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Preface

This reportis thedocumentationof an10thsemesterMaster's Thesisprojectat theLaboratory
of ComputerVision andMedia Technology, Departmentof HealthScienceandTechnology,
Faculty of EngineeringandSciences,Aalborg University, Denmark,September2002to June
2003.

The report is structuredasfollows: The Introductionintroducesthe problem,In the Analysis
chapterthe theoreticalaspectsand developedalgorithmsaredescribed.Designexplains the
speci�c adaptationsof thealgorithmsto thetaskof handtracking.ThenResultsAnd Discussion
dealswith thepresentationandinterpretationof the�ndings respectively.

Equations,�gures andtablesareenumeratedsuccessively within eachchapter. Thebibliography
canbefoundin thebackof thereport.Bibliographiccitationsaremarkedas(Author[year]).

LauNørgaard



Contents

1 Intr oduction 5

1.1 What's in awearablecomputer? . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.2 A brief historyof wearablecomputing . . . . . . . . . . . . . . . . . . . . . . 7

1.3 Consequencesof widespreaduseof wearablecomputers . . . . . . . . . . . . 8

1.4 Literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.5 Summaryof interfacemodalities . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.6 Initiating problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2 Preanalysis 17

2.1 Taxonomyof gesturerecognition. . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2 Gesturebasedinterfaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Desirablecharacteristicsof a tracker for interfacepurposes. . . . . . . . . . . 21

2.4 Choiceof method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.5 Problemstatement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3 Analysis 25

3.1 TrackingandtheCONDENSATION algorithm . . . . . . . . . . . . . . . . . 25

3.2 ContourMeasurementModel . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3 Likelihoodfunctions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.4 Statespace . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.5 Motion model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4 Design 53

4.1 Creationof thehandmodel . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2 Statespace . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.3 Featureextraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.4 Stateselection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.5 SimpleTracker . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.6 Motion model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4.7 Likelihoodfunction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60



4

5 TestMethods 63

5.1 Testsetup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.2 Quantitative evaluationof tracker performance. . . . . . . . . . . . . . . . . . 64

5.3 Qualitative test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

6 Experimental results 66

6.1 Quantitative evaluationof tracker performance. . . . . . . . . . . . . . . . . . 66

6.2 Qualitative test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

7 Discussion 70

7.1 Futurework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

8 Conclusion 77

I Enclosures 78

I Histogramsof motion data 79

Bibliography 80



CHAPTER

Intr oduction

In modernsocietythereis anincreasingdemandto access,recordandmanipulatelargeamounts
of informationinvolvedin many aspectsof professionalandprivatedaily life. Thishasinspired
anew approachto thinkingaboutanddesigningpersonalcomputers,wheretheultimategoalis
to producea truly wearablecomputer. Wearablein thesenseof beinganaturalextensionof the
bodylike clothes,shoesor glasses.

Many portableelectronicdevicesfor usein everydaylife alreadyexist. It is not unusualfor an
individual to simultaneouslycarry several of thesedevices: A cell phone,wrist watch,PDA,
pager, pocket calculator, digital camera,camcorder, dictaphoneandlaptopcomputer.

Mostof thesedevicesarenot reallywearable,they aremerelyportable.They requiretheuserto
stoptheongoingactivity, take thedevice out of thepocket andoftenusebothhandsto operate
it. Theonly exceptionin widespreaduseis thewrist watch,which in contrastto its predecessor
thepocket watch,canbeusedhandsfreeandwith aminimumof attentionby theuser.

Eachportabledevicehasits own battery, display, keypad,speakerandpossiblywirelessconnec-
tivity in additionto its own uniqueuserinterfacedesign.Theuserendsup carryinga multitude
of low resolutiondisplays,unhandykeypadsandbatteriesthat requireseparatecharging. The
many inconsistentinterfacesmake it impossibleto bene�t from pro�ciency with onedevice
wheninteractingwith another.

If all thedevicescouldcommunicateandsharea commonsetof input andoutputdevicesthe
qualityof interactioncouldbegreatlyimproved.

Therestof this chapterwill introducethe�eld of wearablecomputersandestablishthecurrent
stateof theart. Themainfocuswill beon interfacedesignandinterfacetechnology.

1.1 What' s in a wearablecomputer?

The �eld of wearablecomputerresearchcontainmany elementsfrom differentscienti�c dis-
ciplines: Electronicsand computerhardware, software design,power consumptionand heat
dissipation,interfacemodalities,mechanicalengineering,humancomputerinterfacedesign,
ergonomics,socialconsequencesandprivacy issues,applicationdesignandusability studies.
Most researchersfocustheir work on oneor a few of theseelements.However any onewho
wantsto performpracticalexperimentswill typically have to addressproblemsin mostof these
majorareas.

To illustratethemultidisciplinarynatureof thesubject,the following will presentdifferentre-
searchersde�nitions andviews of wearablecomputers.

Oneof theleadingresearchersin wearablecomputingDr. ThadStarnerfrom theGeorgia Insti-
tuteof Technologyde�neswearablecomputingas:
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“Wearablecomputingpursuesaninterfaceidealofacontinuouslyworn,intelligent
assistantthat augmentsmemory, intellect,creativity, communication,andphysical
sensesandabilities.” (Starner[2001a])

This view of wearablecomputingmainly beinga style of interfaceratherthana questionof
speci�c hardwareis furtherexpressedin thefollowing quotesfrom thesamearticle:

“Ideally, wearablecomputingcanbedescribedasthepursuitof a styleof interface
asopposedto a manifestationin hardware.” . . . “. . . thecomputermustbea user's
constantcompanion.It mustshare theexperiencesof theuser's life, drawinginput
from the user's environmentto learn how the user reasonsand communicatesin
relationto theworld.” (Starner[2001a])

Otherresearchgroupsfocusmoreon thetechnologiesandhardwareinvolved in themakingof
betterwearablecomputers.

“If systemsare to be successful,robust, lightweight,low-powersolutionsare re-
quired.” (Baberetal. [1999])

“However the point of the discussionin this paper is that wearable computers
neednotsimplybemini-PCs,but couldinvolveall mannerof new microprocessor-
or microcontroller-basedproducts.” (Baberet al. [1999])

To truly fusewith theusersbodythewearablecomputermustfeelasnaturalto wearasclothes,
shoesor glasses:

“A productthat is wearableshouldhavewearability.” . . . “Wearability is de�ned
as the interaction betweenthe humanbody and the wearable object. Dynamic
wearability extendsthisde�nition to includethehumanbodyin motion.” (Gemperle
etal. [1998])

And �nally anextremelyvisionarylong termperspective from J.C.R.Licklider written in 1960
two yearsbeforehebecamethedirectorof thenewly establishedInformationProcessingTech-
niquesOf�ce (IPTO) partof thePentagon's AdvancedResearchProjectsAgency (ARPA):

“Man-computersymbiosisis an expecteddevelopmentin the cooperative inter-
actionbetweenmenandelectronic computers. It will involveveryclosecoupling
betweenthehumanandtheelectronicmemberof thepartnership.” . . . “Pr eliminary
analysisindicatethatthesymbioticpartnershipwill performintellectualoperations
much more effectivelythanmanalonecanperformthem.” (Licklider [1960])
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1.2 A brief history of wearablecomputing

The evolution of the wearablecomputerasa belt- or backpackmountedcomputercombined
with aHeadMountedDisplay(HMD) andsomehandyinterfacedevicestartsin theearly1990's.
However, many prior eventsandinventionsformedthe ideaandleadto theavailability of the
necessaryhardware.

Theearliestvision of wearablecomputersis generallyattributedto RobertHooke who in 1665
in hiswork “Micrographia” wrote:

“The next care to be taken, in respectof the Senses,is a supplyingof their in-
�rmities with Instruments,and, as it were, the addingof arti�cial Organsto the
natural” . . . “And asGlasseshavehighlypromotedour seeing, so' tis not improba-
ble, but that there maybefoundmanyMechanicalInventionsto improveour other
Senses.. . ” (Hooke [1665])

The �rst implementationof a wearablecomputerwasbuild by Edward O. Thorp andClaude
Shannonat MIT in 1961 (Thorp [1998]). It was an analogcomputercapableof predicting
thecasinogameof roulette,andit wastestedin practicein LasVegas,Nevada. Oneoperator
carriedthecigarettepacksizeddevice andtimedtherevolutionsof theball androulettewheel
by pressingmicroswitches.Thepredictionsweretransmittedwirelesslyto a hearingaid worn
by anotherpersonplacingthe bets. The inventionwaskept secretuntil 1966. Subsequently
otherscontinuedthe work, until �nally in 1985any device for predictionor cardcountingin
casinogameswereoutlawedin thestateof Nevada.

Thefollowing is a condensedversionof Bradley Rhodes“A brief historyof wearablecomput-
ing” (Rhodes)presentingthemostimportantstepsin theevolutionof thewearablecomputer:

1268Earliestrecordedmentionof eyeglasses
1665RobertHooke callsfor augmentedsenses
1762JohnHarrisoninventsthepocket watch
1907AviatorAlbertoSantos-Dumontcommissionsthecreationof the�rst wristwatch
1960Heilig patentsahead-mountedstereophonictelevision display
1966Ed ThorpandClaudeShannonreveal their inventionof the�rst wearablecomputer, used

to predictroulettewheels
1966IvanSutherlandcreatesthe�rst computer-basedhead-mounteddisplay
1977Hewlett-PackardreleasestheHP01algebraiccalculatorwatch
1979Sony introducestheWalkman
1981SteveManndesignsbackpack-mountedcomputerto controlphotographicequipment
1989PrivateEyehead-mounteddisplaysoldby Re�ection Technology
1991DougPlattdebutshis286-based"Hip-PC"
1991Carnegie Mellon University (CMU) teamdevelopsVuMan 1 for viewing andbrowsing

blueprintdata
1993ThadStarnerstartsconstantlywearinghiscomputer, basedonDougPlatt's design
1993Feiner, MacIntyre,andSeligmanndeveloptheKARMA augmentedrealitysystem
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1994LammingandFlynn develop "Forget-Me-Not"system,a continuouspersonalrecording
system

1996Boeinghosts“WearablesConference”in Seattle
1997CMU, MIT, andGeorgia Techco-hostthe �rst IEEE InternationalSymposiumon Wear-

ableComputers
1997First Wearablecomputerfashionshow at MIT

Now thewearablecomputeris evenbeginningto move from thelaboratoryinto therealworld.
This is happeningasthe�rst commerciallyavailablewearablecomputerfor theconsumermar-
ket, the“Poma”,wasintroducedin 2002by XybernautInc1.

1.3 Consequencesof widespreaduseof wearablecomputers

The growing numberof online commercialand governmentdatabases,combinedwith auto-
mateddataprocessing,raisesconcernaboutprivacy. Thedebateconcernstheindividual's right
to controltheirpersonalinformation.

With thewidespreaduseof wearablecomputersthepossibilityof monitoringandrecordingin-
formationaboutuswill beoverwhelming.Furthermorethetypeof informationwill no longer
belimited to onlineshoppinghabits,creditstatements,medicalrecordsandrecordsof interac-
tion with governmententities.By nature,wearablecomputerswill have thepotentialto collect
informationcoveringanunprecedentedshareof our public andprivatelife (Langheinrichet al.
[2002]). They would beableto collect informationaboutwhereabouts,personalconversations
andevenemotionalresponses.

On the otherhand,wearablecomputerscanalsobe seenasa greatassetto personalprivacy.
Personalinformationcanbe storedin the wearablecomputer, insteadof in centraldatabases.
This datais availablewhenever needed,but theuseris in controlof whatinformationis passed
onandto whom.

Generaladoptionof wearablesfor everydayusewill withoutdoubtchangethewaywe interact
andcommunicate.Conversationswill beverydifferentwhentheparticipantsareableto look up
any typeof onlineinformation.And theability to retrieve andquoteexactly whatanopponent
in adiscussionsaidat thelastmeetingseveralmonthsagowill certainlychangetheoutcomeof
many disputes.

As with theintroductionof cellularphones,socialetiquettewill have to catchup. Will it for ex-
amplebeacceptableto checkemailor look upfactsontheInternetin themiddleof adiscussion?
Or will it becustomaryto remove or turn off theHMD duringpersonalconversations?

1.4 Literatur e

To getanoverview of theresearchin the�eld of wearablecomputersandthecurrentstateof the
art,a literaturesurvey is conducted.Thesurvey is dividedinto threeparts:First anselectionof

1www.xybernaut.com
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articleson wearablecomputersin generalto illustratethevarietyof approaches,thenexamples
from the literatureof implementationsfor speci�c tasksand �nally an examinationof work
regardinginterfacetechnologies.

1.4.1 Generaldesignconsiderations

Researchersat the Media LaboratoryPerceptualComputingSectionat MIT have performed
extensive researchon wearablecomputersin (Starneret al. [1996]) and(Starneret al. [August
1997])they presentmany differentapplicationsexploring thepossibilitiesof wearablecomput-
ersandaugmentedreality. Focusis on applicationsallowing theuserto keeptheattentionon
thephysicalworld while interactingwith thewearablecomputer. Themaininterfacemodality
is a onehandedkeyboardcalledtheTwiddler2, but thepossibilitiesin computervision arealso
explored.

Thevision basedapplicationsincludefacerecognition,visual landmarks,aidsfor visually dis-
abledand�ngertip pointing.The�ngertip is concludedto bethemostintuitive pointingdevice
andableto replaceamousewhenever apointingdevice is required:

“Thus, the �nger can replacethe mousewhenever a pointing device is desired.
Such a pointingdeviceitself takesno extra room,cannot belost, andcanbeused
almostanywhere there is light.” (Starneretal. [August1997])

The vision basedinterfacesandapplicationspresentedin (Starneret al. [1996]) and(Starner
et al. [August 1997]) utilize outboardprocessingpower to accomplishreal-timeperformance
with the limited power available in the wearablecomputeritself at the time of the research.
Video from the headmountedcamerais transmittedto a powerful workstationcomputerfor
processing,and the result is sendback to the wearablefor displayon the HMD. The useof
remotecomputersandwirelesslinks areconsideredsuboptimal,but canbe usedto evaluate
futureapplicationsandinterfacemodalities,thatcannotyetrunonavailablewearablehardware.

Severalof theimplementedsystemshave beenusedfor everydaynotetaking,word processing
andemail for several yearssuccessfullyby the researchers.The main focus is on designing
systemsfor everydayuseby experiencedusers,andnot compromisingeffectivenessandcus-
tomizeabilityto make themmoreaccessibleto novices. The key argumentis that a userof a
wearablecomputerfor everydayusequickly will becomesopro�cient thatanover friendly user
interfacewill bemoreof anuisancethanaproductivity aid (Keyes[2000]).

In contrastto theresearchintroducedabove(Davis) presentsagraphicaluserinterfacefor wear-
ablecomputers,thatcanbeusedby noviceswithout any prior training. Thepapercriticize the
existing GraphicalUserInterfaces(GUIs) usedfor wearablecomputersfor beingadaptations
of desktopsystemsandthereforenot suitablefor mobile use. DesktopGUIs aredesignedfor
scenarioswherehumancomputerinteractionis theprimary taskof theuser. This is normally
not thecasewith wearablecomputers,wherethe useris expectedto be mobileor performing
somerealworld taskwhile usingthecomputer.

2Producedby Handykey Corporation,http://www.handykey.com
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Many researchershavedevisedgeneralguidelinesfor thedesignof interfacesfor wearablecom-
puters(Davis) (Schmidtet al.). Othershave developedformal methodologiesfor the design
process(Baberet al. [1999]) (Kjeldskov).

(Baberetal. [1999])�rst approachwearablecomputersfrom ahardwareperspective,addressing
therequirementsof wearablecomputersdesignedfor differenttasks.Theserequirementsvary
from systemsbasedonsimplemicrocontrollers,with very limited inputandoutputcapabilities,
to full �edgedgeneralcomputersequivalentto desktopPC's. Thearticlemovesonto presentan
“Activity-baseddesignmethodology” for designingwearablecomputersfor speci�c tasks.The
methodologyspeci�cally focuseson the interfacerequirements.How muchinformationwill
the computerhave to presentto the user, what kinds of inputsareneededandwhat interface
modalitiescanbeusedwithout interferingwith thetaskathand.

Usingon theActivity-baseddesignmethodologytwo prototypesystemsaredesignedandim-
plemented.Oneis a systemfor useby paramedicswhentreatinga casualty. By usinga HMD
andspeechrecognitiontheparamediccanrecordobservationshandsfreeaboutthecasualtyand
receive instructionsonthecorrectprocedure.Theinterfaceis GUI basedandableto presentthe
wearerwith large amountsof informationsimultaneously. In orderto facilitateboth GUI and
speechrecognitiona fairly powerful processoris required.

Theotherprototypeis a very simplepersonaltemperaturemonitoringsystemfor �re �ghters.
It only consistof a thermistorfor measuringtemperature,a tiny PIC16C843 microcontroller
anda singlethreecolor LED (Light Emitting Diode)usedto indicatethatspeci�c temperature
thresholdshave beenexceeded.Themainadvantagesof this solutionis that it doesnot require
theusersattentionto operate.Thereis nounnecessarycognitive loadasonly aminimumamount
of informationis presented.The entiresystemoperatesfor a yearon a small batteryand�ts
insidethe�re �ghters helmet.

Thesetwo casesillustratethespanof possibleinterfaces,from a singleanalogsensorandtwo
bitsof outputto full �edged HMD basedcomputerwith GUI andspeechrecognition.

Focusingonthewearability(Gemperleetal. [1998])presentguidelinesfor theshapeandplace-
mentof devicesattachedto thehumanbody. Theguidelinesareformulatedbasedon extensive
studiesof thehumanbodyin motionandits interactionwith thewearables.

To addressmany of the hardware problemsassociatedwith wearablecomputerresearchre-
searchersat MIT have designed“MIThril” a generaltestplatformfor experimentsin wearable
computers(DeVauletal. [2001]). MIThril attemptsto addressmany of thepower, connectivity,
interfaceandwearabilityissuesin wearablecomputerresearchby providing anopenplatform
for futureexperimentation.

Much of the performedresearchis reviewed in (Starner[2001a])and (Starner[2001b]), and
basedon this a hypotheticalidealwearablecomputeris described.The descriptionis divided
into four majorareas:Power, networking,privacy andinterface.Eachof theseareasaretreated
in detailto de�ne therequirementsandpresentchallengesandunsolvedproblems.

3Low price8 bit 18pin microcontrollermadeby MicrochipTechnology. 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 alsoprovidestheuserwith accessto digital maps,GPS,voiceand
datacommunicationandspeechtranslationto foreign language.Operationalmilitary person-
nel requireunhindereduseof bothhandsandfull attentionon their primarytask,thereforethe
systemwasimplementedwith a small “seearound”HMD andvoice interface. The computer
continuouslyprocessvideo from a headmountedcamerato identify facesin the frames.De-
tectedfacesarecomparedto thethedatabaseof known individuals.Thevoiceinterfaceprovides
thewearerwith meansof enteringnew facesinto thedatabaseandfor consultingthesupervisor
in casesof doubt.

Anothermilitary applicationtestedis terrestrialnavigationor “Map in thehat” (Thomaset al.
[1998]). This wearablecomputeris a HMD basedversionof a handheldGPSanddigital com-
passfor useby groundtroops.Field testshasshown this to beavery suitablerole for wearable
computers.However theprototypeusedin theexperimentswastoobulky to becomfortablyhip
mounted.It hadto becarriedin a backpackandfurthermoresufferedfrom a limited operating
timeon batteriesof 2.5hours.

(Matiaset al. [1996]) providesanexampleof a wearablecomputernot basedon a HMD. The
computerdesignedfor useby astronautsin microgravity utilize a “half QWERTY” onehanded
keyboardstrappedto oneforearmanda low power monochromedisplayattachedto theother.
This allow the userto assumea relaxed positionfor extendedtyping without a stablesurface
to placea traditionalkeyboardon. Thedesignof thekeyboardallows pro�cient typiststo use
their skills with aminimumtimefor adaptation.Howeverbothhandsarerequiredthusnoother
manualtaskis possiblewhile typing.

Resultsfrom a preliminary inspectionin the useof wearablecomputersfor guidancein the
pre �ight inspectionof aircraft (OckermanandPritchett[1998]) show this to be a promising
areaof research.TheHMD andvoiceinterfacebasedwearablecomputerpresentedpilots with
anelectronicversionof thepre �ight inspectionprocedurefrom theplane's “Pilot' s Operating
Handbook”.Testpersonsusingtheimplementedprototypesystemactuallyshowedworseper-
formancethanthecontrolgroup.This wasattributedto over con�dencein thecomputeranda
tendency to ignorecommonsenseandperformtheinspectionexactlyasdescribedontheHMD.
To be useful the instructionsgiven by the computermustconsequentlybe very detailedand
thoroughasis thecasein (Siegel andBauer[1997])wherea military procedureis usedinstead
of the“Pilot' sOperatingHandbook”.More researchis neededin orderto makesystemsthatdo
not induceover reliancebut encouragethewearerto supplementtheguidanceof thecomputer
with theuseof commonsense.

1.4.3 Interface technology

Many adaptationsof desktopkeyboardandmouseinterfacedevicesexist for mobileandwear-
able use. (TyermanandThomas[1998]) and (Thomaset al. [1997]) presenta usability and
performanceevaluationof someof thesedevicesfor text input. Theevaluateddevicesare: A
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forearmkeyboard,a virtual keyboardin the HMD usedwith a belt mountedmouse,a kordic
keypadwherelettersaretypedby pressingmultiplebuttonssimultaneouslyand�nally voicein-
put. Eachtestpersonspenta total of sevenhourssharedamongthefour interfacedevices.The
testsconcludethat with the amountof training during the testsessionsthe forearmkeyboard
providedthefastesttypingandthelowesterrorrate.

The“Tinmith-Hand”(PiekarskiandThomas[2002]) is a glove basedgestureinterfacesystem
for augmentedandvirtual reality. The systemprovidestwo typesof interaction. The �rst is
a menusystemwhereeachmenuitem is assignedto a �nger, the item is selectedby touching
conductingpadson thematching�ngertip with a padon thethumb. Thesecondmodeof inter-
actionis for manipulationof virtual 3D objects.This is doneby computervisionbasedtracking
of markersonbothhandsin six degreesof freedom.Themainapplicationfor theTinmith-hand
is outdooraugmentedreality for 3D modelingof architecture.

Severalexistingvirtual realitydataglovesareevaluatedin (TsukadaandYasumura[2002])and
criticized for beingtoo expensive andbulky for widespreadmobile use. A lightweight input
device is describedusingonly onebendsensoron the index �nger, an accelerationsensoron
the handand a microswitchfor activation. User test indicatesthat the developedinterface,
with useof simplegesturesfor controllinginformationappliances,is very intuitive andeasyto
learn. However several testpersonscomplainedaboutthenecessarycablesandotherphysical
propertiesof theinputdevice.

A wireless�nger tracker is presentedin (Foxlin andHarrington[2000]). An ultrasonicemitter
is worn on index �nger andthereceiver, capableof trackingthepositionof theemitterin 3D,
is mountedon the HMD. This providesexcellentheadrelative trackingof the �nger with an
expectedresolutionof 0.5mmatadistanceof 400mmfrom theHMD.

To avoid placingsensorson thehandand�ngers the“GestureWrist”usescapacitive sensorson
a wristbandto determinethe con�guration of the �ngers (Rekimoto[2001]). This is doneby
measuringthe crosssectionalshapeof the wrist andusethe bulgesandcavities madeby the
sinews moving undertheskin. TheGestureWristis sensitive to thepositioningof thesensors
on thewrist andhasonly beenusedto differentiatebetweentwo gestures(�st andpoint). On
the other handall necessarysensors,including an accelerationsensor, can be mountedin a
normalwristwatchandarethereforehighly unobtrusive. Furthermorethearticle proposesthe
GestureWristcombinedwith wirelesson-bodynetworking to avoid any cablesgoing to the
wristband.

Active infrared imaging can be usedto simplify the task of separatinghandsand handheld
objectsfrom thebackground,andis thereforeusedin severalwearablegestureinterfacesystems
(Ukita etal. [2002]) (Starneretal. [2000]). A sourceof infraredillumination is mountednearto
a camera�tted with aninfrared-pass�lter . If thelight from this sourceis signi�cantly stronger
thantheinfraredpartof theambientillumination,theimagecapturedby thecamerawill mainly
be producedby light from theheadmountedilluminant. As the intensityof the infraredlight
decreasewith distancefrom the source,it is relatively simpleto separateobjectscloseto the
headfrom objectsfartheraway.

In (Ukita et al. [2002]) a HMD mountedactive infraredsetupis usedfor �ngertip drawing and
recognitionof objectsheld in thehand.Objectrecognitionis madepossibleby addinga color
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camerato the infraredcameraon theHMD andusinga beamsplitter to give the two cameras
theexactsameimage.Herebytheobjectcanbeextractedfrom thecolor imageusingthedepth
informationfrom theinfraredimage.

The “GesturePendant”demonstratedin (Starneret al. [2000]) is an active infraredcamerain
a necklace. It is a gestureinterfaceprimarily designedfor homeautomationand as an aid
for disabledandelderly people. Combiningthe active infraredprinciple with a �sheye lens
an excellent imageof the wearershandsis obtained. The Gesturerecognitionis performed
with HiddenMarkov Modelsbasedon thework donein mobileinterpretationof signlanguage
(Starneretal. [1998b]).

Multimodal interfacesareproposedcombiningthe GesturePendantwith voice recognitionor
trackingof thepersonspositionwithin thehome.Apart from controlof thehomeandinforma-
tion appliances,theGesturePendantmonitorsthehealthof its wearerby observingpathological
tremorsin thegestures.The performanceof theprototypesystemproved excellentin prelim-
inary experiments.However aswith many othervision basedsystems,processingpower and
batterylife issueshave to besolvedbeforemobileuseis possible.

Wearablecomputervisionbasedgesturerecognitionandhandtrackingnotusingactive infrared
andnot requiringthe handto be marked arepresentedin (Kurataet al. [2002]), (Iannizzotto
etal. [2001])and(Zhuet al. [2000]).

(Kurataet al. [2002]) combineshapeandskin color basedtrackingto createa mouselike in-
terfacewith distinct point- andclick gestures.Threeapplicationsarepresentedusingthe im-
plementedmouse: A universal remotecontrol for electronicappliancesas TVs and stereos.
Securepassword input for augmentedreality. A realworld OCRtranslatorcapableof selecting
signsandothertext by pointing andthentranslatingit from Japaneseto English. To provide
thenecessarycomputingpower, thesystemdistributestheprocessingof thehandtrackingalgo-
rithm betweena wearablecomputeranda remotehostthrougha wirelessLAN. By performing
someof theprocessinglocally thewearablecanprovide fasterresponsetimesandrobustnessto
instabilitiesin theLAN dueto roamingor interference.

(Zhuetal. [2000])presentsa�nger menusimilar to the“Tinmith-Hand”(PiekarskiandThomas
[2002]) thoughtheinterfaceis visionbasedandneedsaclearview of thehandandoutstretched
�ngers. A menuitem is selectedby simply bendingthe corresponding�nger. Detectionof
thehandand�ngers is accomplishedby pixel level color segmentationusinganadaptive color
modelto copewith variationsin skincolorandchangesin lighting.

Eye tracking for gazeinterfaceshas beenproposedfor wearablecomputers(Wilder et al.
[2001]). The erratic natureof eye movementsmakes gazeimpossibleto usefor drawing or
otherfreeform inputandunsuitablefor useastheonly interfacemodality.

Not speci�cally aninterfacemodalityin itself, contextual awarenessis amajorareaof research
within the�eld of wearablecomputers(Starneretal. [1998a]).Theideais to makethecomputer
observe the userandhis surroundings.This knowledgewill enableintelligent interfacesthat
adaptto theuser's immediateneeds.For examplethecomputerwill know not to interruptwith
phonecalls or email in the middle of a meetingunlessthereis an emergency. On the other
handwhile driving a caralonethesystemcannotify theuserof incomingemailsby a spoken
summary. A long term goal is to have the computermodel the userand his surroundings.
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Predictionsbasedonthismodelwill enablethesystemto retrieve informationbeforeit is needed
andhave it ready, whentheuserasksfor it.

In (Starneretal. [1998a])computervision is usedto obtaincontextualawareness.Two cameras
aremountedon theusershead,onepointingforwardat thesurroundingsandonelookingdown
atthehandsandbodyof thewearer. Estimatesof theuserslocationandcurrentactionsaremade
usingHiddenMarkov Models.

Another exampleof contextual awarenessis DyPERS(Dynamic PersonalEnhancedReality
System)(Jebaraet al. [1998]),whereaudioandvideomessagescanbeassociatedwith images
of realworld objects.Whenever the headmountedcameraseesa known objectthe computer
playsbacktheassociatedmedia.Many possibleapplicationsarelistedrangingfrom notetaking
atavisualartsgalleryto anaid for personswith poorvision.

1.5 Summary of interface modalities

As canbeseenfrom theprevioussectionmany differentinterfacetechnologiesandmodalities
havebeentriedfor wearablecomputers.Theimportanceof differentcharacteristicsvarygreatly
with theapplication,andwhatis seenasanadvantageto someis a disadvantageto others.The
generaladvantagesanddisadvantagesof themostcommoninterfacetechnologiesaresumma-
rizedin table1.1.

Theinterfacetechnologiescanbedivided into two groups:Devicesfor dataentryanddevices
for selectionand free form input. In the desktopenvironment theseare exempli�ed by the
keyboardandmouserespectively.

Thedatainput technologiesin table1.1areall in amaturestateof development,anddonotneed
researchat the technicallevel. Thevision basedsolutionson the otherhandstill muchwork,
but couldultimatelybecomevery intuitive interfacemodalities.

The free form input technologiesin table1.1 all have signi�cant drawbacks. Systemsbased
on active infraredposethe smallestproblemswith regardsto imageprocessing.But as they
do not work in direct sunlight,they arenot applicablefor wearablecomputersfor both in- an
outdooruse.Glove basedsolutionsareconsideredun�t for generalusein wearablecomputers,
asthey preventtheuserfrom unrestricteduseof thehands.Consequentlyvision basedgesture
interfacesnot relying on active infraredarethemostgenerallyapplicablesolutions.However
thesealsoposethelargesttechnicalchallenges.
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1.6 Initiating problem

Goingfrom desktopto wearablecomputerit is possibleto geta goodreplacementfor thekey-
board,but a replacementfor themouseis not commerciallyavailable. Creatinga vision based
replacementfor themouse,would give a boostto thegeneralusabilityof wearablecomputers.
This leadsto theinitiating problemfor thisproject:

To designa vision basedgesture interfacesystemcapableof tracking a pointing
handin videofroma headmountedcamera anddifferentiatingbetweenpoint and
click gestures. Thesystemmustbeable to initialize itself andperformwell on an
unknownnon static background and underunknownand varying lighting condi-
tions.
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modality

Hands
free

Onbody
attachments

Text input
Freeform

input
Easeof use

Power
consumption

Processing
requirements

Technological
Maturity

Voice
recognition

YES - Possible NO Verrygood Low High Production

Chording
keyboard

NO - Good NO

�

Hardto learn Very low None Production

Half
QWERTY

NO Forearm Good NO Good Very low None Production

Glove based
gesture

� NO
Sensors

andcables
Poor YES Good Low Low Usable

Visionbased
gesture

NO

�

- Poor YES Good High Veryhigh Experimental

Active IR
gesture

NO

�

- Poor YES Good Veryhigh Veryhigh Experimental

�

Glove refersto any typesof sensorsor markersattachedto thehand

�

Handsareonly requiredwheninteracting.

�

Somechordingkeyboardshave anintegratedtrackpointmouse.

Table 1.1: Strengths and weaknesses of common interface technologies.



CHAPTER

Pre analysis

In theendof chapter1 theinitiating problemwasstated,andthedecisionwasmadeto focusthis
projecton developingavision basedpointandclick gestureinterfacesfor 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
needed,thegestureinterfaceis thoughtto besupplementedwith eithervoiceinputor awearable
keyboard.

Thischapterwill examinethechallengesof constructingsuchaninterfaceandidentify possible
solutions.But �rst a de�nition of commonlyusedtermsanda shortintroductionto the�eld of
gesturerecognitionin general,is given.

2.1 Taxonomyof gesture recognition

The type of interactionfacilitatedby a gestureinterface can generallybe divided into two
groups: Direct manipulationandsymbolicgestures.In direct manipulationthe positionand
possiblythe orientationof the handor �ngertips areuseddirectly. Examplesof suchinterac-
tionsincludesdrawing, 3D objectmanipulationandmodeling.In thecaseof symbolicgestures
theposeand/ormotionof thehandsis analyzedandinterpretedaswordsor commandsregard-
lessof their spatialposition.

The type of symbolicgesturesusedcan further be divided into staticand dynamicgestures.
Staticgesturesassignmeaningto speci�c posturesof thehand.Dynamicgestureson theother
handassignmeaningto seriesof handposesandmotions.

Gesturerecognitionsystemsin generalcanbedivided into four maincomponents:Imagepre-
processing,tracking,poseestimationandgesturerecognition. In Individual systemssomeof
thesecomponentsmaybemergedor missing,but their basicfunctionalitywill benormallybe
present:

1. Image preprocessing: The task of preparingthe video framesfor further analysisby
suppressingnoise,extractingimportantcluesaboutthepositionof thehandsandbringing
theseon symbolicform. This stepis oftenreferredto asfeatureextraction.

2. Tracking: On the basisof the preprocessing,the positionandpossiblyotherattributes
of thehandsmustbetracked from frameto frame. This is doneto distinguisha moving
handfrom thebackgroundandothermoving objects,andto extractmotion information
for recognitionof dynamicgestures.
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3. Poseestimation: Whenthelocationof thehandsareknown, their spatialorientationand
internalstate(con�gurationof the�ngers) mustbedetermined.

4. Gesture recognition: Basedon thecollectedposition,motionandposeclues,it mustbe
decidedif theuseris performingameaningfulgesture.

The knowledgeaboutthe handsusedfor the tracking and recognitioncan exist on different
levels of abstraction.Two main approachesexist in this regarddifferentiatedby whetherthe
systemis basedonanabstractmodelof thehandor onknowledgeof theappearanceof thehand
in theimage:

1. Model basedapproach: A modelof thehandis created.This modelis matchedto the
resultsof preprocessingto determinethe stateof the tracked hand. The modelcanbe
moreor lesselaborate,from the3D modelwith 27degreesof freedom(DOF)usedin the
DigitEyessystem(RehgandKanade[1994]) to a simplecontourmodelof thehandseen
straighton(MacCormickandIsard[2000]). In additionto themodelof thehandamodel,
of how featuresin the imagecorrespondingto the real handareproduced,is required.
Thismeasurementmodelis neededin orderto determinethestateof thehandmodelfrom
theappearanceof thehandin theimage.

Continuously�tting themodelto thehandin thevideoframes,is aprocessof trackingthe
completestateof thehandnot just its position.This processis consequentlycalledstate
basedtracking.If themodelcontainsa suf�cient numberof internaldegreesof freedom,
recognitionof staticgesturescanbereducedto inspectionof thestate.

2. Appearancebasedapproach: Thetrackingis basedon a representationlearnedfrom a
largenumberof trainingimages.As no explicit modelexistsof thehandall theinternal
degreesof freedomwill nothave to bespeci�cally modeled.

Whenonly theappearanceof thehandin thevideoframesis known, differentiatingbe-
tweengesturesis not asstraightforwardaswith themodelbasedapproach.Thegesture
recognitionwill thereforetypically involve somesort of statisticalclassi�er as seenin
(Birk etal. [1997]).

2.2 Gesturebasedinterfaces

A large part of the literatureon gesturerecognitiondealswith recognizingsetsof dynamic
gestureseitherasindividualcommandsto acomputeror with theultimategoalof understanding
signlanguage.An exampleof thelatteris:

(Starneret al. [1998b]) proposerecognitionof sign languagefor both desktopandwearable
computers.Theobtainedresultswereactuallybetterwith a headmounteddownward looking
camerathanwith astaticdeskbasedcamera,astheheadmountedcamerais insensitive to body
posture. The recognitionis basedon skin color segmentationto extract the position,shape,
motionandorientationof thehands.Thehandsaremodeledasellipses,andthesystemis able
to obtaingoodperformancewithoutmodelingindividual �ngers. UsingHiddenMarkov Models
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(HMM) continuousrecognitionof full sentencesof signlanguageis accomplished,althoughthe
vocabulary is limited to forty words.

Appearancebasedrecognitionof staticgesturesis presentedin (Birk etal. [1997]),whereletters
from thehandalphabetarerecognizedby principalcomponentanalysis(PCA).Theappearance
of the individual signsarelearnedfrom a large numberof training images.The PCA is used
to createa low dimensionalfeaturespacein which handslocatedin the video framescanbe
comparedwith classesrepresentingthe de�ned gestures.The classesand the corresponding
classi�er arecreatedin anoff line learningprocess.

In addition to the work on how to detectand recognizegestures,researchis being doneon
designingintuitive andnaturalgesturesets(Nielsenet al. [2003]), andon how gesturesand
bodylanguageareusedasapartof interpersoncommunication(Cassell[1998]).

2.2.1 Hand or �nger tracking

Within thisprojectthegesturerecognitionis limited to thetaskof locatingandtrackingahandin
thevideostreamanddifferentiatingbetweenpointandclick gestures.In termsof thetaxonomy
in 2.1 this means,that only components1 and 2 will be necessary. To determinethe best
approachto this problemthedifferentpossiblesolutionsarebrie�y reviewed in thefollowing.
First thelow level featureextractionor imageprocessingmethodsarepresented.

Pixel level segmentation: Regionsof pixelscorrespondingto thehandareextractedby color
segmentationor backgroundsubtraction.Thenthedetectedregionsareanalyzedto deter-
minethepositionandorientationof thehand.Thecolorof humanskinvariesgreatlybe-
tweenindividualsandunderchangingillumination. Advancedsegmentationalgorithms,
that canhandlethis, have beenproposed(Zhu et al. [2000])(Dominguezet al. [2001]),
however thesearecomputationallydemandingandstill sensitive to quickly changingor
mixed lighting conditions.In additioncolor segmentationcanbeconfusedby objectsin
thebackgroundwith a color similar to skin color. Backgroundsubtractiononly work on
a known or at leasta staticbackground,andconsequentlyarenot usablefor mobile or
wearableuse.

Motion segmentation: Moving objectsin the videostreamcanbe detectedby calculationof
interframedifferencesandoptical�o w. In (WongandSpetsakis[2002])asystemcapable
of trackingmoving objectsonamoving backgroundwith ahandheldcamerais presented.
However sucha systemcannot detecta stationaryhandor determinewhich of several
moving objectsis thehand.

Contour detection: Much informationcanbe obtainedby just extractingthecontoursof ob-
jectsin theimage(IsardandBlake [1996]). Thecontourrepresenttheshapeof thehand
andis thereforenot directly dependenton skin color andlighting conditions.Extracting
contoursby edgedetectionwill resultin a large numberof edgesboth from the tracked
handandfrom the background.Thereforesomeform of intelligent postprocessingis
neededto make a reliablesystem.
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Correlation: A handor �ngertip canbesoughtin aframeby comparingareasof theframewith
a templateimageof thehandor �ngertip (Crowley et al. [1995]) (O'HaganandZelinsky
[1997]). To determinewherethe target is, the templatemust be translatedover some
regionof interestandcorrelatedwith theneighborhoodof everypixel. Thepixel resulting
in thehighestcorrelationis selectedasthepositionof thetargetobject.Apart from being
very computationallyexpensive templatematchingcannot copewith eitherscalingor
rotationof thetargetobject.Thisproblemcanbeaddressedby continuouslyupdatingthe
template(Crowley etal. [1995]),with therisk of endinguptrackingsomethingotherthan
thehand.

On topof mostof thelow level processingmethodsa trackinglayeris neededto identify hands
andfollow thesefrom frameto frame.Dependingon thenatureof thelow level featureextrac-
tion, thiscanbedoneby directly trackingoneprominentfeatureor by inferring themotionand
positionof thehandfrom theentirefeatureset.

Tracking with the Kalman �lter: Oneway of solvingtheproblemof trackingthemovement
of anobjectfrom frameto frameis by useof a Kalman�lter . TheKalman�lter models
thedynamicpropertiesof the tracked objectaswell astheuncertaintiesof both thedy-
namicmodelandthe low level measurements.Consequentlytheoutputof the �lter is a
probabilitydistribution representingboth theknowledgeanduncertaintyaboutthestate
of theobject.Theestimateof theuncertaintycanbeusedto selectthesizeof thesearch
areain which to look for theobjectin thenext frame.

TheKalman�lter is anelegantsolutionandeasilycomputablein realtime. However the
probabilitydistributionof thestateof theobjectis assumedGaussian.As this is generally
not thecase,especiallynot in thepresenceof backgroundclutter, theKalman�lter in its
basicform cannot robustly handlerealworld trackingtaskson anunknown background
(IsardandBlake [1996]) (MacCormick[2002]). However on a controlledbackground
goodresultscanbeobtained(RehgandKanade[1994]).

CONDENSATION 1: An attemptto avoid thelimiting assumptionof normaldistribution inher-
entin theKalman�lter wasintroducedin (IsardandBlake [1996]) calledtheCONDEN-
SATION algorithm. The approachis to modelthe probability distribution with a setof
randomparticlesandperformall theinvolvedcalculationson thisparticleset.Thegroup
of methods,to which theCONDENSATION algorithmbelongs,aregenerallyrefereedto
as:Randomsamplingmethods,sequentialMonteCarlomethodsor particle�lters.

Verypromisingresultshavebeenobtainedusingrandomsamplingin avarietyof applica-
tionson complex backgrounds.(Guptaetal. [2002a])and(Guptaet al. [2002b])propose
a combinationof appearancebasedeigentracking(Black andJepson[1998]) andCON-
DENSATION for gesturerecognition. SequentialMonte Carlo methodsand adaptive
color modelsareusedin (Perezet al. [2002]) providing robust trackingof objectsunder-
going dramaticchangesin shape.To the taskof faceandhandtracking,motion clues
arecombinedwith thecolor information,to eliminatestationaryskincoloredobjectslike
woodendoorsanddesks. (Mammenet al. [2001]) useskin color segmentation,region
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growing andCONDENSATION for simultaneoustrackingof both hands. Solutionsto
handleocclusionsareproposedresultingin reliableoperationevenwhentheblobscorre-
spondingto thehandsmergefor extendedperiods.

In (Laptev andLindeberg [2001])ahandmodelconsistingof blobsandridgesof different
scalesrepresentingthepalm,�ngers and�ngertips is usedwith particle�ltering to track
the positionof the handandthe con�guration of the �ngers. Real time performanceis
obtainedbut themodelandstatespaceis limited to 2D translation,planarrotation,scaling
andthenumberof outstretched�ngers.

(MacCormickandIsard[2000])proposeamethod,calledPartitionedSampling,for track-
ing articulatedobjectswith particle�lters without requiringan unreasonableamountof
particlesto copewith theresultinghigh dimensionalstatespace.Thesolutionis to �rst
locatethebaseof theobjectandthendeterminethe con�guration of attachedlinks in a
hierarchicalway. As an exampleof this, a handdrawing applicationis presented.The
partitionedsamplingis usedby �rst locatingthepalmandsubsequentlydeterminingthe
anglesbetweenthepalmandthethumbandindex �nger. Theseanglesareusedto differ-
entiatebetweena smallnumberof gesturescorrespondingto drawing commands.Track-
ing is basedon asplinedescriptionof thecontourof thehandbeing�tted to edgesin the
imageandcombinedwith skincolormatchingaspresentedin (MacCormick[2002])and
(MacCormickandBlake [1998]). Detailedmotionmodelsandbackgroundsubtractionis
usedto limit theeffectof clutter.

2.3 Desirablecharacteristicsof a tracker for interface purposes

Thedescribedtrackingmethodshave differentstrengthsandweaknesses,andarethereforenot
all applicableto thesametasks.In orderto determinethemethodmostsuitablefor thisproject,
a list of requirementsis stated:

1. Robust initialization and reinitialization: The handcanbe expectedto enterandexit
from theview frequently. Thereforethetracker mustbeableto quickly reinitializeitself,
anda reliableestimationof whetherthehandis presentor notmustbeobtainable.

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

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

4. Toleranceto cameramovement: As thecamerawill beheadmounted,andcanbeex-
pectedto move independentlyof thehand,thetracker shouldnot rely heavily on making
goodpredictionsof themovementof thehand.

5. Computationally effective: Mobile processorstend to be signi�cantly lesspowerful
thantheir desktopcounterparts.Algorithmsrequiringextensive computationalresources
shouldthereforebeavoided.
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2.4 Choiceof method

Onthebasisof theexaminationof possiblemethodsin 2.2.1andthecriterialistedin 2.3,CON-
DENSATION trackingcombinedwith a contourhandmodel is chosenfor this project. This
choiceis madeasrandomsamplingmethodsseemsto bethemostpromisinggroupof tracking
algorithmsfor trackingon unknown andclutteredbackgrounds.Thecontourmodelis chosen
asit is insensitive to color andlighting. Furthermoresimpleinterfacegestureslike “point” and
“click” canberecognizeddirectlyby examiningthestateof thecontour.

Mostof theworkdonewith theCONDENSATION algorithmincorporatesdetailedmotionmod-
els learnedfrom trainingdata.Relyingon a goodmotionmodelfor keepingtrackof thehand
is not ideal within this project as headmovementwill disturb the prediction. Focusshould
thereforebeon compensatingfor theuseof a simplermotionmodelby developinga morede-
tailedmeasurementmodel. A bettermeasurementmodelwill alsoimprove thetrackersability
to reinitializeitself whenthehandleavesandreenterstheframe.

2.4.1 Choiceof gestures

In thedrawing packagepresentedin (MacCormickandIsard[2000]) thepositionof themouse
pointer is controlledby pointing with the index �nger. Drawing is initiated by extendingthe
thumbfrom thehandandstoppedby placingit againstthepalmandindex �nger. This ideawill
bethebasisfor thepointandclick gesturesfor thisproject.

Pointingwill beperformedwith the tip of the index �nger, asthis is themostintuitive. In the
idle positionthethumbis keptextendedfrom thehand(�g 2.1(a)),andthenplacedagainstthe
index �nger for clicking or drag drop operations(�g 2.1(b)). As the threeother �ngers are
hiddenunderthehand,they canbeheldin arelaxedpositionanddonothave to beheldtight to
thePalm.

As only themovementsof thethumbis modeledexplicitly andtheother�ngers arekeptstill or
hidden,therangeof motionof thede�nedgesturesis limited to thethreejointsof thethumb(see
�gure 2.4.1). As the DIP2 andespeciallythe MCP3 joints aredif�cult to bendindependently
of theCMC4 joint, thegesturescanbeencompassedby two, or possiblyonly one,degreesof
freedom.

2.4.2 Interface considerations

As theproposedsystemis thoughtto bethebasisof a �nger mousefor a point andclick type
of interface,it will bemoresuitablefor sometypesof interactionthanothers.Generallyit will
bewell suitedfor mostof thetasksfor which a normalmouseis usedon a desktopcomputer:
Navigatingmenus,freehanddrawing andselectingobjectsor icons.Additionally it canbeused
to pointator outlinerealworld objects.

2Distal Interphalangeal
3MetaCarpoPhalangeal
4Carpal-MetaCarpal
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(a) (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 applicationsrequiringextensive
datainput thegestureinterfacewill have to besupplementedwith awearablekeyboardor voice
recognition.

2.5 Problemstatement

Now that thechoiceof methodhasbeenmade,the initiating problemfrom section1.6 canbe
expressedasa formal problemformulation:

Theaimof thisprojectis to developa wearablevisionbased“point andclick” ges-
ture interfaceandunderlyinghandtrackingsystembasedontheCONDENSATION
algorithmanda contourmeasurementmodel.Thetracking systemmustbeableto
handleunknownandnonstaticbackgroundsandchanginglighting conditions.No
markers or sensors canbeattachedto thehandandactiveinfraredor otherforms
of controlled illuminationcannotbeused.

2.5.1 Assumptions

Thehandis assumedto bekeptat anangleto thecameraproviding a clearview of thethumb,
index �nger andbackof thehand,whenever interactionis desired.

Theuseris assumedto bebarehanded.
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Figure 2.2: X-ray of a hand showing the “point” gesture.



CHAPTER

Analysis

In the previous chapterit wasdecidedto addressthe problemof handtrackingby the useof
theCONDENSATION algorithmanda contourmeasurementmodel.This chapterwill explain
the theoreticalfoundationof the selectedapproach,and presentthe proposedadditionsand
improvements.

Themethodswill bedescribedin awayapplicableto trackingin general,with nospeci�c details
abouthow they will beadaptedfor handtracking.Howeverexamplesandimageswill generally
show themethodsappliedto trackingof hands.

3.1 Tracking and the CONDENSATION algorithm

This sectionwill provide an introductionto the theorybehindstatebasedobjecttrackingwith
the CONDENSATION algorithm. Startingwith an overview of the mathematicsbehindstate
basedtrackingin general.

3.1.1 Probability Theory Approachto Tracking

Thetaskof vision basedobjecttrackingcanbeseenasdeterminingthestateof anobjectfrom
aseriesof videoframes.

Thestateof thetrackedobjectin frame
�

is describedby ann-dimensionalstatevector ������� ,
where� is thespaceof all possiblecon�gurationsof theobject.Thehistoryof all con�gurations
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If themeasurementsfrom all � availableframes

 � ������������� �

areassumedconditionallyinde-
pendentgiventhestates
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In equation3.2 the observation density � � ��� �(' � ��� is an expressionof the likelihood that an
observedmeasurement� � hascomefrom thehypotheticalstate� � . To propagatetheposterior
from the last frame � �*) �+��� �*) � ' ! �*) ����� �*) � �

to thestatedensity� �*) � ��� � ' ! �*) ����� �*) � �
a modelof

theform � �����.� ' ���*) �

�
for theexpectedevolutionof thestateis required.Thismodelis generally

termeddynamics.

If themodelof thedynamicevolution of stateis basedon a �rst orderMarkov assumption,the
new stateis dependentonly on the immediatelyprecedingstateandindependentof theearlier
history:
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(3.3)

Theassumptionbehindequation3.3still allows for rathergeneraldynamicmodels.Stochastic
differenceequationscanbe implementedby includingintermediatevariableslike velocity and
accelerationin thestatevector � .

Following from equation3.3propagationof theposteriorcanbeperformedby:
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Applying theMarkov assumptionof independenceof previoushistoryto equation3.2gives:
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Insertingequation3.4in 3.5:
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A trackingsystemmustfor eachframetry to evaluateequation3.6. �
�

���
��� canbeseensimply

asa renormalizationconstant,andtheprocesscanthenbesummarizedas:
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It is generallynot possibleto obtainanexactresultfor equation3.6, thussomenumericalesti-
mateis theonly practicalsolution. TheKalman�lter hastraditionallybeenusedto solve this
problem. This however assumestheobservation density�������/�

'
�.�

�
to bea normaldistribution

and the dynamicsto be linear with addedGaussiannoise. From empiricalexperimentsit is
well known, that �

�
���

�('
�

��� is generallynot at all normallydistributed. In vision basedtracking
with backgroundclutter �

�
���

�('
�

��� is often multi modaldue to differentbackgroundfeatures
resemblingthetrackedobject.

To copewith theproblemof non–Gaussianobservationdensitiesanew approachto state-based
vision trackinghasemerged,startedby Michael IsardandAndrew Blake in 1996(Isardand
Blake [1996]).
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3.1.2 The CONDENSATION Algorithm

The CONDENSATION algorithmis a trackingframework combiningtrainedmotion models
andfactoredsamplingto accomplishthetaskof propagatingthestatedensityof atrackedobject
over time(IsardandBlake [1996]).

Thetrainedmotionmodelsareusedto get thebestpossiblepredictionof themovementof the
objectbetweenframes.Thoughasstatedin 2.4advancedmotionmodelswill not beaddressed
in thisproject.

In the following the CONDENSATION algorithmwill be introduced�rst in an informal and
qualitative wayandthenexplainedin amoreformal mathematicalfashion.

3.1.3 Principle of CONDENSATION Tracking

Thetaskof statebasedtrackingis to determinethecon�guration(spatialposition,3D orienta-
tion andpossiblyinternaldegreesof freedom)of anobjectfrom consecutive framesof video.
This canbeaccomplishedin a bruteforceway by testingevery possiblecon�gurationandthen
selectingtheonethatbest�ts thecurrentframe.

If all six degreesof spatialfreedomof the objectareto be determined,the statespaceof the
objectis six dimensional.Settingthenumberof possiblevaluesfor eachdegreeof freedomto

�����

, the taskof trackingby bruteforcethenrequires
�������

�

�

�

�����

�

�����

�

�����

�

�����

comparisons
of a statewith the imagedataper frame. Even with sucha limited resolutionandonly a six
dimensionalstatespaceit is clear, that it is computationallyimpossibleto performtrackingin
realtimeby bruteforce.

Insteadof comparingeverypossiblecon�gurationof theobjectwith eachvideoframe,theidea
behindCONDENSATION is to make a setof informedguessesof thecon�guration,compare
theseguesseswith the currentframe,andusethe resultof this comparisonasthe basisfor a
new setof guesseswhenthenext framearrives.Thenew guessesaremadeby selectingthebest
guessesfrom thelastframeandapplyingamodelof themovementof theobjectfrom oneframe
to thenext. Thesetof guesses(hereaftercalledparticles)will frameby frameconvergearound
thecorrectstateof theobject.

To beableto performtrackingusingthismethodtwo modelsmustbeavailable:

1. Motion modelencompassingknowledgeof how thestateof theobjectevolvesover time.
This is thebasisfor dynamicpropagationof theparticlesfrom oneframeto thenext. In
additionto a deterministicpart,basedon mechanicalpropertiesof theobject,this model
generallycontainsastochasticelementmodelingtheuncertaintiesin bothmodelanddata.

2. Measurement model describinghow physicalpropertiesof theobject,backgroundand
cameraproducethe featuresusedfor comparingparticleswith imagedata. This model
formsthebasisfor a likelihoodfunctionthatexpressthecon�dence,of aparticularparti-
clecorrespondingto theactualstateof thetargetobject.
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Thesemodelsmustbeconstructedbasedonapriori knowledgeof thespeci�c trackingproblem.
This knowledgecaneitherbe deducedfrom known physicalpropertiesof the tracked object,
the backgroundandthe lighting andcamerasetup,or it canbe learnedfrom video sequences
similar to whatthe�nal systemis expectedto handle.Thebetterthesemodelsarethebetterthe
performanceof thetrackingsystemwill be.

Now that the motion andmeasurementmodelshave beenintroduced,the CONDENSATION
algorithmcanbedescribedin moredetail.Thedescriptionis dividedinto two partsinitialization
andtracking.

Initialization

Initializationis performedwhenthetracker isstartedtoprovideaninitial estimateof theposition
of the target object. If the tracked object is lost, reinitializationcanbe performedto locateit
again.Thetrackingprocessis startedby performingthefollowing steps:

1. Initialize thetracker by creatinga setof initial particles(guesses)of thecon�gurationof
the tracked object. Theseparticlescanbe uniformly distributed in the featurespace,or
distributedaccordingto someapriori knowledgeof thepossibleinitial stateof theobject.

2. Compareeachparticlein thesetto the�rst frameandassignthelikelihoodto theparticle.

Tracking

After Initialization trackingis accomplishedby performingthe following stepsoncefor each
frameof videodata:

1. Createa new particlesetby selectingparticlesfrom theexisting setfrom the last frame.
Theexistingparticlesareselectedwith probabilitiescorrespondingto theirassignedlike-
lihoods.This stepwill selectparticlesthathave a goodresemblancewith theimagedata
multiple timesanddiscardparticlesthatdonot �t thedata.

2. Updateeachparticlein thenew setby applyingdynamics.Herebythe modelof object
movementis usedto predict,wheretheobjectwill mostlikely bein thenew framegiven
thepresentstateof theparticles.

3. Apply additive noiseto the particlesto allow for uncertaintiesin the measurementand
motion models. This is normally considereda part of dynamics. After this stepeven
multipleselectedparticlesfrom step1 will no longerhave exactly thesamestatevector.

4. Compareeachparticlein thesetto thenew frameandassignthelikelihoodto theparticle.

5. Determinethestateof thetrackedobject.Thiswill besomefunctionof theparticlesetfor
exampleaweightedaverageor simplythestateof theparticlewith thehighestlikelihood.

6. Repeatfrom 1 with thenext frame.
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(a)

(b)

(c)

(d)

(e)

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 (0th order motion model – dynamics only contain a stocastic element).
Duplicate particles are no longer identical (e).

If atleastoneof theinitial guessesissuf�ciently closeto theactualstateof thetrackedobject,the
particlesetwill quicklycenteraroundtheobjectstate,andremainlockedontargetassubsequent
framesare processed.The combinationof the deterministicand stochasticelementsin the
motionmodelwill ensure,that thecloudof particlesin statespacewill continueto beclosely
centeredaroundthestateof theobjectwhile maintainingrobustnessto unpredictedchanges.

As canbeseenfrom theabove, thenumberof comparisonsper frameduringtrackingis equal
to the numberof particles. This will normally be on the orderof 50 – 5.000which is a huge
increasein performanceover thebruteforceapproach.

Furtherdescriptionof themeasurementandmotionmodelswill follow after themathematical
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
introducedin section3.1.1.

Factoredsamplingis usedto overcomethe problemsof calculatingequation3.6. Insteadof
trying to �nd a closedform solution, the probability density is approximatedby a set of �

weightedparticles: ���

�
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. If the number
of particles� is suf�ciently large, this particlesetshouldrepresenttheprobabilitydistribution
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����� � suchthat selectinga particle �

�

with probability �

�

is approximatelyequalto drawing a
randomsamplefrom ����� �

(see�gure 3.2).

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

To performtrackingbasedon thefactoredsampling,theprocessin equation3.7is simulatedby
performingtheinvolvedoperationson theparticleset:
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Whenprocessingeachnew frame the prior distribution is the posteriordistribution from the
last frame�
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�*)
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�
representedby theparticleset % . From % a new set %'& is createdby

selecting� particles�

�

with probability �

�

allowing aparticleto beselectedmultiple times.The
state�

�

of eachparticlein %(& is thenupdatedaccordingto thedynamicsof thesystemto predict
theevolutionof thestatedensityandproduce�.�*)

�
���.�

'
!$�*)

�

�
.

After dynamicshave beenappliedmultiplicationby measurementdensitymustbeperformed.
For eachparticlethestate�

�

is projectedinto the image,comparedwith themeasurements� �

andthe likelihoodof the tracked objectbeingin state�

�

is calculated.The weights �

�

of the
particlesaresetto thecalculatedlikelihoodsandrenormalizedto ensurethat �
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. The
resultingparticlesetrepresentstheposteriordistribution �
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���
andcanbefedbackinto the

algorithmfor usein processingof thenext frame.

Theposteriordistribution � �-���.�
'

!$�
�

containsall theinformationavailableaboutthestateof the
tracked object,but it is a probabilitydistribution anddoesnot in it self specifyan exactstate.
To determinethebestestimateof thestateof thetrackedobjectsomefunctionof theparticleset
mustbeused.Examplesof functionsfor thisare:Takingtheaverageof thestatesof all particles

�

�

weightedwith �

�

, or selectingthestateof theparticlewith themaximum �

�

.

3.2 Contour MeasurementModel

This sectionwill explain how a measurementmodelbasedon a parametricdescriptionof the
contourof thetargetobjectcanbeusedto obtainthemeasurementdensity� �����/�

'
�.�

�
.
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Basingthe likelihood function on the contourof the object makes it very robust to varying
lighting conditions,astheshapeof theobjectis unlikely to bedrasticallyaffectedby changesin
thelighting.

In themeasurementmodelproposedin (IsardandBlake [1996]) and(IsardandBlake [1998a])
andelaboratedin (MacCormick[2002]) the contourof the tracked objectis approximatedby
a 2D B-spline(see�gure 3.3). For an in depthexplanationof B-splinessee(IsardandBlake
[1998a]).

B-splinesarede�ned by a setof controlpoints.To performtranslation,rotation,scalingor any
otherlinear transformationon thecontrolpointsis equivalentto performthesametransforma-
tion on theentirespline. Combininga contourrepresentedby a B-splinewith a statespaceof
eithereuclideansimilarities1 or af�ne transformationwill thereforeform a goodfoundationfor
a measurementmodel.Givena statevectorthecorrespondingtransformationis simply applied
to thecontrolpoints,andthesplinecanbeprojectedontothecurrentframefor comparison.

A B-splinemodel,incorporatinginternaldegreesof freedomof the target object,canbe con-
structedasa linearcombinationof splinesshowing theobjectin representative states.If these
basissplinescanbe createdmanuallyfrom handpicked representative imagesof the object.
Alternatively or they could be createdusingprincipal componentanalysis(PCA) on a large
numberof splines�tted to every framein a trainingsequence.Both approachesareexamined
in (IsardandBlake [1998a]),andgoodresultsfor handtrackingobtainedwith the�rst one.

Thecomparisonbetweena transformedb-splineanda videoframeis performedby measuring
thedistancesalonganumberof normalsfrom thesplineto nearbyedgesin theframe(see�gure
3.4).Thedistancesalongall thenormalsarethencombinedto form thelikelihoodvalue.Details
of how this likelihoodcanbecalculatedfrom thesplineto edgedistancesarecoveredin detail
in section3.3.

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

1Euclideansimilaritiesis thespaceof 2D translation,scalingandplanarrotation.
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(a) (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 Lik elihood functions

Whenthe contourdescriptionof the tracked objecthasbeencreatedandthe changesin state
from frameto framecanbepredicted,comparingthepredictedcontourswith theactualimages
is thenext step.This is accomplishedby locatingedgesin the imageandexamininghow well
eachpredictedcontourcorrespondsto theseedges.Theedgesarelocatedby searchingalonga
numberof normalsto thecontour. Edgesdetectedon thenormalsarereferredto asfeatures.

To derive anexpressionfor thelikelihoodof a setof featuresalonga normalresultingfrom the
target objectandnot from backgroundclutter, a modelof how thesefeaturesaregeneratedis
required.In thefollowing theprocessof designinga generative modelandlikelihoodfunction
will bepresentedbasedontwo examplesof likelihoodfunctionsfrom theliterature.Thenanew
likelihoodfunctioncapableof meetingtherequirementsof thisprojectis presented.

The detectedfeaturescan be divided into threecategoriesaccordingto what type of image
elementthey correspondto: Theedgeof theobject,interiorobjectedgesandedgesfrom back-
groundclutter(see�gure 3.5).Thegenerative modelcanthenbesplit into threepartsmodeling
thesecategoriesseparately:

Edgefeatures: Thesefeaturesarisefrom the edgeof the object itself, andshouldtherefore
be found on themiddle of the normal. As thecontourandstatespaceareidealizedap-
proximationsto theshapeof therealobject,thefeaturesfrom theedgewill notalwaysbe
exactly on thecenterof thenormal.A goodmodelof thedistribution canbeobtained,if
it is assumedthatthedistance� from theedgefeatureto thecenterof thenormalis drawn
randomlyfrom theboundarydistribution
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Interior Exterior

Interior features

Edge feature

Exterior features

PSfragreplacements
�

Figure 3.5: Illustration of the different types of features.

Where
�

is atruncatedGaussianand � is thelengthof thenormalcenteredonthecontour.
Theconstant� is chosenso

�

integratesto
�

. � is estimatedfrom data,andwill typically
bearound7 pixels (MacCormick[2002]). It is furthermoreassumed,that therefor each
normalis a �x edprobability ��� thattheedgeof theobjectwill notbedetected.

Exterior features: Edgeson thebackgroundor on any otherobjectthanthetargetobject.As
thebackgroundis consideredunknown only themostgeneralassumptionscanbemade
aboutthebackgroundfeatures.

Interior features: Edgesin the interior of thetargetobjectcanbecausedeitherby markings
on theobjector by the lighting (edgesof shadows andhighlights). If the markingscan
beconsideredstaticthey couldbeincorporatedinto themodelandusedto distinguishthe
objectfrom thebackground.Examplesof suchmarkingsare:Eyesin faces,windows on
carsandprintedlabelson variousobjects.If theobjectis known to beuniformly colored
it will probablyhave no interior edges.Suchknowledgeof absenceof interior edgesis
equallyvaluable.

3.3.1 SimpleLik elihood Function

Usingonly knowledgeaboutthedistribution of edgefeaturesasimplelikelihoodfunctionequal
to theoneusedin (IsardandBlake [1996]) canbeconstructed.Only thefeatureon thenormal
nearestto thecenteris usedandis assumedto be from theedgeof theobject. Thegenerative
modelis:

1. Draw � from
�

���
� in equation3.9. � is thedistancefrom thecenterof thenormalto the

nearestedge.

2. Draw



randomlyfrom
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��� and ��� respectively.



representswhethertheedgeof thetargetobjectwasdetectedor not.

3. If
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Thecorrespondinglikelihoodcanbeexpressedin partsas:
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Combiningtheabove equationsto gettheunconditionedlikelihood:
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Thesimplelikelihoodfor a the
�
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normalcannow beexpressedas:
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As � is clearfrom thecontext whenthegenerative modelknown (in this case� is �

�

), it will
beomittedin therestof thisproject.If themeasurementson theindividual normalsareconsid-
eredstatisticallyindependent,thecombinedlikelihoodfor all � normalscanbecalculatedby
equation3.16:
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This likelihoodfunctionwill performwell on a reasonablyunclutteredbackgroundbut will fail
in thepresenceof heavy clutter. Especiallyareaswith lots of �ne detailslike pagesof text will
distractatrackerbasedonthesimplelikelihoodfunction.Whenthecontourentersanarea�lled
with �ne detail, therewill be edgesdirectly underthecontourno matterhow it is con�gured,
andit will no longerfollow thetargetobject.

3.3.2 Interior exterior lik elihood

In orderto solve theproblemof trackingin densecluttera likelihoodfunction,takingthediffer-
encebetweenthedistributionsof featuresinsidetheobjectandon thebackgroundinto account,
mustbeused.Sucha functionsthe“interior exterior likelihood” is presentedin (MacCormick
[2002]). This functionis notdesignedspeci�cally for measurementlinesattachedasnormalsto
thecontour, andit thereforemeasuresthedistanceto edgefeaturesfrom theendof theline and
not from thecenter. In thefollowing a versionadaptedfor measurementlinesattachedascen-
terednormalswill beusedto describehow differencesbetweentheinteriorandthebackground
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canbeincorporatedinto a likelihoodfunction.This likelihoodfunctionis equalto theonepre-
sentedin (MacCormickandBlake[1998]),but thederivationhasbeenchangedin severalplaces
to becomemoreeasyto follow.

Both exterior and interior featuresareassumedto be generatedby a Poissonprocesseswith
densityparameters� and � respectively. As no a priori knowledgeexist aboutlocal properties
of thebackground� is consideredconstantover theentireimage. � mayvarybetweennormals
to model the presenceof known interior features.The densityfor the individual normals �

�canbe learnedfrom training data. The probability ��� � � � of �nding � featureson a pieceof
measurementline of length � placedon thebackgroundis:
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Similarly theprobabilityof detecting� featuresonthepieceof ameasurementline of length �

lying entirelyinsidetheobjectat thepositionof normalnumber
�

is:
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Thepositionsof the � exterior features
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considereduniformly distributed.Thatis onaninterval of length � theprobabilityof adetected
featureto belocatedat theposition � is:
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The probabilitiesof the � or � featuresbeing locatedat the positions
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Now that thedistributionsof interior andexterior featureshave beendescribed,thegenerative
modelfor edgefeaturesin the “interior exterior likelihoodfunction” for normalnumber

�

can
beestablished.Thenormalsareall of length � , centeredon thecontourandorientedfrom the
insideto theoutsideof theobject.

1. Draw � from thetruncatedGaussian
�

���
� in equation3.9. � is thepositionof theedgeof

thetargetobjectalongthenormal.

2. Draw
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representswhethertheedgeof thetargetobjectwasdetectedor not.
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4. Draw thenumberof exterior features� randomlyfrom �

����� )

$

� � � , anddraw their posi-
tions
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6. Report 
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Basedon thegenerative modelthelikelihoodfunctioncannow beconstructed.Theprobability
of thegenerativemodelproducingtheset
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It is not reportedwhich oneof the � featuresis the oneresultingfrom the edge. Neither � ,
� or � arethereforeknown. Any oneof the � featurescouldbe theonefrom theedge.The
likelihoodof theset,giventhatthe 
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featureis known to befrom theedge,canbecalculated
as:
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Summingover the � possibleedgefeaturesgivesthelikelihoodassumingno knowledgeof 
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is the probability of the 
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featurebeing the one from the edgeof the object. This
probabilitycanbecalculatedbasedon thedistanceto thecenterof thenormalof theindividual
features:
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If theedgeis notdetected� is notoneof the � reportededgefeaturesbut mustlie betweentwo
of these:
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For usein thefollowing thefunction �"��� � �/��� � is de�ned:
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This is theprobabilityof �nding � interiorand � exterior featuresif theedgeof theobjectwas
notfoundbut is known to beatposition � . Thehiddenvariable� canberemovedby integration:
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 � (3.27)

As in equation3.24acombinedlikelihoodcanbecalculatedby summingover all N features:
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Parallelto equation3.14theinteriorexterior likelihoodfor the
�

&

� �

normalis theunconditioned
likelihoodproducedby combiningequations3.24and3.28:
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Assumingthemeasurementsateachnormalindependent,thecombinedlikelihoodfor theentire
contourcorrespondingto thestatevector � canbecalculatedastheproductof the likelihoods
of theindividual normals:
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� (3.30)

Thelikelihoodexpressedby equation3.30incorporatesasmuchinformationaspossibleabout
the detectededges. Even thoughit can be simpli�ed algebraically, and several partsof the
equation,for example

�

���
� , �/���

� , ��� �
� and

�

��

�

, canbereplacedby lookupsin precalculated
tables,it will remaincomputationallydemandingasthesumshave to becalculatediteratively
over thedetectededges.Anotherdisadvantageis, that thedimensionalityof themeasurement
vector



� ���

�
is not �x ed,andthetime requiredfor computationwill vary with thenumberof

detectededges.
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A likelihoodfunctionwith �x eddimensionalityof measurementsandconstanttimerequiredfor
computationaredescribedin (MacCormick[2002]). It is calledthe"orderstatisticlikelihood"
asonly the �r st order statisticandthe numberof thedetectedfeaturesareused.Much infor-
mationaboutthe detectedfeaturesis ignored,andthe orderstatisticlikelihooddoesnot take
into accountthedifferentdistributionsof interiorandexterior features.It will thereforeperform
signi�cantly worsethantheinteriorexterior likelihoodin thepresenceof denseclutter.

A new generative modelandlikelihood function with �x ed dimensionalityof measurements,
constantcomputationalrequirementsandincorporatingknowledgeof thedifferentdistributions
of interior andexterior featuresis proposed.In thefollowing thegenerative modelis described
andthecorrespondinglikelihoodfunctionderived.

3.3.3 Interior Exterior Order Statistic lik elihood function

Inspiredby theorderstatisticlikelihoodin (MacCormick[2002]),the�rst orderstatisticwill be
used.Howeverwheretheorderstatisticlikelihoodonly countthetotalnumberof featuresfound,
the likelihood proposedin this sectionwill utilize individual countsof interior and exterior
features.Thisnew likelihoodwill thereforebecalledtheInteriorExteriorOrderStatistic(IEOS)
likelihood.

In orderto develop the likelihood,thegenerative modelfor the
�

&

���

normalis formulated(see
�gure 3.6). Thenormalsareof length � , with zeroin thecenterandorientedfrom theinsideto
theoutsideof theobject.

Interior Exterior

PSfragreplacements
�

�
�

"

� �

Figure 3.6: Illustration of the different types of features.

1. Draw � from thetruncatedGaussian
�

���
� in equation3.9. � is thepositionof thefeature

from theedgeof thethetargetobject.

2. Draw 
 randomlyfrom 
����	��

�
�������


 � with probabilities
�

�

��� and ��� respectively. 


representwhethertheedgeof theobjectweredetectedor not.

3. Draw thenumberof interior features� randomlyfrom �

�������

$




�

���
�
, anddraw their po-

sitions 


�

� �

�

���������

�

"

� from ������ �

� � ���

���

�

.

4. Draw thenumberof exterior features� randomlyfrom �

�����
)

$

� �
�
, anddraw their posi-

tions



�
�

���
�

���������

�

�
from ������ � �,�

� ���

�

.
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5. If



is
������


:

(a) Set�

"

� �

to thepositionof themostcentralfeaturein theset 
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���

�

���������

�

"

��� ��������� �����������
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� .

If 
 is ������� 
 :

(a) Set�

"

� �

to thepositionof themostcentralfeaturein theset 


�

���

�

���������

�

"

��� �����(�����������

�

� .

(b) If �

"

� �

� 


�

� �

�

���������

�

"

� :

Setm = m - 1

Otherwise:

Setn = n - 1

6. Report 
��

"

� �

� � � � � .

As with thesimpleandexterior interior likelihoods,thederivationof thelikelihoodfunctionis
dividedinto thetwo casesof theobjectedgebeingdetectedor not.

Edgenot found ( 
 �
�������


 )

As �

"

� �

is thedistanceto thecenterof themostcentralof the �

�

�

�

�

featuresfound,all other
featuresmusthave a distancegreaterthanor equalto �

"

� �

. The probability densityfunction
(pdf) for thepositionof themostcentralfeaturecannotbefounddirectly. It will beestablished
by determiningthecorrespondingcumulative densityfunction(cdf) andthendifferentiating.

Theprobabilityof thedistancefrom thecenterto asinglefeaturebeinggreaterthanor equalto
� is:
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(3.31)

As thepositionsof thefeaturesareassumedindependent,thecombinedprobability, that 
 fea-
turesall lie atdistancesfrom thecentergreaterthanor equalto � , canbecalculatedasaproduct
of the 
 individual probabilities:
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(3.32)

Thecdf � �

�

�
for thepositionof themostcentralof 
 featuresfrom a uniform distribution can

befoundfrom 3.32:
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Differentiating3.33with regardto � :
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As
' �

"

� �

'
will alwaysbein theinterval �

�

�������

�

, theresultingpdf is:
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Theprobabilityof getting � interior- and � exterior features,if thenormalis centeredon the
borderof theobject,canbecalculatedas:
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� � � (3.36)

The distancefrom the centerof the normalof the mostcentralfeature � is not used,as this
featureis known to beeitheraninterior or exterior featureandnot from theedgeof theobject.
However it is not accountedfor in � or � , andit will have to beaddedto theright category. If
thefeatureat �

"

� �

lies on the interior partof thenormal,it shouldcountasan interior feature
or asanexterior featureif it lies on theoutsidepart. That is if �
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thenset � � �
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otherwiseset � � �
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. Adding this to equation3.36:
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Equations3.35and3.37canbecombinedto form the likelihoodthat the
�

' th normal,centered
ontheborderof theobject,will produce�
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featureswherethemostcentralis atposition
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Edgefound ( 
 � ������
 )

Evenif theborderof theobjectis known to have beendetected,thefeatureat position �

"

� �

is
not necessarilyfrom theborder. Similar to thecasewheretheborderwasnot detected,thecdf
for thepositionof themostcentralof 
 uniformly distributedfeaturesis expressedby equation
3.33.

Thepdf
�

���
�

of theposition � of the featurefrom theborderis equation3.9 repeatedherefor
convenience:
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Theprobabilitythatthefeatureresultingfrom theborderwill beat anabsolutepositiongreater
thanor equalto � canbefoundfrom 3.39by integration:
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Combiningequation3.40with 3.32yields:
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Where
 � �

�

� is thetotalnumberof interiorandexterior featuresfound.From3.41thecdf
canbefound:
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Equation3.42is differentiatedwith regardto � :
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It is notknown if thefeatureat �
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is from theedgeof theobject.Theprobabilityof getting �

interior and � exterior featureson theinteriorandexterior partsof the
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normalrespectively
canconsequentlyonly beapproximatedas:
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Theprobabilityof �nding � interior and � exterior featureswith a minimumdistanceof �
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� �

to thecenterat the
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normalis then:
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Theinteriorexteriororderstatisticlikelihoodfor the
�

&

���

normalis producedby combining3.38
and3.46:
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(3.47)

Assumingindependenceof the normals,the likelihoodof the entirecontourcorrespondingto
thestatevector � is:
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(3.48)

Equation3.48 is too long to be statedin its entiretyin the above, andconsequentlyseemsto
bea very costlyexpressionto evaluate.Upon inspectionhowever it is apparent,that it canbe
reducedto asmallnumberof lookupsin precalculatedtablesof for example

�

���
�
,

�

�

)

�

�

���
��


� ,
�/��


�
, � ��


�
and �
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�

'

�

'

� ���

�

� . As both � and 
 areintegerslimited to thelengthof thenormals
�

� ��������� ���

�

, thesetableswill only requireasmallamountof memory.

Reducedto a small andconstantnumberof table lookups,additionsandmultiplications,the
IEOS likelihood function will only requirea limited and constantamountof computational
power. However comparedto the simplelikelihoodit is capableof trackingthe target object
evenin thepresenceof denseclutter.

3.3.4 Adding color to the contour lik elihoods

All thedescribedcontourlikelihoodsarebasedonly on informationaboutedgesin the image.
Consequentlyeven the IEOS likelihood fails undercertaincircumstances.To copewith the
situationswhereedgeinformationaloneis notsuf�cient for reliabletracking,thefollowing will
proposeacolorextensionto thecontourlikelihoods.

Color is a very strongcluefor tracking,but theperceivedcolor of anobjectis stronglydepen-
denton several factors: Lighting conditions,camerawhite balanceandexposureandsurface
properties(re�ections).Consequentlycolorastheonly cluein trackingrequiresrobustadaptive
colormodelscapableof handlingchangesin theseconditions.

If a staticcolor model,thatdo not adaptto changesin lighting, is used,only themostgeneral
assumptionsaboutthecolorof thetargetobjectcanbemade.

In thecontext of thisprojectthecolorinformationis only usedasasecondaryclueto thecontour
basedtracker, andto aid in theinitialization.

As an extensionof the contourlikelihoodsfrom the previous sections,the following will de-
scribea generative modelandlikelihoodfunctionfor thecolor observationsof thetracked ob-
ject. Thisextensionis basedin parton (MacCormick[2002])but modi�ed to work on theHSV
colorspaceto becomemorerobust to lighting andshadows.
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In HSV color spacechromaticinformationareseparatedfrom shadingeffects(Gonzalezand
Woods[2002]). HueandSaturationexpressthecolorandpurity of colorrespectively, andValue
expressthelight or darkness.Themainadvantageof HSV over RGB is thathueandsaturation
remainconstantbetweenshadedandnonshadedareasandunderchanginglighting intensities.

The target object is assumedto be of uniform color. The probability ��� ��� �
that a HSV pixel

of color � � 


�

�

!

� � � � �

�

�

�����

is of target color is assumedto dependonly on the hueand
saturation.Additionally theprobabilityis assumedto benormallydistributed:
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(3.49)

Where 


�

�

!

�
and � are the meanandcovarianceof hueandsaturationof the target object.

Thesecanbe learnedfrom handsegmentedframesor by trackingtheobjectunderconditions
whereacontourlikelihoodis suf�cient. � is anormalizationconstantselectedso � integratesto

�

over theHSplane.It is importantthatthelearningsetcontainsexamplesof thetargetcolor in
asvariedlighting conditionsascanbeexpectedduringoperation.

As no a priori knowledgeexists aboutthebackground,thecolor of backgroundpixels areas-
sumedto beuniformly distributedon theHSplane:
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(3.50)

Thereis asmallprobability
�

of aninteriorpixel notbeingof theuniformobjectcolor. Thismay
bedueto partialocclusion,cameraor framegrabbernoiseor smallpartsof theobjecthaving a
colorverydifferentfrom themean.Thelastcasecanfor examplebetheeyesandmouthin face
tracking.

Basedontheassumptionsdescribedabove,thegenerativemodelandlikelihoodfunctionfor the
colorof interiorpixelscanbestated:
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 is drawn randomlyfrom 
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2. If
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Draw hue
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�
in equation3.49.

If
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Draw hue
�

andsaturation
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�
in equation3.50.

3. Report 


�

�

!

�

Thelikelihoodfunctionfor thecolorof onepixel producedby thisgenerative modelis:
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(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
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of thesetof � pixelscorrespondingto thestatevector � is then:
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(3.52)

Thecolor likelihoodcanbecombinedwith any of thecontourlikelihoods,for exampletheIEOS
likelihood:
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(3.53)

In practicethechromaticinformationin a HSV pixel is only reliableif thesaturationandvalue
arenot too small (Perezet al. [2002]). To handlethis, only pixels with

!�� �

�

�

and
�

� �

�

�

areusedfor calculatingthecolor likelihood,pixelsthatdonotpassthetestareconsideredto be
from thebackground.

3.3.5 Contour lik elihood ratio

Thegenerativemodelsdescribedin theprevioussectionform thebasisfor thecontourlikelihood
functions. They canalsobe usedto derive backgroundlikelihoodfunctions,that is functions
expressingthe likelihoodthata givensetof featureswasproducedby thebackground.Based
on thegenerative modelfor theIEOSlikelihoodthebackgroundlikelihoodfor a singlenormal
will be:
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(3.54)

Thecorrespondinglikelihoodfor all � normalson theentirecontouris:
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(3.55)

To determinewhetheragivencontourmostlikely matchesthetargetobjector areplacedon the
background,theContourLikelihoodRatio(CLR) is introduced:
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If theCLR is greaterthanone,thecontouris mostlikely placedon thetargetobject,if it is less
thanoneit is mostlikely placedon thebackground.
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Fromtheprevioussection,thebackgroundlikelihoodfor thecolormodelis:
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Consequentlythecolor likelihoodratio is equalto thecolor likelihood:
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Combiningthis with the IEOS CLR of equation3.56 producesa very robust likelihoodratio
function,thatwill beusedfor thetrackingin thisproject:
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3.4 Statespace

As introducedin section3.1.1thestatespaceis thesetof all possiblecon�gurationsof thestate
vector. Thedimensionalityof this spacewill at leastcontainthespatialpositionof thetracked
object,but canalso includeorientationand internalcon�guration. In the context of contour
basedtrackingseveralparameterswill have to beconsideredwhenselectingthestatespace:

1. 2D positionof theobjectin thevideoframe.

2. 3D orientationof theobject.

3. Changein sizeof theobjectdueto changein distanceto thecamera.

4. Perspective distortionof thecontour.

5. Internalstateof theobjectaffectingtheshapeof thecontouron theimageplane.

6. Variationsamongdifferentobjectsof thetargettype.

Any statespacewill containthex andy positionsof theobject. To beusable,without putting
unreasonableconstraintson the allowed motion of the object, rotationandscalingmustalso
be represented.If rotation is limited to the imageplane,this canbe accomplishedusingthe
spaceof Euclideansimilarities. 3D rotationandperspective effectscannot beaccommodated
by Euclideansimilarities,trackingusingthis statespaceis thereforelikely to fail, unlessthe
objectis keptat constantangleto thecameraatall times.

Perspective distortioncould be handledby incorporatingperspective projectioninto the state
space,however this is annon-lineartransformation.This is undesirableastheshapespaceis a
vectorspaceandthusrequireslinearity.
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Weakperspective distortion,aswhenthesizeof theobjectis muchsmallerthanthedistanceto
thecamera,canbeapproximatedby planaraf�ne transformation.This is thesetof all possible
lineartransformationsappliedto thepointsof r � �

!

�
thecurve:
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(3.60)

Beinglinear, computationallysimpleandableto handletranslation,rotationandminorperspec-
tiveeffectsAf�ne StateSpaceis selectedfor thetrackingin thisproject.

Equation3.60containssix independentvariables
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sultingstatespacesix degreesof freedom.
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� is directly thecoordinatesof thetracked
objectin the imageplane,andthe boundariescanbe setto the width andheightof the video
frames.Furthermoreamotionmodelis easyto establishas 
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� correspondto basicmechan-
ical propertiesof theobject.Theentriesin

�

however have no suchintuitive interpretationand
motionmodelscanthereforenoteasilybeestablished.

To aid in theselectionof motionmodelsin theaf�ne statespace,theentriesin
�

arereplaced
with four new more intuitive parameters:Planarrotation,horizontalandvertical scalingand
shear. Eachof thesebasictransformationscanbe performedasan af�ne transformation(see
equation3.61and�gure 3.7),andasaf�ne transformationis linear, applyingeachin turn will
producetheeffect of thecombinedtransformation.
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 correspondingto performingscaling,shearandthenrotation
canbecalculatedby multiplying thematricesfor theindividual operations:
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(3.62)

The completeaf�ne transformationwith the six degreesof freedom: Translation
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� ,
planarrotation � , scaling
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� andshear� canbewrittenas:
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(a) (b) (c)

(d) (e) (f)

Figure 3.7: Af�ne 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

Themotionmodeldescribestheevolution of thestateover time, it mustbeableto predictthe
changesof thestatefrom frameto frame.If thedimensionsof thestatespaceareassumedto be
independent,themotionmodelcanbeseparatedinto oneindividual modelfor eachdimension.
The modelsfor the individual dimensionscan be more or lesselaborateddependingon the
natureof themotionandknowledgeabouttheinvolveddynamics.

Discretetime motionmodelsarecategorizedby how many previousstatesthey includein the
prediction.In thefollowing descriptionposition,velocityandaccelerationat time

�

aredenoted
by �

� , ��� and �
� respectively.

0th order motion: Only informationfrom the most recentframeis used. This is a constant
positionassumption.

�
� �

�
�*)

� (3.64)



48

1storder motion: Oneprevious time stepis usedin additionto the mostrecent.Herebythe
rateof changeor velocitycanbecalculatedandusedfor prediction.This modelassumes
constantvelocity.
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(3.65)
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2nd order motion: Two previous time stepsareused.Both velocity andaccelerationarecal-
culatedandusedin theprediction.Constantaccelerationis assumed.
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More elaboratemotion modelscanbe constructedfrom training setsof video data(Isardand
Blake [1998a]).This requiresdatawherethemovementof theobjectis known or easilyobtain-
ableeitherby manuallabeling,robustoff line processingor by usingalearningsetwith asimple
background.Dynamicmodelslearnedfrom datado not necessarilyhave the constraintof in-
dependenceof dimensions,andcanprovide signi�cant improvementscomparedto nonlearned
models.

The bene�t of moreprecisemotionmodelsis, that thesetof particlesafterpredictionwill be
morecloselycenteredaroundthepositionof theobjectin thenew frame. Consequentlyfewer
particleswill berequiredto ensurethesamequalityof tracking.

However in 2.4 it was decidednot to usedetailedmotion modelsin this project due to the
unpredictabilityintroducedby headmovement.

No matterhow elaborateand well trainedthe motion model is, it will never provide 100%
precisepredictions.To beableto compensatefor this anestimateof thepresicionof themodel
is needed.Thenthesizeof thesearchareaaroundthepredictedpositioncanbedeterminedwith
con�dence.Themodelof predictionerrorsis calledthemeasurementnoise.

3.5.1 Randomwalk

0th ordermotion with Gaussianmeasurementnoisecanbe modeledby a “�rst orderMarkov
chain”model.Thatis eventhoughthenext statemaydependonall thepreviousstates,only the
immediatelyprecedingstateis usedfor prediction:
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In thesimplestform theonedimensionalstate�
�

evolvesover time only by additive Gaussian
noise:
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Theprobabilitydistribution of thestatein thenext frameis only dependenton thedistanceto
thestatein thepreviousframe.It is aGaussiancenteredon thelaststate.

Predictionbasedon thismodelcanbeperformedsimplyby addingGaussiannoiseto theprevi-
ousstate.In onedimensionthiscanbemodeledby theprocess:

� � � � �*) �
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�  � (3.69)

� � is aonedimensionalpositionat time
�

,  � is a randomvariablewith distribution 	 �

�
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� and
� is themeanstepsize.Onshorttimescaletheprocessin 3.69modelsmallrandomstepsaround
thestatingposition,but on a longerscaleit tendsto drift off unbounded(see�gure 3.8). Many
of thedimensionsin thestatevectorareboundedby mechanicalconstraints,andequation3.69
is consequentlynotanappropriatemodel.

3.5.2 First order auto-regressive process

A way of creatinga constrainedrandomwalk is by anauto-regressive (AR) process.0th order
motionin onedimensioncanbemodeledby the�rst orderAR process:
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is thepositionat time
�

, � is themeanor expectedpositionof theobjectand  
�

is a random
variablewith distribution 	 �
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. If �
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thenequation3.70is equalto equation3.69andthe
meansizeof therandomstepsis � . If �

�

�

thestepswill have anelementtowardsthemean
position � proportionalto thedistanceto themean.This will preventthepositionfrom drifting
off unbounded.In theform of equation3.68the�rst orderAR processis:
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If �
�

�

�

�

� and
�

�

�

�

�

thenequation3.70 is indistinguishablefrom equation3.69on
theshortscalebut � � is boundedon thelongertimescaleby theGaussianenvelope	 ��� ��� ��� �

�

�

�

(see�gure 3.8).Thelongtimescalepropertiescanbedeterminedby calculatingthesteadystate
distribution. This is doneby evaluatingtheexpectationandvarianceof equation3.70:
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From equation3.72 it canbe seenthat the expectedvalueis independentof the last stepand
thereforethelong termandsteadystatemeanis:

�� � � � (3.73)

Thesameevaluationis repeatedfor thevariance:
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Thesteadystatevariance ��
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mustbea �x edpointof equation3.74:
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From the calculationsabove it canbe seen,that 3.70 will producerandommotion with long
termpropertiesdescribedby thenormaldistribution 	 � � �
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is closeto 1 the
averagesteplengthwill be � , andon theshorttermthemotionwill be indistinguishablefrom
thatof equation3.69. If �
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thenequation3.70is equalto equation3.69andwill produce
anunconstrainedrandomwalk. In thecaseof �

�
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themotion is unstable,asit canbeseen
from equation3.74thatthevariancewill grow fasterandfasterwith eachiteration.

3.5.3 Constantvelocity model

Thex andy positionsof theobjectin theimagegenerallydonotconformwell with theconstant
positionassumptionof the �rst orderAR process.A constantvelocity model is generallya
betterapproximation.The constantvelocity predictioncanbe performedby a specialcaseof
thesecondorderautoregressive model:
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Equation3.76doesnot make any assumptionsor predictionsaboutthelong termpropertiesof
themotion.Only � will have to beestimatedfrom trainingdata.



51

0 5 10 15 20 25 30 35 40
�10

�5

0

5

10

15

20

25

30

35

40

time

po
si

tio
n

(a)

0 200 400 600 800 1000
�10

�5

0

5

10

15

20

25

30

35

40

time

po
si

tio
n

(b)

0 5 10 15 20 25 30 35 40
�10

�5

0

5

10

15

20

25

30

35

40

time

po
si

tio
n

(c)

0 200 400 600 800 1000
�10

�5

0

5

10

15

20

25

30

35

40

time

po
si

tio
n

(d)

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 orderautoregressive modelfor prediction,the involved parameters�

and � will have to beestimatedfrom trainingdata. � canbecalculateddirectly asthestandard
deviationof thesteplengthfrom onesampleto thenext:
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If thesteadystatevariance��

�

�

is calculatedasthevarianceof thepositionsof all samplesin the
trainingdata,then � canbedeterminedfrom equation3.75:
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In thecaseof theconstantvelocity model, � canbe estimatedasthestandarddeviation of the
predictionerror:
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3.5.5 Initialization

Whenthetracker is started,it will have to beinitialized. Thestatevectorsfor the initial setof
particleswill have to beselectedrandomly. Thiscanbedoneuniformly over thestatespace,but
a muchbetterchoiceis to usean a priori distribution basedon thesteadystatedistribution of
themotionmodel.

The steadystatedistribution of the �rst order AR processis 	 � � �
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� which hasexactly
themeanandvarianceof the trainingdata. This distribution canbeuseddirectly for drawing
randomstatevectors. The constantvelocity modeldoesnot have a well de�ned steadystate,
andtheuniformdistribution is thereforea reasonablechoice.

TheCLR indicatesmostlikely correspondto thehandor to backgroundclutterRunningreini-
tializationcouldbeperformed,by drawing a new statevectorfrom thea priori distribution for
any particlewith a likelihoodlower thansomethreshold.



CHAPTER

Design

This chapterwill explain all the speci�c choicesmadeto adaptthe methodsandalgorithms
describedin chapter3 to handtrackingwithin thespeci�c requirementsof this project. Addi-
tionally practicaldetailsof theimplementationwill bedescribed.

4.1 Creationof the hand model

In orderto performtrackingwith thecontourmeasurementmodel,aB-splinemodelof theshape
of thehandhasto becreated.

As thetracker in this projectis to determinetheangleof the thumbin additionto theposition
andorientationof thehand,thehandmodelmustencompassthevariationsin theshapeof the
contourof thehandasthethumbanglechanges.Thegesturesetin this projectcanbemodeled
with just this oneinternaldegreeof freedom.Thehandmodelcanthereforebebasedon only
two basissplines�tted to thehandin framesshowing apointandaclick gesturerespectively.

To facilitatethecreationof thebasissplines,a B-splineeditorwascreated.In theeditorvideo
framescanbeloadedfrom image�les (BMP, JPGor other),andthesplinescanbedrawn around
thehandby placingandmanipulatingcontrolpointswith themouse(see�gure 4.1(a)).

To createthesetof two basissplines,a splinewas�rst �tted to an imageof thepoint gesture
andsaved to an ASCII �le. Thenan imagewith thehandin the samepositionbut showing a
click gesturewasloaded,andthecontrolpointsmovedto makethesplinefollow thethumb(see
�gure 4.1(b)). Thesetwo splineswerethenloadedinto the tracker andcombinedusinglinear
interpolation.

4.2 Statespace

The statespaceis the spaceof planaraf�ne transformationwith oneaddeddimensionfor the
positionof the thumb � . Pointsin theresultingseven dimensionalstatespacearerepresented
by statevectorsof thetype: � �
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4.3 Featureextraction

The likelihoodsof section3.3 arebasedon edgesin the imagesdetectedalongnormalsto the
contour. How thisedgedetectionis performedandhow thenormalsareextractedfrom thevideo
frameswill bedescribedin 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

Edgedetectioncouldbe performedon theentireimagefor eachframe,but asonly edgesthat
crossnormalsto the splinesare of interest,it is much more ef�cient only to perform edge
detectionalongthenormals.This is accomplishedby simpleonedimensionalconvolution and
subsequentthresholding.The convolution kernelused,asproposedin (MacCormick[2002]),
canbeseenin equation4.1. Practicalexperimentationshowedno signi�cant performancegain
by usingakernellearnedfrom testdata.
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(4.1)

Pixelson thenormalsareclassi�edasfeatureor nonfeatureby thresholdingtheabsolutevalue
of theoutputof theconvolution. During experimentson the learningset,thetracker displayed
greatrobustnessto theselectionof this threshold.A goodall roundvaluehasthereforesimply
beenselectedby trial enderror. Only thegreenchannelin theRGBimageis usedfor thefeature
extractionasthisprovedto bethemostreliable.

4.3.2 Normal extraction

In orderto performthe onedimensionalconvolution of section4.3.1,the imageintensityhas
to besampledat regular intervalsalongthenormals.Doing this on anarbitrarily orientednor-
mal will generallyproduceundesirableartifactsandpossiblymultiple samplesfrom thesame
pixel. This is causedby thediscretenatureof thedigital images(see�g 4.2). In (Isard[1998])
bilinearinterpolationis usedto solve theproblem,thishoweverquadruplesthenumberof pixel
operationsinvolved in extractionof thenormals.To keeptheprocessingrequirementsaslow
aspossibleit waschosennot to useinterpolationin this project. As the tracker seemedto be
robust to theselectionof theotherparametersin the featureextraction,this is not expectedto
causesigni�cant degradationof performance.
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Extracted pixel

Dual pixel

Ideal sample

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

Theextractionis performedwith a Bresenhamline algorithm1 modi�ed for speed.Depending
on theorientationof a normalof �x edlength,thenumberof samplesandthedistancebetween
themwill change(�g 4.3). As the inter sampledistancewill not beconstantalongthenormal,
the convolution cannot take this effect into account. However the reportedpositionsof the
detectedfeaturesshouldbecompensated:
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(4.2)

Here � is the orientationof the normal,
�

& is the sampleon the normalcorrespondingto the
featureand

�
is thecompensatedpositionof thefeature(see�gure 4.4).

1 pixel

2 pixels

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

1Oneof theoldestalgorithmsin computergraphics.Developedby JackE. Bresenhamin 1962,andpublishedin
IBM SystemsJournal,vol. 4, no. 1, pp. 25±30,Jan.1965.
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Figure 4.4: Difference between actual and reported distance to a feature.

4.4 Stateselection

Whentheposteriordistribution is known, representedby aweightedparticleset,somefunction
of theparticlesetcanbeusedto estimatethepositionandstateof thehand.

The simplestmethodis to selectthe stateof the particle with the highestlikelihood score.
This producesa very unstableandnoisy output,asonly informationfrom a singleparticleis
used.A muchmorestableestimatecanbe obtainedby calculatingtheaverage� of thestates



�
�����������

�

� of all � particlesweightedwith their correspondinglikelihoods

�/���������	�

�

� :

�
�

�

�

��


�

�

�

�

�

(4.3)

Themainconcernaboutthis functionis thatin situationsof multiplehypothesesit will produce
anoutputlying betweenthemainhypothesesin thestatespace(see�gure ??).

In empiricalexperimentsthis hasprovednot to bea problem.Whenmultiplehypothesesarise,
the lessprobablehypotheseswill quickly die out again,andwhile in existencethey will not
haveenoughweightto in�uence theaveragestatenoticeably. Theonly scenariowheremultiple
hypothesescanexist for a signi�cant amountof time is if two equallyprobableobjectsexist in
theimage.In this casea tracker designedto trackonly oneobjectwill not have a well de�ned
behavior anyway.

As weightedaveragehasprovedto performwell for thetrackingin thisproject,moreadvanced
methodsof stateselectionhasnotbeeninvestigatedfurther.

Whenthe numberof particlesis increased,the two methodsconverge towardsthe maximum
likelihoodestimate(MLE) andthemaximummeansquarederror(MMSE) respectively (Mac-
Cormick[2002]).

4.5 SimpleTracker

Both themotionmodelandthe likelihoodfunctionincludea numberof constantsthatmustbe
determinedfrom trainingdata. To extract thesedata,a simpletracker wasbuild basedon the
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simple likelihoodfrom section3.3.1anda handtunedmotion model. This tracker wasused
for off line processingof videosequencesrecordedon a uniform background.Thevideoclips
wererecordedwith the sameHMD andcamerasetupasthe �nal tests(seesection5.1). The
trainingsequences(listedin table4.1)wererecordedshowing arepresentative rangeof motion,
andlighting conditions:

Sequence Translation
Planar

Rotation
3D

Rotation
Thumb

Movement
Head

Movement
Illumination

inwall01 Slow No No No No Indoor
inwall02 Fast Slow Slow Dragdrop No Indoor
outwall01 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
Dragdrop

Moderate Outdoor

outwall05 Slow Slow Slow Clicking Slow Outdoor

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

Trackingwasperformedwith 2000particles,asthisprovidedreliableresults.Thelengthof the
normalswereset to �
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. For eachframethe following datawasrecordedfor the
splinecorrespondingto theweightedaverageof thestateof all � particles(equation4.3):

1. Thestateof thehand�
�
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�
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�
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�
.

2. Thenumberof detectedinteriorandexterior featureson eachnormal.

3. Thepositionof themostcentralfeatureon all normals.

4. TheHSV colorof theinnermostpixel on eachnormal.

4.6 Motion model

In accordancewith section3.5 the individual dimensionsin thestatespaceareconsideredin-
dependent,andmodeledby �rst orderAR processes.Theonly exceptionis � and � translation
thataremodeledasby secondorderAR processeswith constantvelocity. Consequentlythere
are12 motionconstantsto bedeterminedfrom thelearningset. In additionthemeanandstan-
darddeviation for eachdimensionarecalculatedto determinethea priori distribution usedin
initialization.

Thesearecalculatedby addingthe motiondatafrom the individual trainingsequencesendto
end,andusingtheequations3.77,3.78and3.79.Theobtainedresultsandthemeanandstandard
deviation for eachdimensionarepresentedin 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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� axesthat areassumeduniform. To qualify this assumption,histogramsof the positionsfor
all dimensionsareshown in enclosureI togetherwith the distributions correspondingto the
extractedparameters.

Thehistogramsof thepositionsfor thefour af�ne parametersshow distributionsthatmight not
bestrictly Gaussianbut verify thatamodelassumingnormaldistribution is areasonablechoice.
For the � and � positionstheuniform distribution of theconstantvelocity modelseemsto bea
betterchoice.

Thepositionsalongthethumbaxisis clearlynotnormallydistributed.Thehistogramshowstwo
distinctpeaksat positionscorrespondingto thepoint andclick gestures.Trackingusingthe � ,

� and �� calculatedform thetrainingset(table4.2)will not beableto follow thefastmovement
of thethumbin thetransactionsbetweenthegestures.A methodfor handlingthis is presented
in thefollowing section.

Dimension �� � � �

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 fast thumb motion

Thedistribution for thepositionof thethumbshown in �gure 4.5(a)hastwo peakscorrespond-
ing to the two statesmodesof the handin the point andclick gestures.Thesestateswill be
referredto asthemodesof thehand.Thetransitionsbetweenthemodesaregenerallyso fast,
thatthey cannotbefollowedby a �rst orderAR modelusingthestepsizemean� learnedfrom
thedata. A histogramof thestepsizefor the thumbangleis shown in �gure 4.5(b) . As � is
calculatedas the standarddeviation of the stepsizesthe few large stepsrecordedduring the
transitionswill not have signi�cant in�uence, and � will essentiallyonly encompassthesmall
stepswithin thesteadystates.

Thesimplestway of addressingthis problemis to increase� to thepoint wherethefastmotion
betweenthemodesarecaptured.As � is anexpressionof theuncertaintyin theconstantposition
assumption,thiswill adverselyaffecttheoverallqualityof theprediction,andcauseasigni�cant
increasein therequirednumberof particles(see�gure 4.6).

A betterapproachis to model the two modesof the hand,andextendthe statevectorwith a
variableindicatingthecurrentmodeor gesture(IsardandBlake [1998b]):

�
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�
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�
��� �




�

�

�

�
(4.4)



59

�0.5 0 0.5 1 1.5
0

20

40

60

80

100

120

140

160

180

200

Position

C
ou

nt

(a)

�0.6 �0.4 �0.2 0 0.2 0.4
0

50

100

150

200

250

300

Step size

C
ou

nt

(b)

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

(a) (b)

Figure 4.6: Illustration 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 theextendedstatecreatedby combiningthestatevector � � � 
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with

a variable� denotingin which thetwo discretemodesthehandis. Thedynamicmodelfor the
thumbangleis modi�ed to includethemodes:
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(4.5)

�

� � �(' � �*) � � is theprobabilityfor agivenstate�

�

giventhestatevectorfrom thelastframe � �*) � .
Thisprobabilityrepresenttheknowledgeof whenthehandchangesfrom onemodeto theother.
If it is assumedthatthereis a �x edprobabilityof a modechange� , a simplemodelusablefor
predictioncanbemade.

Two independentAR processesarecreatedfor the point andclick modes,the parametersfor
theseareshown in table4.3andthecorrespondingapriori distributionsareshown in �gure 4.7.
Predictionof thethumbanglefor aparticleis performedas:

1. Draw



from

����	��


�
�������

 �

with probabilities� and
�

�

� .



denotesif a modechange
hashappenedor not.

2. If 

=

������

:

Set the modeof the particle � to the new mode. Draw the thumbposition �
� from the

initializationdistribution 	 �

�

��� � ���
�

of thenew mode.

If 
 = �������

 :

Updatethethumbpositionto �
� with theAR processof thecurrentmode:

�
� �

�

�

�

��� � �
�*)

�

�

�

�
�

�

���  
�

This modelwill accuratelyfollow the movementof the thumbthroughfastclicks with only a
small increasein the requiredamountof particles. A goodvalueof the probability of mode
changehasbeenfoundby trial anderrorto be �

�

�

�

� .

Dimension �

�

� � � �

Thumbpoint ��� 1 1.02 0.91 0.057 0.14
Thumbclick �

� 2 0.20 0.83 0.064 0.11

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

4.7 Lik elihood function

For the Interior Exterior Order Statistic(IEOS) likelihood developedin this project, several
parametershadto bedeterminedfrom thetestdata.Theparametersarethe:
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Figure 4.7:

1. Distributionsof thenumberof interiorandexterior features� � � � �
and � ��


�

��� �
in section

3.3.3.As handsareuniformly colored,it wasdecidedto usethesamedistribution for all
thenormals.This is modeledasthePoissonprocessin equation3.18but with constant
densityparameter� :
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(4.6)

� is calculatedasthe meanof the collectednumbersof interior featuresdivided by the
lengthsof thenormalsin pixels (Jørsboe[1995]). A histogramof thenumberof interior
edgesandthePoissondistribution with thecalculated�

�

�

�

�

� canbeseenin �gure 4.8.
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Figure 4.8:

As thebackgroundis consideredunknown, theexteriordistribution is notmodeledasthe
Poissondistribution in equation3.17,but asa uniform distribution over the numberof
pixelson thenormals� :

����� �
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� ���� �
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���

�

(4.7)

2. Thevarianceof thepositionof featuresfrom theedge,�

� in equation3.9. Calculatedas
the varianceof the positionon the mostcentralfeatureon all the normalsin all frames
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of thetrainingset.Theresultingvarianceis � � � �

���

. Thecorrespondingdistribution is
shown togetherwith ahistogramof thecollecteddistancesin �gure 4.9.
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Figure 4.9:

3. Themeanandcovariancematrix for thehueandsaturationof skin color.
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from equation3.49. Thesewerecalculatedbasedon the collectedinterior pixel colors.
Only pixelswith saturation
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andvalue
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� wasused(seesection3.3.4).The
calculatedmeanandcovarianceof thecollectedcolorswere:
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CHAPTER

TestMethods

In this chapterthetestsdesignedto evaluatethedevelopedtrackingsystemaredescribed.The
testscontaintwo majorparts:Testingtheperformanceof thetrackingalgorithmsundervarying
conditions(section5.2),andevaluatingtheusabilityof thetrackerfor interfacepurposes(section
5.3). Before the descriptionsof the test proceduresthe hardware and software usedwill be
presented.

5.1 Testsetup

To test the developedtracking algorithmsa mock up of a wearablecomputerwas required.
This sectionwill describetheconstructedsystemandinvolvedhardware.Two optionsexist for
combiningtheview of therealworld with thecomputergeneratedoverlay:

1. Optical seethr ough: A transparentHMD is used,andvirtual elementsareoverlaiddi-
rectlyontherealworld. For thisto worksatisfyingly, in applicationswith computervision
basedinterfaces,the �eld of view of the HMD andcamerahasto be preciselyaligned.
Consequentlymany opticalseethroughsystemsemploy semi-transparentmirrorsor sim-
ilar solutions.

2. Videoseethr ough: Theview of therealworld is capturedby aheadmountedcameraand
displayedon anopaqueHMD. Computergraphicscanbemixedwith thevideobeforeit
is displayed,andthusalignmentin vision basedinterfacesis not a problem. The main
disadvantageof videoseethroughsystemsis, thattheview of therealworld is limited by
the�eld of view of theHMD andtheresolutionof thecamera.

For thetestingof thedevelopedgestureinterface,alignmentof therealworld andvirtual overlay
is essential.With theavailablehardwarethis makesvideoseethroughtheonly option. As the
testsystemwill be for evaluationpurposesonly, theresolutionand�eld of view limitationsof
videoseethroughwill notbeaproblem.

A Videoseethroughwearablecomputerwasconstructedof thehardwarelistedbelow. No effort
wasmadeto make thesystemmobilebeyondthereachof theHMD andcameracables.

HMD: Sony GlasstronPLM-S700E.TheHMD displaysthesame
� ���

�
�

���

imageto botheyes
producingtheeffect of a 30-inchscreenviewedat a distanceof 1.2 meters.Thedisplay
canbeswitchedfrom transparentto opaque,andasthetestswereto beperformedusing
videoseethrough,theopaquesettingwasused.
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Camera: PhilipsToUcamProUSB webcammountedon theHMD. This cameracancapture
videoin �

���

�

� � �

progressive at 30 framespersecond.Theprogressive scanis a great
bene�t in contourtracking.Dueto interlacingartifactstrackingwould otherwisehave to
beperformedon one�eld ata time effectively halvingtheresolution.

Initially an ELMO QP49H7mm pencil sizedcamerawastested,but its low sensitivity
(20 lux) causedexcessive imagenoisein normalindoorillumination. TheELMO camera
did nothave theadvantageof progressive scaneither.

Computer: AMD Athlon2100+with 512MB DDR RAM desktopcomputerrunningWindows
2000TM .

5.1.1 Software implementation

All softwarewasimplementedin C++ andcompiledfor Windows usingMicrosoft VisualC++
6.0. Direct Show wasusedto enableprocessingof bothlive video,video�les andstill images.
Low level imagehandlingwasdonewith OpenCV1.

5.2 Quantitati veevaluation of tracker performance

5.2.1 Recordingof test sequences

For thesetestsvideosequenceswererecordedwith headmountedcameraundervarying con-
ditions. During therecordingtheview from thecamerawasshowed full screenon theHMD.
A total of � ve video sequencesweremadeproviding have a goodcoverageof the following
operatingconditions(table5.1):

1. Differentbackgroundsfrom uniform to extremelycluttered.

2. Lighting conditions:Indoors,outdoors,shadows andmixedillumination.

3. Fast- slow andsmooth- erratichandmovements.

4. Fastandslow headmovement.

5.2.2 Testingrobustness

A list of thesequencesandtheir contentcanbeseenin table5.1. On eachof therecordedtest
sequencesthefollowing measurementswereto beperformed:

1. Manual inspectionto determineif the tracker was able to track the handthroughthe
sequence.Pointsof failurewerenotedto beusedasexamples.

2. ContourLikelihoodRatio(CLR) wasrecordedfor thesplinecorrespondingto thedeter-
minedstateof thehand.This is ameasureof thecon�denceof thetracker.

3. Numberof particlesnecessaryfor reliabletracking.
1Opensourcecomputervisionlibrarymadeby Intelhttp://www.intel.com/research/mrl/research /open cv/
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Sequence Translation
Planar

Rotation
3D

Rotation
Thumb

Movement
Head

Movement
Illumination Background

inwall03 Fast Slow Slow
Click and
Dragdrop

No Indoor
Uniform
wallpaper

outwall06 Fast Fast VeryFast Dragdrop Fast Outdoor
Uniform

wall

table01 Moderate Moderate No Click Slow Indoor
Wooden

table

table04 Fast Moderate Slow Click Fast Indoor
Very

cluttered

table06 Fast Moderate Fast Click Fast
Outdoor

from window
Very

cluttered

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

5.2.3 Testsof spatial precision

In orderto measurethespatialprecision,the outputof the tracker wascomparedto manually
extractedgroundtruthdataonthepositionof thetip of theindex �nger. This testwasperformed
on two sequencesof a stationaryhandon uniform andclutteredbackgroundrespectively. In
eachsequencethehandshowedbothpoint andclick gesturesanddatafor thesewereobtained
separately. Thedistancebetweentracker outputandactual�ngertip positionwasrecordedand
meanandstandarddeviationof theerrorcalculated.

5.2.4 Reinitialization

A test was performedof the capability of the systemto quickly reinitialize itself, when the
handleavesandreenterstheframe.Two videosequenceswererecordedwith multipleexits and
reentriesof thehand,oneonuniformandoneonclutteredbackground.For eachframetheCLR
wasrecordedfor the IEOS likelihoodboth with andwithout color information. The number
of frames,the tracker neededto reinitializeeachafter reentryof thehand,wasdeterminedby
manualinspection.

5.2.5 Computational performance

Measurementsof thecomputationalrequirementsof thealgorithmswereperformedby record-
ing theframerateobtainedasa functionof thenumberof particlesused.

5.3 Qualitati ve test

As atestof theapplicabilityof thetrackingsystemasaninterfacefor wearablecomputers,atest
applicationwasimplemented.Thisapplicationis awearableversionof thegameof Tic-tac-toe.
Thegameis playedby pointingandclicking with the�nger to selectandmove thepieces.

Thedatagatheredform this experimentwill bepurelyqualitative observationson theusability
undervaryingoperationalconditions.
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Experimental results

In thischaptertheresultsof thetestsof chapter5 arepresented.

6.1 Quantitati veevaluation of tracker performance

6.1.1 Testingrobustness

The resultsfrom the tracking performedon the sequencesin the test set are shown in table
6.1. Thenumberof requiredparticleslisted in thetableis thenumberrequiredto geta robust
result for both position,orientationandthumbangle. In all the sequencesexcept table01
thepositionof thehandcouldbetrackedreliably with abouthalf thenumberof particles.This
however resultedin lossof precisiononorientationandthumbangle.TypicalFramesfrom each
testsequencesareshown in �gure ??.

Sequence Illumination Background
Required
particles

Notes

inwall03 Indoor
Uniform
wallpaper

100 All clicksaredetectedreliably

outwall06 Outdoor
Uniform

wall
200

Erroneousclicksproduced
duringfast3D rotation

table01 Indoor
Wooden

table
600

Color of thewoodis almostidenticalto skin
color. Grainin thewooddetectedasedges
Shadow of thehandconfusesthetracker.

table04 Indoor
Very

cluttered
500

Motion blur on thehanddueto low light.
Anotherpersonshandspresentin theimage

Handlost dueto motionblur but quickly regained

table06
Outdoor

from window
Very

cluttered
300

Somemotionblur on thehand
Erroneousclick causedby fastmotionandclutter

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

Plotsof the ContourLikelihoodRatio (CLR) for the splinecorrespondingto the determined
stateof the tracked handareshown in �gure ??. The CLR is shown for the IEOS with and
withoutcolor information.

6.1.2 Testsof spatial precision

Trackingdatafrom sequenceswith a stationaryhandwerecomparedwith groundtruth datato
determinethespatialprecisionof thetracker. Theresultsareshown in table6.2.Thesequences
contained30 frameseach,examplesof thesecanbeseenin �gure ??.
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200particles 600particles

Gesture Background Meanerror
Standard
deviation

Meanerror
Standard
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

Theplotsof CLR for the initialization testsequencesareshown in �gure 6.1, andtheaverage
time usedto lock on to thehandarelistedin table6.3. Theinitialization time is measuredfrom
the�rst frameshowing 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,measurementsof the
framerateobtainablewith differentnumbersof particleswereperformed.Thesedataareplotted
in �gure 6.2.

6.2 Qualitati ve test

TheTicktacktoegamewasplayedby threedifferenttestpersons,in bothdaylightandincandes-
centillumination,andgenerallyworkedwell. Framesfrom thetestsessionsareshown in �gure
??. The differencein handshapebetweenthe testpersonswassmall enoughto be handled
robustly by theaf�ne transformation.

On a uniform backgroundthe gameis de�nitely playable. A few erroneousclicks appeared
whenplayingon a clutteredbackground,especiallyin combinationwith fasthandmovements.
Theseclicks werefew andfar between.They several timesresultedin the player loosingthe
game,whichwasveryannoying.

Fastheadmotionwasgenerallynotaproblem.It wasobserved,thatduringinteractionthehand
wasalwayskept relatively steadyrelative to thehead.It is simply not possiblemove thehead
independentlyof thehandwhile pointat somethingshown on theHMD.
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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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Figure 6.2: Graph of obtainable frame rate vs. number of particles. The frame rate was
calculated as the inverse of the average per frame processing time. The numbers
are therefore not limited by the video frame rate shown by the dotted line.
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Discussion

This chapterwill Analyzethecollectedtestresultsin thepreviouschapterwith thepurposeof
determiningtheapplicabilityof thedevelopedtrackingsystemfor wearableinterfacepurposes.
Suggestionsfor futurework andmorerigoroustestsarepresentedat theendof thechapter.

7.0.1 Training and test sequences

Thesplinesof thehandmodelandthevideosequencesin trainingandtestsetsall usedthehand
of thesameperson.However in theTic-tac-toetest,this provednot to bea problemfor theuse
of thesystemby others.

7.0.2 Robustnessof the tracker

Commentson theperformanceof the tracker on the testsequencesaregiven below. Threeof
thesequencestable01 , table04 andtable06 representsevereworstcasescenarios.

inwall03 : Exceptfor a differentlycoloredbackgroundthis sequenceis identicalto theones
in thetrainingset.Thehandis trackedprecisely, andall clicks anddragdropoperations
aredetectedcorrectly(�gure 7.1).

outwall06 : This sequenceis noticeablyunderexposed,but thehandis still trackedthrough-
out. At apointof fastrotationof thewrist andin a3D positionnotcoveredby thetraining
set,thethumbis lost for 10 frames(see�gure 7.2). This causesanerroneousdragdrop
operation. If the training sethadcovereda wider rangeof 3D rotationthis could have
beenavoided.

table01 : Thewoodentablehasalmostexactly thesamecolor asthehand.Thegrain in the
woodproducesparalleledgeslooking like �ngers to thetracker. Thehandcastsashadow
on thetablewith a shapeidenticalto thehand.Low light conditionscausesimagenoise
andmotionblur.

Thehandis trackedthroughoutthesequence,but at severalpointsthethumbof thecon-
tour catcheson to the thumbof the shadow (see�gure 7.3). Increasingthe numberof
particlesdo not remove this error, asa splinewith thethumbfollowing theshadow sim-
ply hasthe highestlikelihood. As the color informationis unreliablein this sequence,
the handcould probablybe tracked morerobustly by a tracker not incorporatingcolor
information.
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table04 : In this sequenceanotherpersonsof handsentersthe frameandmovesobjectsin
thebackground.At onepoint thesehandstouchthehandof thewearablecomputeruser.
At thepointwherethehandstouch,motionblur is presentdueto thelow light. Regardless
of thelackof strongedgesdueto motionblur, andpresenceof otherskincoloredobjects
in theframes,thecombinationof edgeandcolor informationis enoughfor thetracker to
handlebothfasthandandheadmotion(see�gure 7.4).

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

An erroneousclick is producedby a combinationof fastmotionandbackgroundclutter.
For a few framesthe thumbjumpsbackandforth betweenpoint andclick, beforethe
correctposeis regained.Thesespuriousjumpsbetweenthetwo statesof themodelcould
easilybe�ltered outasnot to resultin clicks.

Theperformanceof thetrackingsystemon thetestset,provesthesystemto becapableof han-
dling mostof theconditionsexpectedin awearableapplication.Therangeof dif�cult scenarios
handledwith successin thetestinclude:Fasthandandheadmotion,veryclutteredbackgrounds,
differentlighting conditions,motionblur andskincoloredobjectsin thebackground.

7.0.3 Spatial precision

From the table6.2 it canbe seenthat the spatialprecisiondependsonly slightly on theback-
ground.Thedependenceonthenumberof particlesis moresigni�cant. A standarddeviationsof
theerrorof threeto four pixelsarecertainlyusablefor mostinterfacepurposes.Thelargemean
error, with thepoint gestureon uniformbackground,is dueto thesplinenot beingextendedall
theway to thetip of theindex �nger (see�gure ??). Thiserroris causedby the�rst joint of the
index �nger beingdetectedasthetip.

7.0.4 Reinitialization

Theresultsfrom thereinitializationtestprovesthetracker to have excellentreinitializationca-
pabilities.Thehandis detectedassoonasit startsto appearandlock is gainedjusta few frames
afterit hascompletelyenteredtheframe.This is avery importantpropertyfor usein in awear-
ablegestureinterface,wherethehandcanbeexpectedto enterandexit theview frequentlyand
performotheractionsthanthede�ned gestures.

Thegraphsof CLR in �gure 6.1clearlyindicatewhetherthehandis presentor not. Theabsolute
valuesfor handandbackgroundhowever dependsstronglyon the conditions,andno general
thresholdcanbeset.An algorithmfor determiningthepresenceof thehandshouldeitherdetect
thestepsin theCLR or incorporatemeasurementsof thebackground.In thepresenceof clutter,
color informationclearlyhelpstheIEOSin differentiatingbetweenhandandbackground.
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7.0.5 Computational performance

Fromthegraphin �gure 6.2andtherequirednumbersof particleslistedin table6.1,thesystem
is clearly capableof performingreal time tracking. On the test setupthe tracker runsat 25
framespersecondwith 300particlesandtheIEOScolor likelihood.For greaterrobustnesswith
thesacri�ceof temporalresolution600particlesandhalf theframeratewouldbeagoodchoice.

If thecomputationalresourcesarelimited, thelengthor thenumberof normalscouldbereduced.
Thiswouldreduceprocessingtimeonthecostof lowerrobustness.Furthermoreit is reasonable
to believe, thatanincreasein speedcouldbegainedover thecurrentimplementationby further
tuningof thesourcecode.

In acommercialwearableapplicationtheindependentnatureof thecalculationsontheparticles
couldbeutilizedfor parallelprocessing.SuchanimplementationcouldgreatlyreducetheCPU
requirementsby off loadingmuchof thecomputationto parallelexecutionon for examplean
FPGA.

7.1 Futur e work

In orderto furtherverify theapplicabilityof thealgorithmsfor wearableinterfaces,morerigor-
oustestingmustbeperformed.Thesetestsshouldinvolve a largernumberof testpersonsand
includerealapplicationtasks.

To copewith thedifferentgesturingstylesof individual users,ahandmodelwith moreinternal
degreesof freedomcouldbeused.Sucha handmodelcouldbebuild from a large trainingset
showing many differentpeople,or it could be adjustedto the individual userin an automatic
calibrationprocedure.

A �lter shouldbeadded,to suppresstheerroneousclicks reportedfrom fast�uctuations in the
thumbangle.A simpleversionof sucha �lter is, to countanumberof successive frameswith a
smallthumbangle,beforetheclick is reported.

Advancedmotionmodelshave not beenaddressedin this project,andthesecouldincreasethe
performanceof thetracker, andallow asmallernumberof particlesto beused.
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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.



74

(a) (b)

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

(c) (d)

Figure 7.4: In table04 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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(a) (b)

(c) (d)

Figure 7.5: At one point in table06 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)
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Conclusion

The initiating problemfor this projectwas,asstatedin section1.6, to developa gesturebased
“point” and“click” interfacefor wearablecomputers.A computervision solutionbasedon the
CONDENSATION algorithmwasproposed,andthe underlyingtrackingalgorithmsdesigned
andimplemented.

In order to make the tracker robust backgroundclutter, changesin lighting and independent
handandcameramovement,a measurementmodelbasedon both the shapeandcolor of the
handwasdeveloped.

Thetestspresentedin thisprojectindicate,thatthedevelopedalgorithmsarewell suitedfor the
taskof handtrackingfor awearablegestureinterface.

Evenin themostadverseconditionsthetracker is capableof following thehand.Theonly type
of reoccurringerror is spuriousthumbmovementsinterpretedasclicks. Thesecouldeasilybe
removedby temporal�ltering.

The trackingsystemcanrobustly locateandstart to track a handwhen it entersthe �eld of
view, regardlessof thebackgroundandlighting conditions.This is accomplishedwithout any
assumptionaboutwherethehandenterstheframe.Therobustinitializationis madepossibleby
thedevelopedInteriorExteriorOrderStatisticlikelihoodfunction.

Realtime performancecanbe obtainedon a standarddesktopPC.With further re�nementof
theimplementation,awearableversionis de�nitely possible.
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Figure I.1: Histograms of motion data collected from the training set.
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