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Abstract

Thistechnical report providesa brief overviev of how humanhandgestuescan
be usedin wearable HumanComputernnterfacegHCI).

Thisreportis dividedinto two parts, onedealingwith the differenttechnolagies
that can be usedto detect/ecaynisehandgestuesin weamble HCI systemsand
anotherpart focusingon oneparticular technology, namelythe computervision-
basedednolagy.

Thefirst part describesa numberof wearmable HCI systemshat usedifferenttech-
nologiesin order to include gestuesinto their interface Furthermoe, it also
compaesthedifferenttechnolagieswith respecto certaingenerl HCI aspects.
Thesecondpart describesa three-clasgaxonomyfor the computervision-based
technology and givesexampleswithin ead of the classes.

1Thisresearchis in partfundedby the ARTHUR projectunderthe EuropearCommissionsST
program(IST-2000-28559) This supportis gratefullyacknavliedged.
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Chapter 1

Intr oduction

The purposeof this technicalreportis to provide a brief overview of how human
handgesturexanbe usedin wearableHumanComputernterfacesHCI).

The contet of the reportis an EC-projectthat the laboratoryof Computer
Vision and Media Technology(CVMT) is a partof. The projectis know asthe
"ARTHUR?” projectwhichis shortfor: "AugmentedRoundTablefor Architecture
and UrbanPlanning”. The purposeof this projectis to bridgethe gap between
realandvirtual worldsby enhancingheusers’currentworking environmentwith
virtual 3D objects.

In the ARTHUR projectCVMT s responsiblgor all computervision-based
algorithms. Theseinclude: tracking and recognizingplaceholderbjects,head
tracking,and gesturerecognition. All algorithmsare basedon input from head
mountedcameras.

Duringthefall of 2002andthe springof 2003a masterstudent] au Ngrgaard,
wasworking on gesturerecognitionin the context of the ARTHUR project,i.e.,
via headmountedcameras.His work is documentedn the thesis: "Probabilis-
tic Hand Trackingfor WearableGesturelnterfaces’[24]. The maintext for this
technicalreportis takenfrom histhesis.

This reportis dividedinto two parts,onedealingwith the differenttechnolo-
giesthatcanbe usedto detect/recogniskandgesturesn wearableHCI systems
andanotherpartfocusingon one particulartechnology namelythe computetrvi-
sionbasedechnology



Chapter 2

Differ ent Technologiesusedfor
Including Gesturesinto Wearable
HCI

In this chapterwe describea numberof wearableHCI systemghatusedifferent
technologies$n orderto includegesturesnto theirinterface.After thisdescription
we comparehedifferenttechnologiesvith respecto certaingeneraHCI aspects.

2.1 Summariesof Differ ent Systems

The*Tinmith-Hand"[29] is aglove basedyesturanterfacesystenfor augmented
andvirtual reality. The systemprovidestwo typesof interaction. Thefirstis a
menusystenmwhereeachmenuitemis assignedo afinger, theitemis selectedy
touchingconductingpadson the matchingfingertipwith apadonthethumh The
secondnodeof interactionis for manipulationof virtual 3D objects.Thisis done
by computervision basedtracking of markers on both handsin six degreesof
freedom.Themainapplicationfor the Tinmith-handis outdooraugmentedeality
for 3D modelingof architecture.

Severalexisting virtual reality dataglovesareevaluatedn [36] andcriticized
for beingtoo expensve andbulky for widespreaanobileuse.A lightweightinput
deviceis describedisingonly onebendsensoontheindex finger, anacceleration
sensomon the handanda micro switchfor activation. Usertestindicatesthatthe
developednterface,with useof simplegesturesor controllinginformationappli-
ancesis veryintuitiveandeasyto learn. Howeverseveraltestpersonsomplained



aboutthe necessargablesandotherphysicalpropertiesof theinput device.

A wirelessfinger tracker is presentedn [7]. An ultrasonicemitteris worn
on index finger andthe recever, capableof trackingthe positionof the emitter
in 3D, is mountedon theHMD. This providesexcellentheadrelative trackingof
thefingerwith anexpectedresolutionof 0.5mmat a distanceof 400mmfrom the
HMD.

To avoid placingsensorsn the handandfingersthe “GestureWrist’usesca-
pacitive sensor®n awristbandto determinehe configurationof thefingers[31].
Thisis doneby measuringhecrosssectionakhapeof thewrist andusethebulges
andcavities madeby the sinevs moving underthe skin. The GestureWrists sen-
sitive to the positioningof the sensoron thewrist andhasonly beenusedto dif-
ferentiatebetweentwo gesturegfist andpoint). On the otherhandall necessary
sensorsincludinganacceleratiorsensorcanbe mountedn a normalwristwatch
andarethereforehighly unobtrusve. Furthermorehe article proposeghe Ges-
tureWristcombinedwith wirelesson-bodynetworking to avoid any cablesgoing
to thewristband.

Active infraredimaging canbe usedto simplify the taskof separatindghands
andhandheldbjectsfrom the backgroundandis thereforeusedin severalwear
able gestureinterface systems[33][38]. A sourceof infrared illumination is
mountednearto a camerditted with aninfrared-pasdilter. If thelight from this
sourceis significantlystrongerthantheinfraredpartof the ambientillumination,
theimagecapturedoy the camerawill mainly be producedoy light from thehead
mountedilluminant. As theintensityof theinfraredlight decreasavith distance
from the source,it is relatively simpleto separat@bjectscloseto the headfrom
objectsfartheraway.

In [38] a HMD mountedactive infrared setupis usedfor fingertip draving
andrecognitionof objectsheldin the hand. Objectrecognitionis madepossible
by addinga color camerato the infraredcameraon the HMD andusinga beam
splitter to give the two cameraghe exact sameimage. Herebythe objectcan
be extractedfrom the colorimageusingthe depthinformationfrom the infrared
image.

The “GesturePendant’demonstratedh [33] is an active infrared cameran
anecklace.lt is a gesturenterfaceprimarily designedor homeautomatiorand
asanaid for disabledandelderly people.Combiningthe active infraredprinciple
with a fisheye lens an excellentimage of the wearers handsis obtained. The
Gestureaecognitionis performedwith HiddenMarkov Modelsbasecn thework
donein mobileinterpretatiorof signlanguagg35].

Multimodalinterfacesareproposeadombiningthe GesturedPendantvith voice
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recognitionor trackingof the persongositionwithin the home. Apart from con-
trol of the homeandinformation appliancesthe GesturePendanimonitorsthe
healthof its wearerby observingpathologicaltremorsin the gestures.The per
formanceof the prototypesystemproved excellentin preliminary experiments.
However aswith mary othervision basedsystemsprocessingpowver andbattery
life issueshave to be solvedbeforemobile useis possible.

Wearablecomputervision basedgesturerecognitionand handtracking not
using active infrared and not requiring the handto be marked are presentedn
[14], [10] and[43].

[14] combineshapeandskin color basedrackingto createa mousdik e inter-
facewith distinctpoint-andclick gesturesThreeapplicationsarepresentedising
theimplementednouse:A universalremotecontrol for electronicappliancesas
TVs andstereosSecuregpassverd input for augmentedeality. A realworld OCR
translatoicapableof selectingsignsandothertext by pointingandthentranslating
it from Japanes& English. To provide the necessargomputingpower, the sys-
temdistributesthe processingf the handtrackingalgorithmbetweera wearable
computeranda remotehostthrougha wirelessLAN. By performingsomeof the
processindocally the wearablecanprovide fasterresponseéimesandrobustness
to instabilitiesin the LAN dueto roamingor interference.

[43] presenta fingermenusimilar to the“Tinmith-Hand”[29] thoughthein-
terfaceis visionbasecandneedsaclearview of thehandandoutstretchedingers.
A menuitemis selectedy simply bendingthe correspondindinger. Detectionof
the handandfingersis accomplishedy pixel level color segmentationusingan
adaptve colormodelto copewith variationsin skin colorandchangesn lighting.

Not specificallyaninterfacemodalityin itself, contextual awarenesgs amajor
areaof researclwithin thefield of wearablecomputerg34]. Theideais to make
the computerobsene the userandhis surroundingsThis knowledgewill enable
intelligent interfacesthat adaptto the users immediateneeds. For examplethe
computerwill know not to interruptwith phonecalls or email in the middle of
a meetingunlessthereis an emegeng. On the otherhandwhile driving a car
alonethe systemcan notify the userof incomingemailsby a spoken summary
A long termgoalis to have the computermodelthe userandhis surroundings.
Predictionsbasedon this modelwill enablethe systemto retrieve information
beforeit is neededandhave it ready whenthe userasksfor it.

In [34] computervision is usedto obtaincontextual awarenessTwo cameras
aremountedon the usershead,onepointingforward at the surroundingsandone
looking down atthehandsandbody of thewearer Estimatef theuserdocation
andcurrentactionsaremadeusingHiddenMarkov Models.
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Anotherexampleof contextual awarenesss DyPERS(DynamicPersonaEn-
hancedReality System)[12], whereaudioandvideo messagesanbe associated
with imagesof real world objects. Whenerer the headmountedcameraseesa
known objectthe computemplaysbackthe associatednedia. Many possibleap-
plicationsarelisted rangingfrom notetaking at a visual artsgalleryto anaid for
personswith poorvision.

2.2 Comparing the Differ ent Technologies

As canbe seenfrom the previous sectionmary differentinterfacetechnologies
and modalitieshave beentried for wearablecomputers.The importanceof dif-
ferent characteristicwary greatly with the application,and what is seenas an
adwantageto someis a disadwantageto others. The generaladvantagesanddis-
advantagesf the mostcommoninterfacetechnologiesare summarizedn table
2.1.

The interfacetechnologiesanbe divided into two groups: Devicesfor data
entry anddevicesfor selectionandfree form input. In the desktopenvironment
theseareexemplifiedby the keyboardandmouserespectrely.

The datainput technologiesn table2.1 areall in a maturestateof develop-
ment,anddo not needresearctat the technicallevel. Thevision basedsolutions,
on the otherhand,still needmuchwork, but could ultimately becomevery intu-
itive interfacemodalities.

The free form input technologiesn table 2.1 all have significantdravbacks.
Systemdbasednactiveinfraredposethesmallesproblemswith regardsto image
processing.But asthey do not work in direct sunlight, they are not applicable
for wearablecomputerdor both in- an outdooruse. Glove basedsolutionsare
consideredunfit for generalusein wearablecomputersasthey preventthe user
from unrestricteduseof the hands.Consequentlyision basedgestureinterfaces
notrelyingonactiveinfraredarethemostgenerallyapplicablesolutions.However
thesealsoposethelargesttechnicalchallenges.
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Chapter 3

Computer Vision-basedGesture
Recognition

In this chaptemve briefly describehow computewision-basedjesturaecognition
canbe appliedin gesturerecognition. We structurethis descriptionvia a three
classtaxonomy For moreinsightinto thisresearcliield pleaseeferto thesurweys
[16,42,13, 27,40].

Gesturerecognitionsystemsn generalcanbe divided into threemain com-
ponents:Image preprocessingtracking, and gesturerecognition. In individual
systemssomeof thesecomponentsnay be merged or missing, but their basic
functionalitywill normallybe present:

1. Image preprocessing: The taskof preparingthe video framesfor further
analysishy suppressingoise extractingimportantcluesaboutthe position
of thehandsandbringingtheseon symbolicform. Thisstepis oftenreferred
to asfeatureextraction.

2. Tracking: Onthebasisof thepreprocessinghepositionandpossiblyother
attributesof thehandsmustbetrackedfrom frameto frame. Thisis doneto
distinguisha moving handfrom the backgroundandothermoving objects,
andto extractmotioninformationfor recognitionof dynamicgestures.

3. Gesture recognition: Basedon the collectedposition, motion and pose
clues,it mustbedecidedf theuseris performinga meaningfulgesture.

Theknowledgeaboutthehandsusedfor thetrackingandrecognitioncanexist
on differentlevels of abstraction.Two main approachesxist in this regarddif-

8



ferentiatedby whetherthe systemis basedn anabstracimodelof the handor on
knowledgeof theappearancef thehandin theimage:

1. Model basedapproach: A modelof the handis created. This modelis
matchedto the resultsof the preprocessingo determinethe stateof the
tracked hand. The modelcanbe moreor lesselaboratefrom the 3D model
with 27 degreesof freedom(DOF) usedin the DigitEyessystem[30] over
the cardboardmodel usedin [18] to a contour model of the hand seen
straighton [21]. In additionto the model of the handa model, of how
featuresin the imagecorrespondingo the real handare produced,is re-
quired. This measuremennodelis neededn orderto determinethe state
of thehandmodelfrom the appearancef thehandin theimage.

Continuouslyfitting the modelto the handin thevideoframes,is a process
of trackingthe completestateof the handnotjustits position. This process
is consequentlgalledstatebasedracking.If themodelcontainsasufficient
numberof internaldegreesof freedom recognitionof staticgesturesanbe
reducedo inspectionof the state.

2. Appearancebasedapproach: The trackingis basedon a representation
learnedrom alargenumberof trainingimages.As no explicit modelof the
handexists all the internaldegreesof freedomwill not have to be specifi-
cally modeled.

Whenonly the appearancef the handin the video framesis known, dif-
ferentiatingbetweengesturess not as straightforward aswith the model
basedapproach. The gesturerecognitionwill thereforetypically involve
somesortof statisticalclassifiebasedn a setof featureghatrepresenthe
hand,seee.g.,[1].

3.1 Gesturebhasedinterfaces

A largepartof theliteratureon gestureecognitiondealswith recognizingsetsof
dynamicgesturesitherasindividual commandgo a computeror with the ulti-
mategoal of understandingignlanguage An exampleof thelatteris [35] which
proposedo recognisesign languagefor both desktopand wearablecomputers.
The obtainedresultswere actually betterwith a headmounteddownward look-
ing camerathanwith a staticdeskbasedcameraasthe headmountedcamerais
insensitve to body posture.The recognitionis basedon skin color segmentation
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to extractthe position,shapemotionandorientationof the hands.The handsare
modeledasellipses,andthe systemis ableto obtaingood performancewithout

modelingindividual fingers. Using Hidden Markov Models (HMM) continuous
recognitionof full sentencesf signlanguageas accomplishedalthoughthe vo-

cahulary is limited to forty words.

Appearancdasedecognitionof staticgesturess presenteadn [1], wherelet-
tersfrom thehandalphabetrerecognizedy principalcomponenanalysigPCA)
and a Bayessiarclassifier The appearancef the individual signsare learned
from alarge numberof trainingimages.The PCA is usedto createa low dimen-
sionalfeaturespacein which handdocatedin the video framescanbe compared
with classegepresentinghe definedgestures.The classesandthe correspond-
ing classifierare createdn an off line learningprocess.This is the principle of
"eigen-hands’inspiredby "eigen-faces”,which areusedin facerecognition(see
e.g.,[37]). Themainproblemwith theseappearancbasednodelsis thatthey are
view-dependenandthereforerequiremultiple views in thetraining,seee.g.,[6].

In additionto the work on how to detectand recognizegesturesyesearch
is being doneon designingintuitive and naturalgesturesets[23], and on how
gesturesandbodylanguageareusedasa partof inter personcommunicatior3].

3.1.1 Hand or finger tracking

Below we briefly exemplify our threeclasstaxonomyin moredetail.

Image Preprocessing

Pixel level sgmentation:

Reagionsof pixels correspondingo the handareextractedby color segmentation
or backgroundsubtraction.Thenthe detectedegionsareanalyzedo determine
the positionand orientationof the hand. The color of humanskin variesgreatly
betweenindividuals and underchangingillumination. Advancedsegmentation
algorithms,that can handlethis, have beenproposed43][5], however theseare
computationallydemandingandstill sensitveto quickly changingor mixedlight-
ing conditions.In additioncolor sggmentationcanbe confusedoy objectsin the
backgroundvith a colorsimilarto skincolor. Backgroundsubtractioronly works
on a known or at leasta staticbackgroundand consequenthare not usablefor
mobile or wearableuse.Alternativesareto usemarkersonthefingers[39] or use
infraredlighting to enhancehe skin objectsin theimage,seee.g.,[26].
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Motion segmentation:

Moving objectsin the video streamcanbe detectedy calculationof inter frame
differencesandopticalflow. In [41] a systemcapableof trackingmoving objects
on a moving backgroundwith a handheld camerais presented.However, such
a systemcannot detecta stationaryhandor determinewhich of several moving
objectsis thehand.

Contourdetection:

Much information can be obtainedby just extractingthe contoursof objectsin
theimage[11]. The contourrepresenthe shapeof the handandis thereforenot
directly dependenon skin color andlighting conditions. Extractingcontoursby
edgedetectionwill resultin alarge numberof edgesbothfrom thetracked hand
andfrom the background.Thereforesomeform of intelligent postprocessings
neededo make areliablesystem.

Correlation:

A handor fingertipcanbesoughtin aframeby comparingareaof theframewith
atemplateimageof the handor fingertip[4] [25]. To determinewherethetarget
is, thetemplatemustbetranslatedver someregion of interestandcorrelatedvith
the neighborhoodf every pixel. The pixel resultingin the highestcorrelationis
selectedasthe positionof the targetobject. Apart from beingvery computation-
ally expensve templatematchingcannot copewith neitherscalingnor rotation
of thetargetobject. This problemcanbe addressethy continuouslyupdatingthe
template4], with therisk of endingup trackingsomethingotherthanthe hand.

Tracking

Ontop of mostof thelow level processingnethodsa trackinglayeris neededo
identify handsandfollow thesefrom frameto frame. Dependingon the natureof
thelow level featureextraction,this canbe doneby directly trackingonepromi-
nentfeatureor by inferring the motion and position of the handfrom the entire
featureset.

Trackingwith the Kalmanfilter:

Oneway of solvingtheproblemof trackingthemovementof anobjectfrom frame
to frameis by useof a Kalmanfilter. The Kalmanfilter modelsthe dynamic
propertiesof the tracked objectaswell asthe uncertaintieof both the dynamic
modelandthe low level measurementsConsequentlythe outputof thefilter is
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a probability distribution representindpoth the knowledgeanduncertaintyabout
the stateof the object. The estimateof the uncertaintycanbe usedto selectthe
sizeof thesearchareain whichto look for the objectin the next frame.

The Kalmanfilter is an elegantsolutionand easily computablen real time.
However, the probability distribution of the stateof the objectis assumedsaus-
sian.Asthisis generallynotthecase gspeciallynotin the presencef background
clutter, theKalmanfilter in its basicform cannotrobustly handlerealworld track-
ing taskson an unknowvn background11] [19]. However on a controlledback-
groundgoodresultscanbe obtained30].

CONDENSA'ION:

An attemptto avoid thelimiting assumptiorof normaldistributioninherentin the
Kalmanfilter wasintroducedin [11] and denotedthe CONDENSATION algo-
rithm. Theapproachs to modelthe probability distribution with a setof random
particlesandperformall the involved calculationson this particleset. The group
of methods,to which the CONDENSATION algorithm belongs,are generally
refereedto as: Randomsamplingmethods,sequentiaMonte Carlo methodsor
particlefilters.

Very promisingresultshave beenobtainedusingrandomsamplingin a vari-
ety of applicationson complex backgrounds[8] and[9] proposea combination
of appearancbasecdeigentracking[2] andCONDENSAION for gesturerecog-
nition. SequentiaMonte Carlo methodsand adaptve color modelsare usedin
[28] providing robusttrackingof objectsundegoing dramaticchangesn shape.
To the taskof faceandhandtracking, motion cluesarecombinedwith the color
information, to eliminatestationaryskin coloredobjectslik e woodendoorsand
desks.[22] useskin color segmentationyegion growing and CONDENSAION
for simultaneougrackingof both hands.Solutionsto handleocclusionsare pro-
posedresultingin reliable operationeven when the blobs correspondingo the
handsmemgefor extendedperiods.

In [15] a handmodelconsistingof blobsandridgesof differentscalesepre-
sentingthe palm, fingersandfingertipsis usedwith particlefiltering to track the
positionof the handandthe configurationof thefingers.Realtime performances
obtainedout themodelandstatespacas limited to 2D translationplanarrotation,
scalingandthe numberof outstretchedingers.

[21] proposea method,called Partitioned Sampling,for tracking articulated
objectswith particle filters without requiring an unreasonablemountof parti-
clesto copewith the resultinghigh dimensionalstatespace. The solutionis to
first locatethe baseof the objectandthendeterminehe configurationof attached
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links in a hierarchicalway. As anexampleof this, a handdrawing applicationis
presentedThe partitionedsamplingis usedby first locatingthe palmandsubse-
guentlydeterminingthe anglesbetweerthe palmandthethumbandindex finger.
Theseanglesare usedto differentiatebetweena small numberof gesturescor
respondingo draving commands.Trackingis basedon a spline descriptionof
the contourof the handbeingfitted to edgesin the image and combinedwith
skin color matchingaspresentedn [19] and[20]. Detailedmotion modelsand
backgroundsubtractioris usedto limit the effect of clutter.

Recognition

Usuallythe classicalalgorithmsfrom thefield of patternrecognitionareapplied.
TheseareHiddenMarkov Models,correlation,andNeuralNetworks. Especially
the two first have beenusedwith successvhile the NeuralNetworks often have
the problemof modelling non-gesturapatterng17]. For moreinsideinto how
HiddenMarkov Modelsandcorrelationcanbeappliedin gesturaecognitionsee,
e.g.,[32][17][35] and[4][1][6], respectiely.
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Chapter 4

Discussion

In this reportwe have donetwo things. Firstly, we have tried to give a brief
overview over the differenttechnologiesvhich are appliedin wearableHCI in
orderto include gestures. Secondly we have tried to give a brief overview of
computervision-basedjesturerecognition.

We were surprisedo seethe greatvariety of differenttechnologiesisedfor
includinggesturesnto HCI. Onereasommight bethefactthatthe currentstateof
theartin computewision-basedyesturaecognitionis notimpressve.

Besidegyettingagoodoverview, readingthroughtheliteraturealsoallowedus
to identify desirablecharacteristicef atechnologyusedin wearableHCI. These
arelistedbelow.

1. Robust initialization and reinitialization: The handcanbe expectedto
enterandexit from theview frequently Thereforethetracker mustbe able
to quickly reinitializeitself, andareliableestimationof whetherthe handis
presenbr not mustbeobtainable.

2. Robustnessto background clutter: Objectsin the backgroundshouldnot
distractthetracker, notevenif theseobjectsareof skin color.

3. Independenceof illumination: As the tracker is to be usedin wearable
applicationsjt mustbeableto copewith changingandmixedlighting con-
ditions.

4. Computationally effective: Mobile processorgendto besignificantlyless
powerful thantheir desktopcounterparts.Algorithms requiring extensie
computationatesourceshouldthereforebe avoided.
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