practicalsolution. The Kalman Iter hastraditionally beenusedto solwe this
problem. This however assumeshe obseration density to be a normaldistribution
andthe dynamicsto be linear with addedGaussiamoise. From empirical experimentsit is
well known, that is generallynot atall normally distributed. In vision basedracking
with backgroundclutter is often multi modal dueto differentbackgroundieatures
resemblinghetracked object.

To copewith the problemof non—Gaussianbserationdensitiesa new approactto state-based
vision trackinghasemeped, startedby Michael Isardand Andrew Blake in 1996 (Isard and
Blake [1996]).
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3.1.2 The CONDENSATION Algorithm

The CONDENSATION algorithmis a tracking frameavork combiningtrainedmotion models
andfactoredsamplingto accomplistthetaskof propagatinghestatedensityof atracked object
overtime (IsardandBlake [1996]).

Thetrainedmotion modelsareusedto getthe bestpossiblepredictionof the movementof the
objectbetweerframes.Thoughasstatedn 2.4 advancedmotionmodelswill notbe addressed
in this project.

In the following the CONDENSATION algorithmwill be introducedrst in aninformal and
qualitative way andthenexplainedin a moreformal mathematicatashion.

3.1.3 Principle of CONDENSATION Tracking

Thetaskof statebasedrackingis to determinethe con guration (spatialposition,3D orienta-
tion andpossiblyinternaldegreesof freedom)of an objectfrom consecutie framesof video.
This canbeaccomplishedn a bruteforceway by testingevery possiblecon gurationandthen
selectinghe onethatbest ts the currentframe.

If all six degreesof spatialfreedomof the objectareto be determinedthe statespaceof the
objectis six dimensional.Settingthe numberof possiblevaluesfor eachdegreeof freedomto

, thetaskof trackingby bruteforcethenrequires comparisons
of a statewith the imagedataperframe. Evenwith sucha limited resolutionandonly a six
dimensionaktatespaceit is clear thatit is computationallyimpossibleto performtrackingin
realtime by bruteforce.

Insteadof comparingevery possiblecon gurationof the objectwith eachvideoframe,theidea
behind CONDENSATION is to male a setof informedguesse®f the con guration, compare
theseguessewvith the currentframe, and usethe resultof this comparisorasthe basisfor a

new setof guessesvhenthenext framearrives. Thenew guessesremadeby selectinghebest
guessefrom thelastframeandapplyingamodelof themovementof the objectfrom oneframe

to the next. The setof guessesghereaftercalledparticles)will frameby frameconverge around
the correctstateof the object.

To beableto performtrackingusingthis methodtwo modelsmustbe available:

1. Motion modelencompassingnowledgeof how thestateof theobjectevolvesovertime.
This is the basisfor dynamicpropagatiorof the particlesfrom oneframeto the next. In
additionto a deterministigpart, basedon mechanicapropertiesof the object,this model
generallycontainsastochastielemeninodelingtheuncertaintiesn bothmodelanddata.

2. Measurement model describinghow physicalpropertiesof the object,backgroundand
cameraproducethe featuresusedfor comparingparticleswith imagedata. This model
formsthe basisfor alikelihoodfunctionthatexpressthecon dence,of a particularparti-
cle correspondindo the actualstateof thetamgetobject.
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Thesemodelsmustbeconstructedasednapriori knowledgeof thespeci ¢ trackingproblem.
This knowledge can either be deducedrom known physicalpropertiesof the tracked object,
the backgroundandthe lighting and camerasetup,or it canbe learnedfrom video sequences
similarto whatthe nal systemis expectedo handle.The betterthesemodelsarethebetterthe
performancef thetrackingsystemwill be.

Now that the motion and measurementodelshave beenintroduced,the CONDENSATION
algorithmcanbedescribedn moredetail. Thedescriptionis dividedinto two partsinitialization
andtracking.

Initialization

Initializationis performedvhenthetrackeris startedo provide aninitial estimateof theposition
of the target object. If the tracked objectis lost, reinitializationcan be performedto locateit
again.Thetrackingprocesss startedoy performingthefollowing steps:

1. Initialize thetracler by creatinga setof initial particles(guessespf the con guration of
thetracked object. Theseparticlescanbe uniformly distributedin the featurespace or
distributedaccordingo somea priori knowledgeof the possibleinitial stateof theobject.

2. Comparesachparticlein thesetto the rst frameandassigrthelikelihoodto the particle.

Tracking

After Initialization trackingis accomplishedy performingthe following stepsoncefor each
frameof videodata:

1. Createa new particlesetby selectingparticlesfrom the existing setfrom the lastframe.
Theexisting particlesareselectedvith probabilitiescorrespondingo their assignedik e-
lihoods. This stepwill selectparticlesthathave a goodresemblanc&ith theimagedata
multiple timesanddiscardparticlesthatdonot t thedata.

2. Updateeachparticlein the new setby applyingdynamics. Herebythe modelof object
maovementis usedto predict,wherethe objectwill mostlikely bein the new framegiven
the presenstateof the particles.

3. Apply additive noiseto the particlesto allow for uncertaintiesn the measuremerand
motion models. This is normally considereda part of dynamics. After this stepeven
multiple selectedgarticlesfrom stepl will nolongerhave exactly the samestatevector

4. Comparezachparticlein thesetto thenew frameandassigrthelikelihoodto theparticle.

5. Determinghestateof thetrackedobject. Thiswill besomefunctionof theparticlesetfor
exampleaweightedaverageor simply the stateof the particlewith thehighestik elihood.

6. Repeafrom 1 with thenext frame.
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Figure 3.1: Basic steps of the CONDENSATION algorithm in one dimension: Actual state
density or likelihood function (a). Initial set of uniformly distributed random paricles
(b). Particle set after comparison with data. The size of the particle represents
the calculated likelihood (c). New particle set as the result of resampling. Many
particles have been selected multiple times (d). New particle set after addition
of noise (Oth order motion model — dynamics only contain a stocastic element).
Duplicate particles are no longer identical (e).

If atleastoneof theinitial guessess sufciently closeto theactualstateof thetrackedobject,the
particlesetwill quickly centeraroundtheobjectstate andremainlockedontargetassubsequent
framesare processed. The combinationof the deterministicand stochasticelementsin the
motion modelwill ensurethatthe cloud of particlesin statespacewill continueto be closely
centeredaroundthe stateof the objectwhile maintainingrobustnesgo unpredictecchanges.

As canbe seenfrom the abore, the numberof comparisongerframeduring trackingis equal
to the numberof particles. This will normally be on the orderof 50 — 5.000which is a huge
increasan performancever the bruteforceapproach.

Furtherdescriptionof the measuremerand motion modelswill follow afterthe mathematical
formulationof thealgorithm.

3.1.4 Mathematical Formulation of the Algorithm

To be able to implementthe CONDENSATION algorithm a more preciseformulation than
the onein 3.1.3is required. This sectionwill formulatethe algorithmbasedon the equations
introducedn section3.1.1.

Factoredsamplingis usedto overcomethe problemsof calculatingequation3.6. Insteadof
trying to nd a closedform solution, the probability densityis approximatedoy a set of
weightedparticles: , and . If the number
of particles is sufciently large, this particlesetshouldrepresenthe probability distribution



30

suchthat selectinga particle  with probability is approximatelyequalto draving a
randomsamplefrom (seegure 3.2).

Figure 3.2: One dimensional probability distribution represented by a continuous curve and
approximated by a set of weighted uniformly distributed random patrticles.

To performtrackingbasedn thefactoredsampling the processn equation3.7is simulatedoy
performingtheinvolved operationsnthe particleset:

(3.8)

When processingeachnew framethe prior distribution is the posteriordistribution from the
lastframe representethy the particleset . From anew set is createdby
selecting particles with probability allowing aparticleto beselectednultipletimes.The
state of eachparticlein isthenupdatedaccordingto the dynamicsof the systemto predict
the evolution of the statedensityandproduce

After dynamicshave beenappliedmultiplication by measuremendensitymustbe performed.
For eachpatrticlethe state is projectedinto the image,comparedwvith the measurements
andthe likelihood of the tracked objectbeingin state is calculated. The weights  of the
particlesaresetto the calculatedik elihoodsandrenormalizedo ensurehat . The
resultingparticlesetrepresentshe posteriordistribution andcanbefed backinto the
algorithmfor usein processingf the next frame.

The posteriordistribution containsall theinformationavailableaboutthe stateof the

tracked object,but it is a probability distribution anddoesnot in it self specifyan exact state.

To determinghe bestestimateof the stateof thetracked objectsomefunctionof the particleset

mustbeused.Exampleof functionsfor thisare: Takingtheaverageof the statef all particles
weightedwith , or selectingthe stateof the particlewith the maximum

3.2 Contour MeasurementModel

This sectionwill explain how a measuremeninodelbasedon a parametricdescriptionof the
contourof thetamgetobjectcanbe usedto obtainthe measuremertdensity
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Basingthe likelihood function on the contourof the object makesit very robust to varying
lighting conditions asthe shapeof the objectis unlikely to bedrasticallyaffectedby changesn
thelighting.

In themeasuremenhodelproposedn (IsardandBlake [1996]) and(IsardandBlake [1998a])
andelaboratedn (MacCormick[2002]) the contourof the tracked objectis approximatedy
a 2D B-spline(see gure 3.3). For anin depthexplanationof B-splinessee(lsardand Blake
[1998a)).

B-splinesarede ned by a setof control points. To performtranslationyotation,scalingor ary
otherlineartransformatioron the control pointsis equivalentto performthe sametransforma-
tion on the entire spline. Combininga contourrepresentethy a B-splinewith a statespaceof
eithereuclidearsimilarities' or af ne transformatiorwill thereforeform a goodfoundationfor
ameasuremennodel. Givena statevectorthe correspondingransformatioris simply applied
to the control points,andthe splinecanbe projectedontothe currentframefor comparison.

A B-splinemodel,incorporatinginternal degreesof freedomof the target object,canbe con-
structedasa linear combinationof splinesshaving the objectin representate states.If these
basissplinescan be createdmanuallyfrom handpicked representate imagesof the object.
Alternatively or they could be createdusing principal componentanalysis(PCA) on a large
numberof splines tted to every framein atraining sequenceBoth approacheareexamined
in (IsardandBlake [1998a]),andgoodresultsfor handtrackingobtainedwith the rst one.

The comparisorbetweera transformed-splineanda videoframeis performedby measuring
thedistanceslonganumberof normalsfrom thesplineto nearbyedgesn theframe(see gure
3.4). Thedistanceslongall thenormalsarethencombinedo form thelik elihoodvalue.Details
of how this likelihoodcanbe calculatedrom the splineto edgedistancesarecoveredin detail
in section3.3.

Figure 3.3: B-spline approximation of the contour of a pointing hand. Control points are
marked with circles.

Euclidearsimilaritiesis the spaceof 2D translation scalingandplanarrotation.
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() (b)

Figure 3.4: The contour model from gure 3.3 overlaid on an edge image. B-spline with nor-
mals (a). Distances to nearest edge (b).

3.3 Likelihoodfunctions

Whenthe contourdescriptionof the tracked objecthasbeencreatedandthe changesn state
from frameto framecanbe predicted comparingthe predictedcontourswith theactualimages
is the next step. This is accomplishedy locatingedgesin theimageandexamininghow well
eachpredictedcontourcorrespondso theseedges.The edgesarelocatedby searchingalonga
numberof normalsto the contour Edgesdetectednthe normalsarereferredto asfeatues

To derive anexpressiorfor thelikelihoodof a setof featuresalonga normalresultingfrom the
talget objectandnot from backgrouncclutter a modelof how thesefeaturesare generateds
required.In thefollowing the procesof designinga generatie modelandlikelihoodfunction
will bepresentedasedntwo examplesof likelihoodfunctionsfrom theliterature. Thenanew
likelihoodfunctioncapableof meetingthe requirement®f this projectis presented.

The detectedfeaturescan be divided into three categories accordingto what type of image
elementhey correspondo: The edgeof the object,interior objectedgesandedgesrom back-
groundclutter(see gure 3.5). Thegeneratie modelcanthenbesplitinto threepartsmodeling
thesecat@oriesseparately:

Edgefeatures: Thesefeaturesarisefrom the edgeof the objectitself, and shouldtherefore
be found on the middle of the normal. As the contourand statespaceareidealizedap-
proximationgo theshapeof therealobject,thefeaturefrom theedgewill notalwaysbe
exactly onthe centerof thenormal. A goodmodelof the distribution canbe obtained jf
it is assumedhatthedistance fromtheedgefeatureto thecenterof thenormalis dravn
randomlyfrom the boundarydistribution

(3.9)
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Figure 3.5: lllustration of the different types of features.

Where isatruncatedsaussiamand isthelengthof thenormalcenterednthecontour
Theconstant is choserso integratesto . is estimatedrom data,andwill typically
be around7 pixels (MacCormick[2002]). It is furthermoreassumedthat therefor each
normalis a x edprobability thattheedgeof theobjectwill notbe detected.

Exterior features: Edgesonthebackgroundr onary otherobjectthanthetametobject. As
the backgrounds consideredinknavn only the mostgeneralassumptionganbe made
aboutthe backgroundeatures.

Interior features: Edgesin theinterior of the tamget objectcanbe causeckitherby markings
on the objector by the lighting (edgesof shadavs and highlights). If the markingscan
be consideredtaticthey couldbeincorporatednto themodelandusedto distinguishthe
objectfrom the background Examplesof suchmarkingsare: Eyesin faceswindows on
carsandprintedlabelson variousobjects.If the objectis known to be uniformly colored
it will probablyhave no interior edges.Suchknowledgeof absencef interior edgesis
equallyvaluable.

3.3.1 SimpleLik elihood Function

Usingonly knowvledgeaboutthedistribution of edgefeaturesa simplelikelihoodfunctionequal
to theoneusedin (IsardandBlake [1996]) canbe constructedOnly the featureon the normal
nearesto the centeris usedandis assumedo be from the edgeof the object. The generatie
modelis:

1. Draw from in equation3.9. is thedistancerom the centerof the normalto the
nearesedge.
2. Draw randomlyfrom with probabilities and respectiely.

representsvhetherthe edgeof thetarget objectwasdetectedr not.

3.If =
report
If =

report where is somenumberargerthan
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Thecorrespondindjkelihoodcanbe expressedn partsas:

(3.10)
(3.11)
(3.12)
(3.13)

Combiningthe above equationgo getthe unconditionedik elihood:

(3.14)

Thesimplelikelihoodfor athe normalcannow be expresseds:

(3.15)

As is clearfrom the context whenthe generatte modelknown (in thiscase is ), it will
beomittedin therestof this project.If the measurementsn theindividual normalsareconsid-
eredstatisticallyindependentthe combinedikelihoodfor all  normalscanbe calculatedby
equation3.16:

(3.16)

Thislikelihoodfunctionwill performwell on areasonablynclutteredbackgroundut will fail
in the presenc®f heary clutter Especiallyareaswith lots of ne detailslike pagesof text will
distractatracker basednthesimplelikelihoodfunction. Whenthecontourentersanarealled
with ne detail, therewill be edgesdirectly underthe contourno matterhow it is con gured,
andit will nolongerfollow thetamyetobject.

3.3.2 Interior exterior lik elihood

In orderto solve the problemof trackingin denseclutteralik elihoodfunction,takingthediffer-

encebetweerthedistributionsof featuresnsidethe objectandonthe backgroundnto account,
mustbe used. Sucha functionsthe “interior exterior likelihood” is presentedn (MacCormick
[2002]). Thisfunctionis notdesignedspeci cally for measuremerinesattachegsnormalsto

thecontour andit thereforemeasureshe distanceo edgefeaturedrom theendof theline and
not from the center In thefollowing a versionadaptedor measuremeriines attachedascen-
terednormalswill beusedto describehow differencedetweertheinteriorandthe background
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canbeincorporatednto a likelihoodfunction. This likelihoodfunctionis equalto the onepre-
sentedn (MacCormickandBlake [1998]), but thederivationhasbeenchangedn severalplaces
to becomanoreeasyto follow.

Both exterior and interior featuresare assumedo be generatedy a Poissonprocessesvith
densityparameters and respectiely. As no a priori knowledgeexist aboutlocal properties
of thebackground is considereatonstanbvertheentireimage. mayvary betweemormals
to modelthe presenceof known interior features. The densityfor the individual normals
canbe learnedfrom training data. The probability of nding featureson a pieceof
measuremeriine of length  placedonthe backgrounds:

- (3.17)

Similarly theprobabilityof detecting featuresonthe pieceof ameasuremeriine of length
lying entirelyinsidethe objectatthe positionof normalnumber is:

S (3.18)

Thepositionsof the exteriorfeatures or interiorfeatures are
considerediniformly distributed. Thatis onanintenval of length  the probability of adetected
featureto belocatedat the position is:

— (3.19)

The probabilitiesof the or  featuresbeing located at the positions or
are:

— (3.20)

— (3.22)

Now thatthe distributions of interior andexterior featureshave beendescribedthe generatie
modelfor edgefeaturesin the “interior exterior likelihood function” for normalnumber can
be establishedThe normalsareall of length , centeredn the contourandorientedfrom the
insideto the outsideof the object.

1. Draw fromthetruncatedGaussian in equation3.9. isthepositionof theedgeof
thetamgetobjectalongthe normal.

2. Draw randomlyfrom with probabilities and respectiely.
representsvhetherthe edgeof thetamgetobjectwasdetectedr not.

3. Draw the numberof interior features randomlyfrom , anddraw their po-
sitions from
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4. Draw the numberof exterior features randomlyfrom , anddraw their posi-
tions from
5.1f is
Set . isthetotalnumberof featuredoundalongthenormal.Rearrange
as suchthat
If is
Set . isthetotal numberof featurefound alongthe normal. Rearrange
as suchthat
6. Report

Basedon the generatie modelthelikelihoodfunctioncannow beconstructedThe probability
of thegeneratie modelproducingheset giventheedge
of the objectwasdetecteds:

(3.22)

It is not reportedwhich oneof the  featuress the oneresultingfrom the edge. Neither

or arethereforeknowvn. Any oneof the featurescould be the onefrom the edge. The
likelihoodof the set,giventhatthe featureis known to befrom theedge canbe calculated
as:

(3.23)

Summingoverthe possibleedgefeaturesgivesthelik elihoodassumingio knowvledgeof

(3.24)

is the probability of the featurebeing the one from the edgeof the object. This
probability canbe calculatedbasedon the distanceto the centerof the normalof theindividual
features:

— — (3.25)

If theedgeis notdetected is notoneofthe reportededgefeaturesout mustlie betweertwo
of these:
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For usein thefollowing the function is de ned:

(3.26)

Thisis the probabilityof nding interiorand exteriorfeaturesf theedgeof theobjectwas
notfoundbut is knowvn to beatposition . Thehiddenvariable canberemovedby integration:

(3.27)

As in equation3.24acombinedik elihoodcanbe calculatedoy summingover all N features:

(3.28)

Parallelto equation3.14theinterior exterior lik elihoodfor the normalis theunconditioned
likelihoodproducedoy combiningequations3.24and3.28:

(3.29)

Assumingthemeasurementst eachnormalindependenthecombinedik elihoodfor theentire
contourcorrespondingo the statevector canbe calculatedasthe productof thelikelihoods
of theindividual normals:

(3.30)

Thelikelihoodexpressedy equation3.30incorporateasmuchinformationaspossibleabout
the detectededges. Even thoughit canbe simpli ed algebraically and several partsof the
equationfor example : : and , canbereplacedoy lookupsin precalculated
tables,it will remaincomputationallydemandingasthe sumshave to be calculatedteratively
over the detectecedges.Anotherdisadwantageis, thatthe dimensionalityof the measurement
vector is not x ed,andthetime requiredfor computatiorwill vary with the numberof
detectecedges.
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A likelihoodfunctionwith x eddimensionalityof measuremen@ndconstantime requiredfor
computatioraredescribedn (MacCormick[2002]). It is calledthe "order statisticlikelihood"
asonly the r st order statisticandthe numberof the detectedeaturesare used. Much infor-
mation aboutthe detectedfeaturesis ignored,andthe order statisticlik elihood doesnot take
into accounthedifferentdistributionsof interiorandexterior featureslt will thereforeperform
signi cantly worsethantheinterior exterior likelihoodin the presencef denseclutter

A newn generatie modelandlikelihoodfunction with x ed dimensionalityof measurements,
constantomputationatequirementandincorporatingknowledgeof thedifferentdistributions
of interior andexterior featureds proposedIn the following the generatie modelis described
andthe correspondindjk elihoodfunctionderived.

3.3.3 Interior Exterior Order Statistic lik elihood function

Inspiredby the orderstatisticlikelihoodin (MacCormick[2002]),the rst orderstatisticwill be
used.Howeverwheretheorderstatisticlik elihoodonly countthetotal numberof featuregound,
the likelihood proposedn this sectionwill utilize individual countsof interior and exterior
featuresThisnew likelihoodwill thereforebecalledthelnterior ExteriorOrderStatistic(IEOS)
likelihood.

In orderto develop thelikelihood,the generatie modelfor the normalis formulated(see
gure 3.6). Thenormalsareof length , with zeroin the centerandorientedfrom theinsideto
the outsideof the object.

Interior Exterior

Figure 3.6: lllustration of the different types of features.

1. Draw from thetruncatedGaussian in equation3.9. isthepositionof thefeature
from the edgeof thethetametobject.

2. Draw randomlyfrom with probabilities and respectiely.
representvhetherthe edgeof the objectweredetectedr not.

3. Draw the numberof interior features randomlyfrom , anddraw their po-
sitions from
4. Draw the numberof exterior features randomlyfrom , anddraw their posi-

tions from
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5.1f is
(a) Set to thepositionof themostcentralfeaturein theset
If is

(a) Set tothepositionof themostcentralfeaturein theset
(b) If
Setm=m-1
Otherwise:
Setn=n-1

6. Report

As with the simpleandexterior interior likelihoodsthe derivation of thelikelihoodfunctionis
dividedinto thetwo case®f the objectedgebeingdetectedr not.

Edgenot found ( )
As is thedistancdo thecenterof themostcentralof the featuredound,all other
featuresmusthave a distancegreaterthanor equalto . The probability densityfunction

(pdf) for the positionof the mostcentralfeaturecannot be founddirectly. It will beestablished
by determiningthe correspondingumulatie densityfunction (cdf) andthendifferentiating.

The probability of the distancerom the centerto a singlefeaturebeinggreaterthanor equalto
is:

(3.31)

As the positionsof thefeaturesareassumedndependentthe combinedprobability that fea-
turesall lie atdistancedrom the centergreatetthanor equalto , canbecalculatedasa product
of the individual probabilities:

(3.32)
The cdf for the positionof the mostcentralof featuredrom a uniform distribution can
befoundfrom 3.32:

(3.33)

Differentiating3.33with regardto :

— (3.34)
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As will alwaysbein theintenal , theresultingpdfis:

_ (3.35)

The probability of getting interior and exterior featuresjf the normalis centerecon the
borderof the object,canbecalculateds:

(3.36)

The distancefrom the centerof the normal of the mostcentralfeature is not used,asthis
featureis known to be eitheraninterior or exterior featureandnot from the edgeof the object.
Howeverit is notaccountedor in  or , andit will have to beaddedto theright cateyory. If

the featureat lies on theinterior partof the normal,it shouldcountasaninterior feature
or asan exterior featureif it lies on the outsidepart. Thatis if thenset
otherwiseset . Addingthisto equation3.36:

(3.37)

Equations3.35and3.37 canbe combinedto form thelikelihoodthatthe 'th normal,centered

ontheborderof theobject,will produce featuresvherethemostcentralis at position
(3.38)

Edgefound ( )

Evenif the borderof the objectis known to have beendetectedthe featureat position is

not necessarilffrom the border Similar to the casewherethe borderwasnot detectedthe cdf
for the positionof themostcentralof  uniformly distributedfeatureds expressedy equation
3.33.

The pdf of the position of the featurefrom the borderis equation3.9 repeatecherefor
corvenience:

(3.39)

The probabilitythatthe featureresultingfrom the borderwill be atanabsolutepositiongreater
thanor equalto canbefoundfrom 3.39by integration:
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(3.40)
Combiningequation3.40with 3.32yields:
(3.412)
Where is thetotal numberof interior andexterior featuredound. From 3.4 1the cdf
canbefound:
(3.42)
Equation3.42is differentiatedwith regardto :
_ (3.43)
is alwaysin theintenal . Substituting and resultin the
pdf:
(3.44)
It is notknown if thefeatureat is from theedgeof the object. The probability of getting

interiorand exterior featureson theinterior andexterior partsof the normalrespectiely
canconsequentlpnly beapproximateds:

(3.45)

Theprobabilityof nding interiorand exterior featuresvith a minimumdistanceof
to thecenteratthe normalis then:

(3.46)
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Theinterior exterior orderstatisticlik elihoodfor the normalis producedy combining3.38
and3.46:

(3.47)

Assumingindependencef the normals,the likelihood of the entire contourcorrespondingo
thestatevector is:

(3.48)

Equation3.48is too long to be statedin its entiretyin the above, and consequentlyseemso
be a very costly expressionto evaluate. Uponinspectionhowever it is apparentthatit canbe
reducedo asmallnumberof lookupsin precalculatedablesof for example , :
: and . Asboth and areintegerslimited to thelengthof thenormals

, thesetableswill only requirea smallamountof memory

Reducedo a small and constaninumberof table lookups,additionsand multiplications,the
IEOS likelihood function will only requirea limited and constantamountof computational
power. However comparedo the simplelikelihoodit is capableof trackingthe tamget object
evenin the presencef denseclutter

3.3.4 Adding color to the contour lik elihoods

All the describedcontourlikelihoodsare basedonly on informationaboutedgesn theimage.
Consequentlyven the IEOS likelihood fails undercertaincircumstances.To copewith the
situationswhereedgeinformationaloneis notsufcient for reliabletracking,thefollowing will
proposea color extensionto the contourlik elihoods.

Coloris avery strongcluefor tracking,but the perceved color of anobjectis stronglydepen-
denton several factors: Lighting conditions,camerawhite balanceand exposureand surface
propertieqre ections). Consequentlgolorastheonly cluein trackingrequiresrobustadaptive
color modelscapableof handlingchangesn theseconditions.

If astaticcolor model,thatdo not adaptto changesn lighting, is used,only the mostgeneral
assumptionsboutthe color of thetargetobjectcanbe made.

In thecontext of this projectthecolorinformationis only usedasasecondarglueto thecontour
basedracler, andto aid in theinitialization.

As an extensionof the contourlikelihoodsfrom the previous sections the following will de-
scribea generatie modelandlikelihoodfunctionfor the color obserationsof the tracked ob-
ject. This extensionis basedn parton (MacCormick[2002]) but modi ed to work onthe HSV
color spaceo becomemorerobustto lighting andshadaevs.
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In HSV color spacechromaticinformationare separatedrom shadingeffects (Gonzalezand
Woods[2002]). HueandSaturatiorexpresshecolorandpurity of colorrespectiely, andValue
expressthelight or darknessThe mainadwantageof HSV over RGB is thathueandsaturation
remainconstanbetweershadedandnonshadedireasandunderchangindighting intensities.

Thetamget objectis assumedo be of uniform color. The probability thata HSV pixel
of color is of tamget color is assumedo dependonly on the hueand
saturation Additionally the probabilityis assumedo be normallydistributed:

- (3.49)

Where ~ and arethe meanand covarianceof hue and saturationof the tamget object.
Thesecanbe learnedfrom handsegmentedramesor by trackingthe objectunderconditions
whereacontourlikelihoodis sufcient.  is anormalizationconstanselectedso integratesto

overtheHS plane.lt is importantthatthelearningsetcontainsexamplesof thetamgetcolorin
asvariedlighting conditionsascanbe expectedduringoperation.

As no a priori knowledgeexists aboutthe backgroundthe color of backgroundpixels areas-
sumedo beuniformly distributedonthe HS plane:

(3.50)

Thereis asmallprobability of aninteriorpixel notbeingof theuniformobjectcolor. Thismay
be dueto partialocclusion,camereor framegrabbemoiseor small partsof the objecthaving a
colorvery differentfrom themean.Thelastcasecanfor examplebetheeyesandmouthin face
tracking.

Basedontheassumptionglescribedbore, thegeneratre modelandlik elihoodfunctionfor the
color of interior pixels canbe stated:

1. isdravnrandomlyfrom with probabilities and respectiely.
2.1f is

Draw hue andsaturation from in equation3.49.

If is

Draw hue andsaturation from in equation3.50.
3. Report

Thelikelihoodfunctionfor the color of onepixel producedy this generatie modelis:

(3.51)
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If the pixels at the interior end of eachof the  normalsof the contourare usedfor color

likelihood evaluation. Their valuescan be consideredindependentas the normalsare al-

ready assumedindependent(see equation3.16). The combinedlikelihood of the colors
of thesetof  pixelscorrespondingo thestatevector isthen:

(3.52)

Thecolorlikelihoodcanbecombinedwith ary of thecontourik elihoods for examplethelEOS
likelihood:
(3.53)

In practicethe chromaticinformationin a HSV pixel is only reliableif the saturatiorandvalue
arenottoo small (Perezet al. [2002]). To handlethis, only pixels with and
areusedfor calculatingthecolor likelihood,pixelsthatdo not passthetestareconsideredo be
from thebackground.

3.3.5 Contour lik elihoodratio

Thegeneratie modelsdescribedn the previoussectionform thebasisfor thecontoudik elihood
functions. They canalsobe usedto derive backgroundikelihoodfunctions,thatis functions
expressinghe likelihoodthat a given setof featureswas producedby the background.Based
onthe generatre modelfor the IEOS ik elihoodthe backgroundik elihoodfor a singlenormal
will be:

(3.54)

Thecorrespondindjkelihoodfor all  normalson the entirecontouris:

(3.55)

To determinewvhethera givencontourmostlikely matchegshetargetobjector areplacedonthe
backgroundthe ContourLikelihoodRatio (CLR) is introduced:

S (3.56)

If the CLR is greatetthanone,the contouris mostlikely placedon thetametobject,if it is less
thanoneit is mostlikely placedon thebackground.
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Fromthe previoussectionthebackgroundik elihoodfor the color modelis:

(3.57)

Consequentlyhe color likelihoodratio is equalto thecolor likelihood:

(3.58)

Combiningthis with the IEOS CLR of equation3.56 producesa very rohust likelihoodratio
function,thatwill beusedfor thetrackingin this project:

(3.59)

3.4 Statespace

As introducedn section3.1.1thestatespacds the setof all possiblecon gurationsof thestate
vector Thedimensionalityof this spacewill atleastcontainthe spatialpositionof thetracked
object, but canalsoinclude orientationand internal con guration. In the contet of contour
basedrackingseveralparametersvill have to be consideredvhenselectinghe statespace:

1. 2D positionof the objectin thevideoframe.
2. 3D orientationof the object.

3. Changein sizeof the objectdueto changdan distanceo thecamera.

N

. Perspectie distortionof the contour

)

. Internalstateof the objectaffectingthe shapeof the contouron theimageplane.

6. Variationsamongdifferentobjectsof thetamettype.

Any statespacewill containthex andy positionsof the object. To be usable without putting
unreasonableonstraintson the allowed motion of the object, rotation and scalingmustalso
be representedlf rotationis limited to the imageplane,this canbe accomplishedisingthe
spaceof Euclideansimilarities. 3D rotationand perspectie effectscannot be accommodated
by Euclideansimilarities, tracking usingthis statespaceis thereforelikely to fail, unlessthe
objectis keptat constanfingleto the cameraatall times.

Perspectie distortioncould be handledby incorporatingperspectie projectioninto the state
spacehowever thisis annon-lineartransformation.This is undesirableasthe shapespaces a
vectorspaceandthusrequiredinearity.
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Weakperspectie distortion,aswhenthe sizeof the objectis muchsmallerthanthe distanceo
the cameracanbe approximatedy planaraf ne transformationThisis the setof all possible
lineartransformationgsppliedto the pointsof r thecure:

r d r d (3.60)

Beinglinear, computationallysimpleandableto handletranslationyotationandminor perspec-
tive effectsAf ne StateSpaces selectedor thetrackingin this project.

Equation3.60containssix independentariables giving there-
sulting statespacesix degreesof freedom. and is directly the coordinate®f thetracked
objectin theimageplane,andthe boundariesanbe setto the width andheightof the video
frames.Furthermorea motionmodelis easyto establishas correspondo basicmechan-
ical propertiesof theobject. Theentriesin  however have no suchintuitive interpretatiorand
motionmodelscanthereforenot easilybe established.

To aid in the selectionof motion modelsin the af ne statespacetheentriesin  arereplaced
with four nev moreintuitive parametersPlanarrotation, horizontaland vertical scalingand
shear Eachof thesebasictransformationsanbe performedasan af ne transformationsee
equation3.61and gure 3.7),andasafne transformatioris linear, applyingeachin turn will
producethe effect of the combinedransformation.

r d r (3.61)

Thetransformatiormatrix correspondingo performingscaling,shearandthenrotation
canbecalculatedoy multiplying the matricesfor theindividual operations:

(3.62)

The completeafne transformatiorwith the six degreesof freedom: Translation and
planarrotation , scaling , andshear canbewrittenas:

r r (3.63)
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Figure 3.7: Afne transformations on a B-spline. Original contour (a). Uniform scaling (b).
Scale on x-axis (c). Scale on y-axis (d). Rotation (e). Shear (f).

3.5 Motion model

The motion modeldescribeghe evolution of the stateover time, it mustbe ableto predictthe
change®f thestatefrom frameto frame.If thedimension®f the statespaceareassumedo be
independenthe motion modelcanbe separateihto oneindividual modelfor eachdimension.
The modelsfor the individual dimensionscan be more or lesselaborateddependingon the
natureof the motionandknowledgeabouttheinvolved dynamics.

Discretetime motion modelsare cateyorizedby how mary previous stateshey includein the
prediction.In thefollowing descriptiorposition,velocity andacceleratiorattime aredenoted
by , and respectiely.

Oth order motion: Only informationfrom the mostrecentframeis used. This is a constant
positionassumption.

(3.64)
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1storder motion: Oneprevioustime stepis usedin additionto the mostrecent. Herebythe
rateof changeor velocity canbe calculatecandusedfor prediction. This modelassumes
constantelocity.

(3.65)

2nd order motion: Two previoustime stepsareused. Both velocity andacceleratiorare cal-
culatedandusedin the prediction.Constanticceleratioris assumed.

- (3.66)

More elaboratemotion modelscanbe constructedrom training setsof video data(lsardand
Blake [1998a]). This requiresdatawherethe movementof the objectis known or easilyobtain-
ableeitherby manualabeling,robustoff line processingr by usingalearningsetwith asimple
background.Dynamicmodelslearnedfrom datado not necessarilyhave the constraintof in-
dependencef dimensionsandcanprovide signi cant improvementscomparedo nonlearned
models.

The bene t of moreprecisemotion modelsis, thatthe setof particlesafter predictionwill be
morecloselycenteredaroundthe positionof the objectin the new frame. Consequentlyewer
particleswill berequiredto ensurghe samequality of tracking.

However in 2.4 it was decidednot to use detailedmotion modelsin this projectdue to the
unpredictabilityintroducedoy headmovement.

No matterhow elaborateand well trainedthe motion modelis, it will never provide 100%
precisepredictions.To be ableto compensatéor this anestimateof the presicionof the model
is neededThenthesizeof thesearchareaaroundthepredictedpositioncanbedeterminedvith
con dence.Themodelof predictionerrorsis calledthe measuremermioise.

3.5.1 Randomwalk
Oth order motion with Gaussiarmeasurememntoisecanbe modeledby a “ rst order Markov

chain”model. Thatis eventhoughthenext statemaydependn all the previous statespnly the
immediatelyprecedingstateis usedfor prediction:

(3.67)

In the simplestform the onedimensionaktate  evolvesovertime only by additve Gaussian
noise:

(3.68)
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The probability distribution of the statein the next frameis only dependenbn the distanceto
the statein the previousframe. It is a Gaussiarcenteredn the laststate.

Predictionbasedn this modelcanbe performedsimply by addingGaussiamoiseto the previ-
ousstate.ln onedimensiorthis canbe modeledby the process:

(3.69)

is aonedimensionapositionattime , isarandomvariablewith distribution and

is themeanstepsize.Onshorttimescalgheprocessn 3.69modelsmallrandomstepsaround

the statingposition,but on alongerscaleit tendsto drift off unboundedsee gure 3.8). Marny

of thedimensionsn the statevectorareboundedoy mechanicatonstraintsandequation3.69
is consequentlyotanappropriatanodel.

3.5.2 First order auto-regressve process

A way of creatinga constrainedandomwalk is by anauto-rgressie (AR) processOth order
motionin onedimensioncanbe modeledby the rst orderAR process:

- - (3.70)

is the positionattime , ~ is themeanor expectedpositionof the objectand  isarandom
variablewith distribution f thenequatior3.70is equalto equation3.69andthe
meansizeof therandomstepsis . If the stepswill have an elementtowardsthe mean
position— proportionalto the distanceio themean.This will preventthe positionfrom drifting
off unboundedIn the form of equation3.68the rst orderAR processs:

(3.71)

If and thenequation3.70is indistinguishabldrom equation3.69on
theshortscalebut  is boundednthelongertimescaleby the Gaussiarenselope

(see gure 3.8). Thelongtimescalegpropertiecanbe determinedy calculatingthe steadystate
distribution. Thisis doneby evaluatingthe expectatiorandvarianceof equation3.70:

- (3.72)
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From equation3.72it canbe seenthat the expectedvalueis independentf the last stepand
thereforethelong termandsteadystatemeanis:

- (3.73)
Thesameevaluationis repeatedor thevariance:
(3.74)
Thesteadystatevariance mustbea x edpointof equation3.74:
—_— (3.75)

From the calculationsabove it canbe seen,that 3.70will producerandommotion with long
termpropertiegddescribedy thenormaldistribution — —— L If is closeto 1the
averagesteplengthwill be , andon the shorttermthe motionwill beindistinguishabldrom
thatof equation3.69. If thenequation3.70is equalto equation3.69andwill produce
anunconstrainedandomwalk. In the caseof themotionis unstableasit canbe seen
from equation3.74thatthe variancewill grow fasterandfasterwith eachiteration.

3.5.3 Constantvelocity model

Thex andy positionsof the objectin theimagegenerallydo notconformwell with theconstant
position assumptiorof the rst order AR process.A constantvelocity modelis generallya
betterapproximation.The constantvelocity predictioncanbe performedby a specialcaseof
theseconcdrderautorgressie model:

(3.76)

Equation3.76 doesnot make ary assumptionsr predictionsaboutthe long term propertiesof
themotion.Only will haveto beestimatedrom trainingdata.
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Figure 3.8: One dimensional random walk. First 40 samples (a) and 1000 samples (b). Con-
strained random walk with same step size as a and b (c)(d). On the short timescale
the two processes are indistinguishable, on the longer they are clearly different.
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3.5.4 Motion prediction

To be ableto usea rst orderautorgressie modelfor prediction,the involved parameters
and will have to be estimatedrom trainingdata. canbe calculateddirectly asthe standard
deviation of the steplengthfrom onesampleto the next:

(3.77)

If thesteadystatevariance s calculatedasthevarianceof the positionsof all samplesn the
trainingdata,then canbedeterminedrom equation3.75:

Y R— (3.78)

In the caseof the constantvelocity model, canbe estimatedasthe standarddeviation of the
predictionerror:

(3.79)

3.5.5 |Initialization

Whenthetracler is started,it will have to beinitialized. The statevectorsfor theinitial setof
particleswill have to beselectedandomly This canbedoneuniformly overthe statespaceput
amuchbetterchoiceis to usean a priori distribution basedon the steadystatedistribution of
themotionmodel.

The steadystatedistribution of the rst order AR processis —— which hasexactly
the meanandvarianceof the training data. This distribution canbe useddirectly for draving
randomstatevectors. The constantvelocity modeldoesnot have a well de ned steadystate,
andtheuniformdistribution is thereforea reasonablehoice.

The CLR indicatesmostlikely correspondo the handor to backgroundtlutter Runningreini-
tialization could be performed by drawing a new statevectorfrom the a priori distribution for
ary particlewith alikelihoodlowerthansomethreshold.



CHAPTER

Design

This chapterwill explain all the speci ¢ choicesmadeto adaptthe methodsand algorithms
describedn chapter3 to handtrackingwithin the speci ¢ requirement®f this project. Addi-
tionally practicaldetailsof theimplementatiorwill be described.

4.1 Creationof the hand model

In orderto performtrackingwith thecontourmeasurememhodel,aB-splinemodelof theshape
of thehandhasto be created.

As thetracler in this projectis to determinethe angleof the thumbin additionto the position
andorientationof the hand,the handmodelmustencompasghe variationsin the shapeof the
contourof the handasthethumbanglechangesThe gesturesetin this projectcanbe modeled
with just this oneinternaldegreeof freedom. The handmodelcanthereforebe basedon only
two basissplines tted to thehandin framesshawving a pointandaclick gesturaespectrely.

To facilitatethe creationof the basissplines,a B-spline editorwascreated.In the editorvideo
framescanbeloadedfromimage les (BMP, JPGor other),andthesplinescanbedravn around
the handby placingandmanipulatingcontrol pointswith themouse(see gure 4.1(a)).

To createthe setof two basissplines,a splinewas rst tted to animageof the point gesture
andsavedto an ASCIl le. Thenanimagewith the handin the samepositionbut shawving a
click gesturavasloadedandthecontrolpointsmovedto make thesplinefollow thethumb(see
gure 4.1(b)). Thesetwo splineswerethenloadedinto the tracker and combinedusinglinear
interpolation.

4.2 Statespace

The statespaceis the spaceof planarafne transformatiorwith oneaddeddimensionfor the
positionof thethumb . Pointsin the resultingseven dimensionaktatespacearerepresented
by statevectorsof thetype:

4.3 Feature extraction

The likelihoodsof section3.3 arebasedon edgesn theimagesdetectedcalongnormalsto the
contour How thisedgedetections performedandhow thenormalsareextractedirom thevideo
frameswill bedescribedn thefollowing.
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Figure 4.1: The developed B-spline editor used to t B-splines to images of the hand.

4.3.1 Edgedetection

Edgedetectioncould be performedon the entireimagefor eachframe,but asonly edgesthat
crossnormalsto the splinesare of interest,it is much more ef cient only to performedge
detectionalongthe normals.This is accomplishedby simpleonedimensionakorvolution and
subsequenthresholding. The corvolution kernelused,as proposedn (MacCormick[2002]),
canbeseenin equationd.1. Practicalexperimentatiorshaved no signi cant performancegain
by usingakernellearnedfrom testdata.

(4.1)

Pixelsonthe normalsareclassi ed asfeatureor nonfeatureby thresholdinghe absolutevalue
of the outputof the convolution. During experimentson the learningset,the tracler displayed
greatrobustnesgo the selectionof this threshold.A goodall roundvaluehasthereforesimply
beenselectedy trial enderror Only thegreenchannein theRGB imageis usedfor thefeature
extractionasthis provedto bethe mostreliable.

4.3.2 Normal extraction

In orderto performthe onedimensionakonvolution of section4.3.1,the imageintensityhas
to be sampledat regularintervals alongthe normals.Doing this on anarbitrarily orientednor
mal will generallyproduceundesirablartifactsand possiblymultiple sampledrom the same
pixel. Thisis causedy the discretenatureof the digital images(see g 4.2). In (Isard[1998])
bilinearinterpolationis usedto solve the problem,this however quadrupleshe numberof pixel
operationgnvolved in extractionof the normals. To keepthe processingequirementsaslow
aspossibleit waschosemot to useinterpolationin this project. As the tracker seemedo be
robustto the selectionof the otherparameterén the featureextraction, this is not expectedto
causesigni cant degradationof performance.
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Extracted pixel

. Dual pixel

e I|deal sample

Figure 4.2: Extracting pixels along a normal. Ideal sample positions and actual extracted
pixels.

The extractionis performedwith a Bresenhaniine algorithmt modi ed for speed.Depending
ontheorientationof anormalof x edlength,the numberof samplesandthe distancebetween
themwill changeg( g 4.3). As theinter sampledistancewill not be constantlongthe normal,
the convolution cannot take this effect into account. However the reportedpositionsof the
detectedeaturesshouldbe compensated:

(4.2)

Here is the orientationof the normal, is the sampleon the normal correspondingo the
featureand is thecompensategositionof thefeature(see gure 4.4).

............................................

...........................................

Figure 4.3: Normal extracted with the Bresenham algorithm showing non constant distance
between samples.

10Oneof theoldestalgorithmsin computergraphics Developedby JackE. Bresenhanin 1962,andpublishedn
IBM Systemslournalyol. 4, no. 1, pp. 25+30,Jan.1965.
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Reported distance

Figure 4.4: Difference between actual and reported distance to a feature.

4.4 Stateselection

Whenthe posteriordistribution is known, representely a weightedparticleset,somefunction
of the particlesetcanbe usedto estimatehe positionandstateof the hand.

The simplestmethodis to selectthe stateof the particle with the highestlikelihood score.

This producesa very unstableand noisy output,asonly informationfrom a single particleis

used.A muchmorestableestimatecanbe obtainedby calculatingthe average of the states
of all particlesweightedwith their correspondindjkelihoods

(4.3)

Themainconcermaboutthis functionis thatin situationsof multiple hypotheseg will produce
anoutputlying betweerthe mainhypothesef the statespace(see gure ?7?).

In empiricalexperimentghis hasproved notto be a problem.Whenmultiple hypothesesrise,
the lessprobablehypothesewvill quickly die out again,andwhile in existencethey will not
have enoughweightto in uence theaveragestatenoticeably The only scenariovheremultiple

hypothesesanexist for a signi cant amountof time is if two equallyprobableobjectsexistin

theimage. In this casea tracker designedo track only oneobjectwill not have awell de ned

behaior anyway.

As weightedaveragehasprovedto performwell for thetrackingin this project,moreadwanced
methodf stateselectiorhasnot beeninvestigatedurthet

Whenthe numberof particlesis increasedthe two methodscorverge towardsthe maximum
likelihoodestimatg MLE) andthe maximummeansquarecerror (MMSE) respectiely (Mac-
Cormick[2002]).

4.5 Simple Tracker

Both the motionmodelandthelikelihoodfunctionincludea numberof constantgshatmustbe
determinedrom training data. To extractthesedata,a simpletracker washbuild basedon the
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simplelikelihood from section3.3.1and a handtunedmotion model. This tracker was used
for off line processingf video sequencerecordedon a uniform background.The video clips
wererecordedwith the sameHMD andcamerasetupasthe nal tests(seesection5.1). The
trainingsequencefistedin table4.1) wererecordedshaving arepresentate rangeof motion,
andlighting conditions:

. Planar 3D Thumb Head L

Sequence|| Translation . . lllumination
Rotation Rotation Movement Movement
inwall01 Slow No No No No Indoor
inwall02 Fast Slow Slow Dragdrop No Indoor
outwallO1 Moderate No No No No Outdoor
outwall02 Fast Fast Moderate No No Outdoor
outwall03 Fast Slow Slow No Fast Outdoor
outwall04 || Moderate Slow Slow Click and Moderate Outdoor
Dragdrop

outwallo5 Slow Slow Slow Clicking Slow Outdoor

Table 4.1: Training sequences used to determine motion model and likelihood parameters.

Trackingwasperformedwith 2000particles asthis providedreliableresults.Thelengthof the
normalswere setto . For eachframethe following datawasrecordedfor the
splinecorrespondingo the weightedaverageof the stateof all  particles(equatiord.3):

1. Thestateof thehand
2. Thenumberof detectednterior andexterior featureson eachnormal.
3. Thepositionof themaostcentralfeatureon all normals.

4. TheHSYV color of theinnermosfpixel on eachnormal.

4.6 Motion model

In accordancevith section3.5 the individual dimensiondn the statespaceare consideredn-
dependentandmodeledby rst orderAR processesTheonly exceptionis and translation
thataremodeledasby secondorderAR processesvith constantelocity. Consequentlyhere
are12 motionconstantgo be determinedrom the learningset. In additionthe meanandstan-
darddeviation for eachdimensionare calculatedto determinethe a priori distribution usedin
initialization.

Theseare calculatedby addingthe motion datafrom the individual training sequencesndto
end,andusingtheequations$.77,3.78and3.79. Theobtainedesultsandthemeanandstandard
deviationfor eachdimensiorarepresentedn table4.2.

The motion model and initialization methodin 3.5 assumethe position and stepsize along
eachdimensionof the statespaceto be normally distributed, except positionson the and
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axesthatareassumediniform. To qualify this assumptionhistogramsof the positionsfor
all dimensionsare shawvn in enclosurel togetherwith the distributions correspondingo the
extractedparameters.

The histogramf the positionsfor thefour af ne parametershaw distributionsthatmight not
bestrictly Gaussiarbut verify thatamodelassumingiormaldistribution is areasonablehoice.
Forthe and positionsthe uniform distribution of the constantvelocity modelseemgo bea
betterchoice.

Thepositionsalongthethumbaxisis clearlynotnormallydistributed. The histogramshavs two
distinct peaksat positionscorrespondingo the point andclick gesturesTrackingusingthe ,

and calculatedorm thetrainingset(table4.2) will notbeableto follow thefastmovement
of thethumbin thetransactiondetweerthe gesturesA methodfor handlingthis is presented
in thefollowing section.

Dimension H ‘ ‘ ‘
Rotation -0.029| 0.97| 0.035| 0.14
X Scaling 0.88 | 0.92| 0.029]| 0.075
Y Scaling 0.92 [ 0.96| 0.025| 0.91
Shear 0.071 | 0.94| 0.029| 0.085
X Translation 321 - 20 116
Y Translation 334 - 12 60
Thumb 0.89 | 0.98| 0.060| 0.32

Table 4.2: Motion parameters extracted from training data.

4.6.1 Handling fastthumb motion

Thedistribution for the positionof thethumbshavn in gure 4.5(a)hastwo peakscorrespond-
ing to the two statesmodesof the handin the point andclick gestures.Thesestateswill be

referredto asthe modesof the hand. The transitionsbetweenthe modesare generallyso fast,

thatthey cannotbefollowedby a rst orderAR modelusingthe stepsizemean learnedrom

the data. A histogramof the stepsizefor the thumbangleis shavn in gure 4.5(b). As is

calculatedasthe standarddeviation of the stepsizesthe few large stepsrecordedduring the

transitionswill not have signi cant in uence, and will essentiallyonly encompasshe small

stepswithin the steadystates.

Thesimplestway of addressinghis problemis to increase to the pointwherethefastmotion
betweerthemodesarecaptured As is anexpressiorof theuncertaintyin theconstanposition
assumptionthiswill adwerselyaffecttheoverallquality of theprediction,andcauseasigni cant
increasan therequirednumberof particles(see gure 4.6).

A betterapproachs to modelthe two modesof the hand,and extendthe statevectorwith a
variableindicatingthe currentmodeor gesturglsardandBlake [1998b]):

(4.4)
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Figure 4.5: Histograms of the position (a) and the step size (b) along the thumb angle dimen-
sion

@ (b)

Figure 4.6: lllustration of the process noise needed to handle thumb motion with the two differ-
ent motion models. Splines with enough noise added in the thumb angle dimen-
sion, to handle fast clicks as a random walk (a). Noise necessary for the model
with two discrete states.
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is the extendedstatecreatedoy combiningthe statevector with
avariable denotingin which thetwo discretemodesthe handis. The dynamicmodelfor the
thumbangleis modi ed to includethe modes:

(4.5)

is theprobabilityfor agivenstate giventhestatevectorfrom thelastframe
This probabilityrepresentheknowledgeof whenthehandchangedérom onemodeto the other
If it is assumedhatthereis a x edprobability of a modechange , a simplemodelusablefor
predictioncanbemade.

Two independenAR processesgre createdfor the point and click modes,the parametergor
theseareshawvn in table4.3andthecorresponding priori distributionsareshavn in gure 4.7.
Predictionof thethumbanglefor a particleis performedas:

1. Draw from with probabilities and . denotesf amodechange
hashappenedr not.
2. If =

Setthe modeof the particle to the new mode. Draw the thumbposition from the
initialization distribution of thenew mode.

If =

Updatethethumbpositionto  with the AR processf the currentmode:

This modelwill accuratelyfollow the movementof the thumbthroughfastclicks with only a
smallincreasein the requiredamountof particles. A goodvalue of the probability of mode
changehasbeenfoundby trial anderrorto be

Dimension H ‘ ‘ ‘ ‘
Thumbpoint 111.02|0.91| 0.057| 0.14
Thumbclick 210.20| 0.83] 0.064| 0.11

Table 4.3: Motion parameters for the two AR processes in the extended thumb model.

4.7 Lik elihoodfunction

For the Interior Exterior Order Statistic (IEOS) likelihood developedin this project, several
parametertadto bedeterminedrom thetestdata. The parameterarethe:
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Figure 4.7:

1. Distributionsof thenumberof interiorandexterior features and in section
3.3.3.As handsareuniformly colored,it wasdecidedo usethe samedistribution for all
the normals. This is modeledasthe Poissonprocessn equation3.18 but with constant
densityparameter :

— (4.6)

is calculatedasthe meanof the collectednumbersof interior featuresdivided by the
lengthsof the normalsin pixels (Jgrsbod1995]). A histogramof the numberof interior
edgesandthe Poissordistribution with the calculated canbeseenn gure 4.8.
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Figure 4.8:

As thebackgrounds consideredinknavn, the exterior distribution is notmodeledasthe
Poissondistribution in equation3.17, but asa uniform distribution over the numberof
pixelsonthenormals :

4.7)

2. Thevarianceof the positionof featurefrom theedge, in equation3.9. Calculatecas
the varianceof the positionon the mostcentralfeatureon all the normalsin all frames
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of thetrainingset. Theresultingvarianceis . Thecorrespondinglistribution is
shawvn togethewith a histogramof the collecteddistancesn gure 4.9.
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Figure 4.9:

3. Themeanandcovariancematrix for the hue and saturatiorof skin color. ~ and
from equation3.49. Thesewere calculatedbasedon the collectedinterior pixel colors.

Only pixelswith saturation andvalue wasused(seesection3.3.4). The
calculatedneanandcovarianceof the collectedcolorswere:
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TestMethods

In this chapterthe testsdesignedo evaluatethe developedtrackingsystemaredescribed.The
testscontaintwo majorparts: Testingthe performancef thetrackingalgorithmsundervarying
conditiong(sectiorb.2),andevaluatingtheusabilityof thetracker for interfacepurposegsection
5.3). Beforethe descriptionsof the test procedureshe hardware and software usedwill be
presented.

5.1 Testsetup

To testthe developedtracking algorithmsa mock up of a wearablecomputerwas required.
This sectionwill describehe constructedystemandinvolved hardware. Two optionsexist for
combiningtheview of therealworld with the computergenerateaverlay:

1. Optical seethrough: A transparenHMD is used,andvirtual elementsareoverlaid di-
rectly ontherealworld. For thisto work satisfyingly in applicationsvith computewision
basednterfaces,the eld of view of the HMD andcamerahasto be preciselyaligned.
Consequentlynary opticalseethroughsystemsemplg/ semi-transparemhirrorsor sim-
ilar solutions.

2. Videoseethrough: Theview of therealworld is capturedy aheadmountedcameraand
displayedon anopaqueHMD. Computergraphicscanbe mixed with the video beforeit
is displayed,andthus alignmentin vision basedinterfacesis not a problem. The main
disadantageof video seethroughsystemss, thattheview of therealworld is limited by
the eld of view of theHMD andtheresolutionof thecamera.

For thetestingof thedevelopedgesturdnterface alignmentof therealworld andvirtual overlay
is essential With the available hardwarethis makesvideo seethroughthe only option. As the
testsystemwill be for evaluationpurpose®nly, theresolutionand eld of view limitations of
videoseethroughwill notbeaproblem.

A Videoseethroughwearablecomputemwasconstructeaf thehardwarelistedbelov. No effort
wasmadeto malke the systemmobile beyondthereachof theHMD andcameracables.

HMD: Sory GlasstrorPLM-S700E TheHMD displayshesame imageto botheyes
producingthe effect of a 30-inchscreernviewed at a distanceof 1.2 meters.The display
canbe switchedfrom transparento opaque andasthetestswereto be performedusing
videoseethrough,the opaquesettingwasused.
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Camera: Philips ToUcamPro USB web cammountedon the HMD. This cameracancapture
videoin progressie at 30 framespersecond.The progressie scanis a great
bene tin contourtracking. Dueto interlacingartifactstrackingwould otherwisehave to
beperformedonone eld atatime effectively halvingtheresolution.

Initially an ELMO QP49H7mm pencil sizedcamerawastested but its low sensitvity
(201ux) causedxcessie imagenoisein normalindoorillumination. TheELMO camera
did not have the adwvantageof progressie scaneither

Computer: AMD Athlon2100+with 512MB DDR RAM desktopcomputerunningWindows
2000M,

5.1.1 Software implementation

All softwarewasimplementedn C++ andcompiledfor Windows usingMicrosoft Visual C++
6.0. Direct Shav wasusedto enableprocessingf bothlive video,video les andstill images.
Low level imagehandlingwasdonewith OpenC\2.

5.2 Quantitati ve evaluation of tracker performance

5.2.1 Recording of testsequences

For thesetestsvideo sequencewererecordedwith headmountedcameraundervarying con-
ditions. During the recordingthe view from the camerawasshavedfull screenon the HMD.
A total of ve video sequencesvere madeproviding have a good coverageof the following
operatingconditions(table5.1):

1. Differentbackground$rom uniformto extremelycluttered.
2. Lighting conditions:Indoors,outdoors shadavs andmixedillumination.
3. Fast- slow andsmooth- erratichandmovements.

4. Fastandslow headmovement.

5.2.2 Testingrobustness

A list of the sequenceandtheir contentcanbe seenin table5.1. On eachof therecordedest
sequencethefollowing measurementsereto be performed:

1. Manual inspectionto determineif the tracker was able to track the handthroughthe
sequenceRointsof failurewerenotedto be usedasexamples.

2. ContourLikelihoodRatio (CLR) wasrecordedor the splinecorrespondingo the deter
minedstateof the hand.This is a measureaf the con denceof thetracler.

3. Numberof particlesnecessaryor reliabletracking.

*Opensourcecomputewisionlibrary madeby Intel http://www.intel.com/research/mrliresearch

/open cv/
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Sequence|| Translation Planar 3D Thumb Head lllumination Background
q Rotation Rotation Movement Movement g
inwall03 Fast Slow Slow Click and No Indoor Uniform
Dragdrop wallpaper
if
outwallo6 Fast Fast Very Fast Dragdrop Fast Outdoor Ur\:\lI:”rm
table01 Moderate Moderate No Click Slow Indoor V\i(;(;?:n
. Very
table04 Fast Moderate Slowv Click Fast Indoor
cluttered
table06 Fast Moderate Fast Click Fast Othoor very
from window cluttered

Table 5.1: Test sequences used to evaluate the performance of the tracker.

5.2.3 Testsof spatial precision

In orderto measurehe spatialprecision,the outputof the tracker wascomparedo manually
extractedgroundtruth dataonthe positionof thetip of theindex nger. Thistestwasperformed
on two sequencesf a stationaryhandon uniform and clutteredbackgroundrespectiely. In
eachsequencehe handshaved both point andclick gesturesanddatafor thesewereobtained
separatelyThedistancebetweentracker outputandactual ngertip positionwasrecordedand
meanandstandardieviation of theerrorcalculated.

5.2.4 Reinitialization

A testwas performedof the capability of the systemto quickly reinitialize itself, whenthe
handleavesandreentergheframe.Two videosequencewererecordedvith multiple exits and
reentrief the hand,oneon uniformandoneon clutteredbackgroundFor eachframethe CLR

wasrecordedfor the IEOS likelihood both with andwithout color information. The number
of frames,the tracker neededo reinitialize eachafter reentryof the hand,wasdeterminecby

manualinspection.

5.2.5 Computational performance

Measurementsf the computationatequirement®f the algorithmswereperformedby record-
ing theframerateobtainedasa function of the numberof particlesused.

5.3 Qualitative test

As atestof theapplicabilityof thetrackingsystemasaninterfacefor wearablecomputersatest
applicationwasimplementedThis applicationis awearableversionof the gameof Tic-tac-toe.
Thegameis playedby pointingandclicking with the nger to selectandmove the pieces.

Thedatagatheredorm this experimentwill be purely qualitatve obserationson the usability
undervaryingoperationakonditions.
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Experimental results

In this chaptertheresultsof thetestsof chapters arepresented.

6.1 Quantitati ve evaluation of tracker performance

6.1.1 Testingrobustness

The resultsfrom the tracking performedon the sequencen the testsetare shavn in table
6.1. The numberof requiredparticleslistedin the tableis the numberrequiredto geta robust
resultfor both position, orientationandthumbangle. In all the sequencesxcepttable01

the positionof the handcould be tracked reliably with abouthalf the numberof particles.This
howeverresultedn lossof precisionon orientationandthumbangle. Typical Framedrom each
testsequenceareshavnin gure ??2.

Sequence lllumination Background Reqylred Notes
particles
inwall03 Indoor Uniform 100 All clicks aredetectedeliably
wallpaper
outwallos Outdoor Uniform 200 Erron_eouscllcks prodyced
wall duringfast3D rotation
Wooden Color of thewoodis almostidenticalto skin
table01 Indoor table 600 color. Grainin thewooddetectedasedges
Shadev of thehandconfuseghetracler.
Ver Motion blur onthe handdueto low light.
table04 Indoor y 500 Anotherpersondandspresenin theimage
cluttered . . .
Handlost dueto motion blur but quickly regained
table06 Outqloor Very 300 So_memotlon blur onthehand
from window cluttered Erroneouglick causedy fastmotionandclutter

Table 6.1: Results from tracking performed on the test sequences.

Plots of the ContourLikelihood Ratio (CLR) for the spline correspondindo the determined
stateof the tracked handareshavn in gure ??. The CLR is shavn for the IEOS with and
without colorinformation.

6.1.2 Testsof spatial precision

Trackingdatafrom sequencewith a stationaryhandwere comparedvith groundtruth datato
determinghe spatialprecisionof thetracker. Theresultsareshavn in table6.2. Thesequences
contained30 frameseach examplesof thesecanbeseenn gure ?72.
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200particles 600 particles
Gesture| Background| Meanerror Stgnd@rd Meanerror Stgnqard
deviation deviation
Point Uniform 6.5 3.9 6.1 3.1
Point Cluttered 12.1 3.8 13.6 3.0
Click Uniform 5.8 3.6 4.6 3.0
Click Cluttered 5.3 2.8 6.4 2.6

Table 6.2: Results from tracking performed on the test sequences.

6.1.3 Reinitialization

The plotsof CLR for theinitialization testsequenceareshavn in gure 6.1, andthe average
time usedto lock onto thehandarelistedin table6.3. Theinitialization time is measuredrom

the rst frameshaving boththethumbandindex nger, to whenbothposition,orientationand
thumbanglehave beensuccessfullyestablished.

Background | Meantime to lock

Uniform 4
Cluttered 7

Table 6.3: Average number of frames used by the tracker to regain focus when the hand enters
the frame.

6.1.4 Computational performance

To verify the speedof the developedalgorithmsfor real time tracking, measurementsf the
framerateobtainablewith differentnumberof particlesvereperformed.Thesedataareplotted
in gure 6.2.

6.2 Qualitati ve test

TheTicktacktoegamewasplayedby threedifferenttestpersonsin bothdaylightandincandes-
centillumination,andgenerallyworkedwell. Framedrom thetestsessionsreshavn in gure
?7?. The differencein handshapebetweenthe test personswas small enoughto be handled
robustly by theaf ne transformation.

On a uniform backgroundhe gameis de nitely playable. A few erroneoustlicks appeared
whenplayingon a clutteredbackgroundespeciallyin combinatiorwith fasthandmovements.
Theseclicks were few andfar between.They several timesresultedin the playerloosingthe

game whichwasvery annging.

Fastheadmotionwasgenerallynotaproblem.It wasobsered, thatduringinteractionthehand
wasalwayskeptrelatively steadyrelative to the head. It is simply not possiblemove the head
independentlyf the handwhile pointat somethingshavn onthe HMD.
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Figure 6.1: CLR for the reinitialization test. IEOS and color on uniform background (a) and
cluttered background (b). IEOS without color on uniform (c) and cluttered (d)
background.
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CHAPTER

Discussion

This chaptemwill Analyzethe collectedtestresultsin the previous chaptemwith the purposeof
determiningthe applicability of the developedtrackingsystemfor wearablanterfacepurposes.
Suggestion$or futurework andmorerigoroustestsarepresentectthe endof the chapter

7.0.1 Training and testsequences

Thesplinesof thehandmodelandthevideosequencem trainingandtestsetsall usedthehand
of thesameperson.However in the Tic-tac-toetest,this proved not to be a problemfor theuse
of thesystemby others.

7.0.2 Robustnessof the tracker

Commentson the performanceof the tracker on the testsequenceare given belov. Threeof
thesequencetble01l ,table04 andtable06 represensevereworstcasescenarios.

inwallo3 : Exceptfor adifferently coloredbackgroundhis sequencés identicalto theones
in thetrainingset. The handis tracked precisely andall clicks anddragdrop operations
aredetectedtorrectly( gure 7.1).

outwall06 : Thissequencés noticeablyundergposed but the handis still trackedthrough-
out. At apointof fastrotationof thewrist andin a3D positionnotcoveredby thetraining
set,thethumbis lost for 10 frames(see gure 7.2). This causesanerroneousiragdrop
operation. If the training sethad covereda wider rangeof 3D rotationthis could have
beenavoided.

table01 : Thewoodentablehasalmostexactly the samecolor asthe hand. Thegrainin the
woodproducegaralleledgedookinglike ngers to thetracker. Thehandcastsa shadav
on thetablewith a shapedenticalto the hand.Low light conditionscausesmagenoise
andmotionblur.

The handis tracked throughouthe sequencehut at several pointsthe thumbof the con-
tour catcheson to the thumb of the shadav (see gure 7.3). Increasingthe numberof
particlesdo not remove this error, asa splinewith the thumbfollowing the shadav sim-
ply hasthe highestlikelihood. As the color informationis unreliablein this sequence,
the handcould probablybe tracked more robustly by a tracker not incorporatingcolor
information.
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table04 : In this sequencean otherpersonsof handsentersthe frameand movesobjectsin
the background At onepointthesehandstouchthe handof the wearablecomputeruser
At thepointwherethehandgsouch,motionbluris presentiueto thelow light. Regardless
of thelack of strongedgesdueto motionblur, andpresenc®f otherskin coloredobjects
in the frames the combinationof edgeandcolor informationis enoughfor thetracker to
handlebothfasthandandheadmotion(see gure 7.4).

table06 : The very fastmotion of the handand headcombinedwith low light conditions
causes high level of motionblur. Thediffuserim of thehandprovidesonly weakedges
for the contourto lock on to. For a few frameswith excessie motion blur, the tracker
reportsan erroneougposition of the hand. However track of the handis not lost, and
preciseock is regainedonly two frameslater(see gure 7.5).

An erroneouglick is producedby a combinationof fastmotionandbackgrounctluttet
For a few framesthe thumb jumpsbackandforth betweenpoint andclick, beforethe
correctposeis regained.Thesespuriougumpsbetweerthetwo statesof themodelcould
easilybe ltered outasnotto resultin clicks.

The performancef thetrackingsystemon thetestset,provesthe systento be capableof han-
dling mostof the conditionsexpectedn awearableapplication.Therangeof dif cult scenarios
handledwith succesi thetestinclude: Fasthandandheadmaotion,very clutteredoackgrounds,
differentlighting conditions,motion blur andskin coloredobjectsin the background.

7.0.3 Spatial precision

Fromthetable6.2it canbe seenthatthe spatialprecisiondependsnly slightly on the back-
ground.Thedependencenthenumberof particlesis moresigni cant. A standardieviationsof

theerrorof threeto four pixelsarecertainlyusablefor mostinterfacepurposesThelargemean
error, with the point gestureon uniform backgroundis dueto the splinenot beingextendedall

thewayto thetip of theindex nger (see gure ?7?). Thiserroris causedy the rst joint of the
index nger beingdetectedasthetip.

7.0.4 Reinitialization

The resultsfrom thereinitializationtestprovesthe tracker to have excellentreinitializationca-
pabilities. Thehandis detectedcssoonasit startsto appeamandlock is gainedjustafew frames
afterit hascompletelyenteredheframe. Thisis averyimportantpropertyfor usein in awear

ablegesturenterface,wherethehandcanbe expectedo enterandexit the view frequentlyand
performotheractionsthanthe de ned gestures.

Thegraphsf CLRin gure 6.1clearlyindicatewhetherthehandis presenor not. Theabsolute
valuesfor handand backgrounchowever dependsstrongly on the conditions,and no general
thresholdcanbe set. An algorithmfor determininghepresenc®f the handshouldeitherdetect
thestepsin the CLR or incorporatameasurementsf the backgroundin the presencef clutter,
colorinformationclearly helpsthe IEOSin differentiatingbetweerhandandbackground.
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7.0.5 Computational performance

Fromthegraphin gure 6.2andtherequirednumbersf particleslistedin table6.1,thesystem
is clearly capableof performingreal time tracking. On the test setupthe tracker runsat 25
framespersecondwvith 300particlesandthelEOScolorlikelihood. For greaterobustnessvith
thesacri ce of temporalresolution600particlesandhalf theframeratewould beagoodchoice.

If thecomputationatesourcesgrelimited, thelengthor thenumberof normalscouldbereduced.
Thiswould reduceprocessingime onthecostof lower robustnessFurthermoret is reasonable
to believe, thatanincreasen speedtouldbe gainedover the currentimplementatiorby further
tuningof the sourcecode.

In acommercialvearableapplicationtheindependentatureof thecalculationontheparticles
couldbeutilizedfor parallelprocessingSuchanimplementatiorcouldgreatlyreducehe CPU
requirementsdy off loadingmuchof the computatiorto parallelexecutionon for examplean
FPGA.

7.1 Futurework

In orderto furtherverify theapplicability of thealgorithmsfor wearablenterfacesmorerigor-
oustestingmustbe performed.Thesetestsshouldinvolve a larger numberof testpersonsand
includerealapplicationtasks.

To copewith thedifferentgesturingstylesof individual usersahandmodelwith moreinternal
degreesof freedomcould be used. Sucha handmodelcould be build from a large training set
shaving mary differentpeople,or it could be adjustedto the individual userin an automatic
calibrationprocedure.

A lter shouldbe addedto suppresshe erroneouslicks reportedfrom fast uctuationsin the

thumbangle.A simpleversionof sucha lter is, to countanumberof successie frameswith a
smallthumbangle,beforetheclick is reported.

Advancedmotionmodelshave not beenaddresseith this project,andthesecouldincreasdahe
performancef thetraclker, andallow a smallernumberof particlesto be used.
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(a) (b)

Figure 7.1: Frames from inwall03 . The hand is tracked reliably throughout the sequence,
and all clicks and drag drop operations are handled correctly.

(a) (b)

Figure 7.2: Examples from outwall06 . The thumb is lost, due to a fast 3D rotation of the
hand, but quickly recaptured.
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(@) (b)

Figure 7.3: Examples from table01 . The tracker is confused by the shadow having the same
color and shape as the hand.



75

(a) (b)

(c) (d)

Figure 7.4: Intable04 the tracked hand touches the hand of an other person, even combined
with motion blur (b) this do not confuse the tracker. Objects in the background are
moved around during the sequence (d).
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() (b)

() (d)

Figure 7.5: Atone pointintable06 the motion blur is so pronounced, that the tracker reports
an erroneous position (b). However track is not lost of the hand, and accurate
results are obtained in the two frames immediately following (c-d)



CHAPTER

Conclusion

Theinitiating problemfor this projectwas,asstatedin sectionl.6,to develop a gesturebased
“point” and“click” interfacefor wearablecomputers A computewision solutionbasednthe

CONDENSATION algorithmwas proposedandthe underlyingtracking algorithmsdesigned
andimplemented.

In orderto make the tracker robust backgroundclutter changesn lighting and independent
handand cameramovement,a measuremenmnodel basedon both the shapeand color of the
handwasdeveloped.

Thetestspresentedh this projectindicate thatthe developedalgorithmsarewell suitedfor the
taskof handtrackingfor awearablegesturenterface.

Evenin themostadwerseconditionsthetraclker is capableof following thehand.Theonly type
of reoccurringerroris spuriousthumbmovementdanterpretedasclicks. Thesecould easilybe
removedby temporal ltering.

The tracking systemcan rohustly locateand startto track a handwhenit entersthe eld of
view, regardlessof the backgroundandlighting conditions. This is accomplishedvithout any
assumptioraboutwherethehandentergheframe. Therobustinitializationis madepossibleby
thedevelopedinterior Exterior OrderStatisticlik elihoodfunction.

Realtime performancecanbe obtainedon a standarddesktopPC. With further re nement of
theimplementationa wearableversionis de nitely possible.
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