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Abstract

Misual interfacesystemsequire objed tracking techniques
with real-time performane for ubiquitous interaction. A
probabilistic framevork for a visual tracking systemwhich
robustly tracks targetsin real-timeusing color and motion
cuesis presented Thealgorithm is basedon particle filter-
ing techniquesof the I-Condersationfilter. An innovation
of the pape is the use of motion cuesto guide the prop-
agation of particle sampleswhich are being evaluatedus-
ing color cues. Thisresultsin a probalilistic blob tracking
methodwhich is shownto greatly outperformcorventiona
blob trackers when in the preseme of ocdusion and clut-
ter. A secom innovation presenteds the use of motion-
basedtemporl signatuesfor the visual recaynition of an
initialization cue This allows for passiveinitialization of
the tracking system.The applicaion presentechere is the
taskof digital videoanmotationusinga hand-heldmarking
device.

1 Introduction

Compuer vision tecmologiesoffer a naturd mediumfor
human-compuer interfaces. Peope naturally tend to ex-
pressthemseles using gesturesgxpressionsand actions.
There have bean extensie researchinitiatives addessing

the problen of real-time tracking for interface purposes.

However, mostsolutionshave claimedsuccesdy employ-

ing one of severd simplificationtechnques: usinga con-
strainedandunclutterel environment[1], relaxingthereal-
time constrain{2], or assuminghatminimal occlusionwill

occu [3, 4]. Unlesshighly corstrained all visualinterfaces
will inevitably befacedwith ambigwusdata.This ambigu-
ity canresultfrom thetracked objectbeingtempaarily oc-
cluddd, agiletargetmovemaent, or thetargetbeconing cam-
ouflagedby clutter thatis similar in appearance A visual
interface systemmust have the ability to identify ambigu-
ousscenaios, andbe ableto re-acquirethetrue targetonce

it becanesvisible aggin. Our systemis able to maintain
robustness even in the presenceof ambiguty by employ-
ing two powerful trackingtechniques. First, particlefilter-
ing is usedwhich representshetarget posteriordistribution
asa colledion of weighted samplesn statespace.This is
a naturalmeclanismfor maintairing multiple modes (hy-
potheses)and propagting the uncetainty over time. This
is a strengthof the Concensatioralgarithm [5] comparedto
conventioral predictie filters suchasthe Kalmanfilter [6]
whicharelimited to uni-modd Gaussiamposteriorrepresen
tations. Seondly, our systememplo/s a motion detedion
algaithm andusest to redistritute a portionof the samples
into high-probability regions of statespaceausingimportane
sampling[7]. The sampleweight representshe likelihoad
of a particularsamplebeingthe true target locationandis
calaulatedby comparingtheimagedatato the a priori target
color modd. Themotioninformationis notusedto gagethe
likelihoad of a sample but ratherit only identifies areasin
the state-spacthatshouldbe investigated by samplesThis
is an effective techniqie astargetsaremostconmonly lost
duringperiodsof movemert, andthismethodallowsthesys-
temto investigatetheseregions of movemert in aprincipled
Bayesianmanrer.

A secondnnovationof this pape is theimplemeration
of apassie initialization schemdor activating theinterface
device. Vision-basedinterface devices are typicdly em-
ployed in office or classroomervironments in which there
may exist extendel periodsof time betwe@ device usags.
During theseperiodsof inactivity it is inappopriateto keep
the systemin the continwus tracking mode as this can
resultin temporarymisclassificatiorof an individual sim-
ply passinghroughthe field-of-view asbeingatarmgetuser
Therefore,a methodof initialization andactivatingthe sys-
temis required. Ideally this methodshouldnot requirethe
explicit intervention of theuserby having themhit anactiva-
tion key. Ratherapassveinitialization strategyy is presentd
in this paper in which tamgetindividualsarerecaynizedby
having themperforma simple pre-defired visual initializa-
tion cue which the systemis tunedto detect via template



matchirg of temporalmotionsignatures.

The apdication presentedhereis the digital anrotation
of video sequaces. This is acheved through the real-
time visual tracking of a hard-held marker object, in this
case,a greenball. The useris able to anndate over top
of a video streamby moving the ball as they would a
marker on a pieceof pape. By intentiondly hidingtheball
within their hand the useris ableto temporaily halt the
anndation process, thus allowing for "pen-up” and "pen-
down” capdilities. Our metha is also capable of ad-
vancedmarkingfeaturessuchasalteringthe appearane of
the anrotationsbasedon the tamget objectvelodty. Video
clips demamstratingthe trackingtecmiqueareaccessiblat
http://www.uogtelph.cd dbullock/trackdeno.htm.

2 Initialization

Beforetargettrackingcanbegin, the systemmustrecogrize
that an eligible target is in the field-of-view. Since most
vision-basednterfacedeviceswill operaten office or class-
roomervironments theremustexist a mears for differenti-
ating betwee individualssimply passinghrouch the cam-
eras field-of-view, andthosewho wish to usethe systemas
an interfacetool. This is aninitialization issuefor which
threegereral solutionsexist.

1. No Initialization: The tracking systemis "on” at all
timesandattemptingto localizethetargetin thefield-
of-view. This is problemaic, particularlyin systems
whichrely on color-basel trackingcues,asanindivid-
ual passingthrough may be momentarily mistalen for
atargetwhen thedeviceis notin use.

2. Active Initialization: In this scenariothetrackingsys-
temis explicitly told thatan individual is presentand
wishesto usetheinterfacedevice. Mostoftenthistakes
theform of the userhitting anactvation button.

3. Passve Initialization: In thesesystemghe trackingal-
gorithmis activated by the systemrecogizing thatan
individual is presentand attemptingto interfacewith
the device. Tamge recogiition is achieved by visual
recogtition of a pre-defnedinitialization cue Thisre-
sultsin amoretransparenandeasy-to-uselevice than
method(2).

The passve initialization cue usedhereis to have the user
hold the interfaceobjed (the coloredball) in front of them
while moving it in acircularpattern.Oncethis initialization
cueis recogqizedby the system trackingcanbegin asout-
linedin section4. Recanition of initialization cues is done
by templatematcting of tempaal motionsignaturesaswill
bediscussedn thefollowing section.

2.1 Motion History Images

Motion historyimages (MHI) aspropcsedin [8] areamears
of representingpatialand motion informationin the form
of animage. The brightnessof a pixel is determinedby
how recerly therehasbeen motion deteded at that loca
tion. As shown in figure 1, pixels currentlyin motion ap-
pea white. Pixelsin various shads of grayrepresenloca
tionswhich have detectednovemert in therecentpast. The
MHI shawvn in figure 1 shows a typical motion history im-
agegeneatedfrom the pre-ddinedinitialization cueusedin
our experiments. This particularmotion cue was selected

Figure 1: Themotionhistoryimage represeits howrecently
motionwasdetededat ead pixd location. Pixelscurrently
in motionare shownaswhite, while pixelsin motionin the
recent pastare shownin decaying shadeof gray.

asit prodwcesa distinctMHI not usuallygereratedby ran-
dommovemerts of individuals. Movemert is detectedusing
Camus optical flow [9] which allows for real-timecalcula
tion of opticd flow values. Pleasereferto section4.3for a
discussioron the geneal problens associatedvith optical
flow methals, a justificationfor our selectionof the Camts
methal, andthedeviationswhichwe madefrom theoriginal
algaithm. The gradientof motion canbe calaulatedfrom
the MHI usinga simple Sobé gradientmaskfor corvolu-
tion. While motionvectas aregereratecdby theopticalflow
algaithm itself, we desirea richer setof vedors spannimg
theregion which hasseenmavement in therecen past.

2.2 Temporal Signatures

Having produeda measuref recentmovemert in the spa-
tial domain,we requirea mears of comparing theseMHI

images to a known templatefor circular movement of a
forward extended hand. We use a techniqwe inspired by
[10] which is scaleandtranslationinvariant in detectinga
known action. The algorithminvolves the definition of nine
overlappirg spatialwindows (asdefinedin [10]), in ead of
whichthedistribution of motionvedorsis calcuated. In or-
derto make thetecmiquetranslationnvariart, thewindows
are certeredarourd the calculaed centroidof motion pix-
els. In orderto gain scaleinvariane, thewindows aresized
in orderto cover the bourding box of recentmotion As is



donein [10] we usean anguar resolutionof 7 /6 radians
(12 bins) in eachhistogram. Within ead window, motion

vedors are calcated at a sub-sampledesolution(we use
a % sub-samplinyj The directionof the motiongradentis

found, and the apgopriatebin in the motion histogramis

incremeited. Onceall of thewindows have been processed,
the nine histogramsare placeal end-to-endto createa sin-

gle MHI motion histogram. Thusin our experiments the
final histogramcorsigs of 12x9=108bins. In orderto en-
suretrue scaleinvariarce and target speedinvariarce, we

normalizethe histogramto corsistof a total of 10,0 units
distributedacrossall of the 108 bins. This final motion his-

togramis known asthe temporalsignature. The tempaoal

signaturecorresponihg to the circular movemen of a for-

ward extendedhand(theinitialization cue)is shawn in fig-

ure2.
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Figure 2: Calcuated Tempral Signatue: The above sig-
nature correspomisto the MHI of the counte-clockwisecir-
cular movementof a forward exterdedhand. Thesignatue
is a mears of represeting the spatial distribution of motion
vecto orientations.

2.3 Action Templates

In order to measurethe likelihood of a particular action
presentlybeing performed,the calculded temporalsigna-
tureis comparedto a setof pre-defnedtemporalsignatures
of known actions.Theactualcomparisonprocessis donevia
a simplesum-of-absolute-diérercescalailation. This pro-
duces avalue which canbethresholdedo give alikely/not-
likely differentiationfor an action being performed. The
event detedion thresholdis determinedempirically and is
depeandert of theinitialization cueselectedFor thepurpcses
of our systempnly two actiors areof significarce: counter
clockwiseandclockwisecircularhard movemert. Building
theseactiontemplate is doneby takinga sampleof 10tem-
poralsignaturesiuringatrainingphase Theseemporakig-
naturesarethenaveragedto createa singleactiontemplate
for ead of theactiors. This is doneto redue the effectsof
ary statisticalananaliespresenin ary onetempaoal signa-

ture. To accauntfor userswho performtheinitialization cue
atvariousspeedsa setof fastmovementsanda setof slow
movementswascaptuedfor ead of thetwo pre-defiredac-
tions. Thus,atotal of four temporad signature¢emplates are
learnal. Upondetedtion of ainitialization cue,thesystemis
activatedandtrackingbegins asoutlinedin section4.

3 PredictiveFiltering

Computation of the target posteriorcan be a difficult en-
deavor dueto nonlinearitiesof thelikelihoodfunctionover
mockel paraneters. Thesenon-lineaities result from oc-
clusion,one:maly matchirg ambigtities, andcamaiflaging
clutter Furthe comgicatingtherepresentationf theposte-
rior is the nonlinear dynamicsof thetemporalprior. Thus,
ary assumptiorof uni-moddity or Gaussiardistributionsin
the posteriordistribution is not appropiate [5]. Thisis the
primaryshortcomingpf the Kalmanfilter. Theneedfor afil-
ter capableof multi-modalnon-Gaussiaristributionsis the
motivation for representinghe target posteriorby a setof
weighted statespacesamplesThesesamplesarethenmack
to propajatethrouch time via the motion (temporal)model
andthe obsenred imagelikelihoods. With a large enaugh
setof samplesthis weightedparticle setcanbe a fair rep-
resentatiorof the true tarmget posterior The seminalwork
on the useof particle samplingin visual trackingwaspre-
sentedas the Condensationalgorithm [5].  The algorithm
empoys the Monte Carlotechiqueof factoredsamplingto
propagatea setof sampleshroughstatespacen anefficient
mamer. In our experiments,only the locationof the target
is trackedthrouch time, andthus,thestate s;, is represents
by a 2x1 vedor of paraméer assignmentss; = [z, y:]. At
time stept-1, the posterioris representedyy N statesam-
ples,eachcorrespoding to a cardidatelocationfor the tar-
getandweightedacmrdingto their relative likelihoad. This
likelihoad is calcdatedby compaing the imagedataat the
location of s, with the a priori known color model of the
target, as will be discussedn section4. This algorithm
malkes use of Bayesianinferene which allows for the in-
ferring the posteriorstatedersity p(X;|Z;) whereX; is the
stateand Z; is the imagedata. The prior, p(X;|Z;_1) is
inferred from predictingp(X;_1|7Z;_1) thouch the motion
model p(X;|X;_,), andthisis usedasa basisfor calcuat-
ing themeasuremes (obsenatiors) p(Z;| X ), from which
the posterioris compued. To easethe computationalre-
gquirements,theposterioris only estimatedipto anunknown
scalefactora asshovn in (2). See[5] for a moredetailed
explanationof this.

(24| X )p(Xe| Xe—1)

p(Zt)
= (a)p(Zt| X4 )p(Xe| Xi—1)

p(Xt\Zt) = 1)

)



The schedlle of events in the Condensationalgorithm at
eachtime stepfollows asshavn below:

1. A new setof samplesS; = [s, s2, ..., sn] IS selected
from S;_; using a sample-andeplaceschane with
preferene given to sampleswith largerweightings.

2. Sampes are propagtedthroughstatespaceusingthe
motion modd. Typically this includes a deterministic
drift commnert anda randon diffusioncompnert as
we presenin section4.2.

3. Eachsampldn S; isthenweightedusingthelik elihood
function and the datafrom image I;. This weighted
setof samplesiow representtheapproxmationof the
posteriorattime¢.

4. If discretefeedlackis requiredthesamplesetS; canbe
gueriedby one of mary statisical opeatorsincluding
max(St), mean(S;), median(St), etc.
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Unde the standardmplementationof the Condensational-
gorithm, the populdion from which the sampledset S; is
createdis the previous samplesetS; ;. Thus,the portions
of state-spacevailable for examinationin a time-stepare
limited beforeany measurmentsare mace. With a good
approxmation of the statedistribution , and a large num-
ber of samplesthis would not be problematic aseven un-
likely locatiors in state-spacevould be examined as the
target statepropajatesover time. However, dueto a finite
numker of sampledeingused thevastmajority of all sam-
plesarelikely to be conentratednearthe mostlikely ob-
ject positions. Interestingly this is both a potertial major
flaw of the algorithm, andthe sourceof why it canrepre-
senta high dimensioné state-spaceavith a small numkber
of sampleq11]. This understandingpromptedthe devel-
opmaent of thel-Condersationalgaithm [7] which usesm-
portane samplingto directthe searchandredistritute parti-
clesfrom low-probaility areago high-prokability regions.
Over time the output posteriordistribution of the algorithm
may no longeraccuately approxmatethe true statedistri-
bution. Thisis particularlytruein the caseof tempaary oc-
clusionof thetarget. In suchsituationssomesamplesrere-
positionedinto anareaof the state-spacthathouseshigher
target probailities. Doing this requiresthat we useaddi-
tional knowledge of the targetswhereabots, beyond that
of the posteriorgengatedby S; ;. This is known asthe
Monte Carlotechnque of Importane Samping [12]. Typ-
ically animportancesamplingfunction representa second
trackingmodality (imagecue),which comgementsthe pri-
mary trackingmodadity by identifying potertial targetsthat
the primary moddity may have missed. Most importantly

Importance Sampling

it canaid the primary trackingmoddity by focusingin on
regions of high probaility for the target. The importane
samplingfunctiondoesnotinfluencethe calcdation of sam-
ple likelihoods. Instead,it merely aidsin positioningthe
samplesnto areasof state-spacthatmay be high probail-

ity regions. In [7], importarce samplingis usedby having
a blob tracler idertify skin coloredregions, andthenfeed
this informationto a high level cortour tracker which does
hard tracking. The corventiond Bayesianappro&h to fu-
sion of multiple imagecueswould beto combine measure
merts from thevarious moddities, andweightthemaccord
ing to their inversevariarces[7]. However, thisis problem
atic asit assumeshe statisticaldependerciesof theimage
cues areknowvn andindeendent, whichis rarelythe case.

4 Method

The patrticle filtering framevork describedin section 3

wasimplementedasa probalilistic blob tracker in our ex-

perimens. A corventiond blob tracker works by scan

ning a searchwindow centeredat the previous blob cente

(z¢—1,y:—1). Thenew blob certerlocationis thenthe aver-

ageof all pixel co-ordinatsin thesearchwindow which sat-
isfy anappearane criteria(oftenpixel intensityor color). In

our implementation,eachparticlesamplein S; is evaluated
andaprobalility of it beinga partof thetargetis calcdated.
The probaliliti esare thenusedto assignthe weightingsto

ead sampleparticle. Thereis no neal for a normalizaion

corstantasthe relative value of the weightings areall that
areof significance. A key differencebetwea a conventional
blob tracker and our probailistic particle-b&edschene, is

thatourshasno explicit notionof thetamgetlocation.Rather
thetargetlocationcanonly bedetermine by evaluatingone
of the statisttal propeties of the posterior(mean median,
modke, etc.). To allow for visual feedb&k anndatedon top
of thevideostreamthemeanof S; is takento beanapprox

imationof thetargetlocationattime ¢.

4.1 Observational Modéd

The obserational modé calcdates the p(Z;|X;) likeli-
hoads requiredfor the sampleweighting processin step
(3) of the algorithmin section3. The obsenational model
usedis a probabilistic color-spacedefinition. Thisis a color
modckel of thetargetknown a priori andis the primarymears
for segmerting the target from the baclkgroundand clutter.
The color modd makes the assumptiorthatthe color space
of the target canbe approxmatedby threeGawssan distri-
butions. Thecolormodelis definredby 6 parametes: amean
andvariane defire the obsenational likelihoodon ead of
the 3 color channels(R,G,B). This resultsin a likelihoad
function which returnsa valuein therange[0,1] giventhe



pixel R,G,Bvalues.Figure3illustrateshow thethreeGaus-
siandistributionsareusedto calculatethefitnessof specific
RGB values. In the examplethe RGB values (r=3, b=14,

g=30 produe alikelihoodvalueof 0.373. The6 valuesin

the color modelaredetermind prior to runningthe tracker
by samplinga numbe of pixels within an areaknown to

housethetarget.

Fit

16 31 RreBis
Fitness = (1.0)(0.81)(0.46)
=0.373

Figure 3: Theobservatioml mode is defired probahlisti-
cally in a R-G-B chromatic space Each color chamel is
defiredindividudly by a single Gaussiandistribution. The
total fitnessof a color valueis the product of the individud
distribution scoes,asshownabove

4.2 TheMotion Modée

The motion modd is usedto predictthe new positionsof
samplesat eachtime step. The motionmodé usedhereis a
simpleonewhich is basedon a deterministicdrift andran-
dom diffusion compament. The deterministicdrift compo-
nentrepresenttheassumptiormf constanvelocity. Theran-
domdiffusioncompmentrepresentthetarget'stendency to
male sudde chargesin directionandvelodty (asis often
seenwith handgestures)The propajationof statevariables
via themotion modelis defired by equation(3):

©)

wherev; ,_; dendesthe sampleveloaty in pixels/frameof
s;, and G(z, o) derotesa Gaussiardistribution with zero
meanandstandad deviation o, evaluatedatx. Thevalue of
o is dependert on the physical charaderistics of the target
andcamea/tagetlayou andis determine empirically.

P(siels@,e—1)) = G(8t — (5¢-1 + vie1,0)

4.3 Using Motion Cuesto Direct the Search

Theuseof importane samplingis a deviation from step(1)
in the algorithmin section3. A key innovation of this pa-

peris theuseof motioncuesto redistritute particlesamples

which arebeingevaluatedusingcolor cues. The motionin-
formationwould not be appopriatefor useasthe primary
trackingmeanssincethetargetmayremainstill for largepe-
riods of time. However, during periods of motion, it actsas
a valuable mears of directingthe search.Importane sam-
pling [12] is aMonte Carlotechnigiewhich we usefor both

initialization andre-acqusition of losttametsin this experi-
mert. Dueto thetendemy of targetsto move suddeity and
rapidly in interface applicatiors, the ability to quickly re-
acquire the targetis of paranountimportance Theimpor
tan@ samplingfunction usedis basedon a spatially sub-
sampledlistribution of opticalflow magrtudeinformation.
The intuitive logic beingthatin interface apgicationsthe
targetis mostoftenlost during periodsof motion,andthus,
motion cuesshouldbe usedasthe means of redistrituting
samplego areasof high targetprobaility.

The optical flow normal components are calculatel us-
ing anadatationof thetechriqueoutlinedin [9] which pro-
ducessparseaccuate optical flow information. The actual
flow vectors produed by this opticd flow algorithm suf-
fersfrom thetypicd errorsexperience by mostopticd flow
teciques;e.g. aperture plark walls, non-densemeasure
merts, as well as someguess incorrectngs. To achieve
derse measuremas we thresholdthe flow vectors by an
estimateof flow error and subseqantly apply a few itera-
tionsof numericalmethod derived Laplae’s equation. We
chiefly selectedthis opticd flow techrical for its fastper
formane qualities,which is essentiato real-timeinterface
devices.This produ@sanimagemapwhichis sub-sampled
with a % sampleratio. At this point, a maskcanbe apgdied
to negate pixels in motion which arenot of the color range
of interest. Fromthis map,alist of pointsis prodwedthat
satisfiesdoththe opticd flow magnituct thresholdimit and
which satisfyalooseRGB-cdor defintion. Thislist is then
the canddatepopuation for gereratingsamplesetparticles
usingimportane sampling.

Sincesomecolorinformationhasalreadybeenincluded
in theimportan@ samplingfunction at this point, the algo-
rithm in [7] is simplified sothatall particlesin the sample-
with-replacenentschemeare selectedrom eitherthe prior
or theimportancesamplingcardidatelist. Expeimentallyit
wasfoundthatan appropiate division wasto selectl sam-
ple from the importan@ samplinglist for every 9 samples
selectedrom the prior. At this point, regardlessof how the
samplesveregererated(from the prior or importarce sam-
pling) they are all evaluated and weighted using only the
color informationspecifiedn 4.1.

Figure 4. Thevisual interfacedevice is shownabove as a
tool for digitally anrnotatinga wall map.



5 Experimental Results

The probailistic tracking algorithm outlined in section
4 was employed in a real-time visual interface systems.
The demorstrationapgication is the anrotation of a video
streamin real-timeusinga hard-heldmarler (seefigure 4).
In figure 4, andin similar figuresthroughoutthis pape, the
posteriorestimateof the x andy tamgetpositionis plottedon
the x andy axis of the image. Sincethe posterioris only
estimatedup to an unknown scalefactor thereis no mag-
nitudescaledisplayedfor the plots. The samplepopulation
sizewas10Q0, asthis level guaranteedanaccuateposterior
representatioraswell asallowing for 29frames/seconger
formance Thistrade-of betwe& anacairaterepresentation
andeffective framerateis showvn in figure 5. As would be
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Figure5: Asthe samplepopulation increasestrading per
formanceincreaseswhile the framerate deadeases A max-
imumframerate of 30fpsis attainable with samplepopua-
tionsof lessthan800.

expected,asthe samplepopulation increasesthe effective
frameratedeadeasesandthe qudity of the trackingresults
increases.To quantitatively measurdracking performare
an MPEG video file was createdshaving a usertracinga
known curve with the hand-feld marker. At ead time step
the deviation between the predictedtarget locationandthe
closestpoint on the true curve pathwas calcuated. From
this, a Mean Track Deviation (MTD) value can be com-
putedby averagng thetotal deviationin pixelsof thetracker
from the plotted course.Dueto the stochastimatue of the
systemthe samevideosequacewill not prodiwceidertical

trackingresultsin differentrunsof the tracker. Therefore,
the tracker was run ten times using the MPEG file asan
input at eight different samplepopulaion sizes. For each
popuation value, the average MTD valueandthe variarce
of theMTD valueswascalaulated.A desirablgrackingsys-
temwill produ@ both accuate (low MTD) andrepedable
(low variarce) results. Therefore,a Trackng Performace
Quotiert (TPQ)wasdevelopedto metricthe overall quarti-

tative performarme. This TPQ valueis definal in equation
(4) whereMT D,,, is thesetof MTD valuescalclatedfor

agiven popuation, pop.

1
Mean(MT D,,,)Variance(MT D,op)

TPonp = (4)

The TPQ was calcdated for eat setof 10 trial runsat a
given samplepopuldion. In figure 5 it is shovn that the
effective framerateis 29fpsfor samplepopulationsof less
than1000. At a samplepopuation of 1000 the meanMTD

value was 7.60 pixels/frameand the variance of the MTD

valueswas 0.0019 pixels. Theserepresenaiceptableper

formane valuesfor basicvideoannotaion tasksandasare-
sulttherecommadedpopuation sizein our systemis 1000
particles. A high framerateis vital in this apgication as
it constrainghe maximumpixels/framevelodty of thetar

get,andthusaffectsthetemporalmodds Gaussiavariane.
Comparedto otherstochastigarticletrackers[2, 5], asam-
ple population of 1000is arelatively smallnumker. We be-
lieve the ability of the systemto acairatelytrack the target
in the presene of clutterandocclusion with a smallnum-

berof samplesis largely a resultof the useof motion cues
to focusthe searchto regions of high probalility in state-
space Thefocusingability of thesemotioncuesallows the
tracker to investigpte a smallersub-setof state-spacé¢han
would normallyberequiredfor properposteriorestimation.

5.1 Video Annotation

Our interface systemfor video anndation is a simple one.
In orderto annotae over top of the video streamthe user
malesthe ball visible to the camea. To temporarily halt
the marking process(i.e. to indicate pen-up , the user
hides the ball by enclaing his hard arourd it (seefigure
6). Whenthetraclkerrecoquizesthatit hasno stronglock on
thetargetlocation,the anrotationis stoppeduntil thetamget
is re-acquired The color of the anndatedgraphicis deter
minedby the estimatedselodty of thetarget. This interface
coud easily be extendedto allow additioral marker prop-
erties (annotaion size, style, etc.) to be defined by add-
tional target propertiegdistancefrom camea, accderation,
etc.). Determinirg whether a stronglock is presents dore
by evaluatingthevariane of thecalculaedposteriorslf the
varianceis below the T'strong thresholdthenit is assumed
thata stronglock is present.This relatesto the notion that
alargeposteriorvarianceindicatesanelement of ambiguity
Onscreenastrongtargetlock is dendedby adarkcross(+)
overthetargetlocation while aweaklock is dendedby anx
overthetametlocation(seefigure 6). The systemmakesno
differentiationbetweenthesituationin which theuserinten-
tionally ocdudestheball by coveringit andthe situationin
whichtheball is temporarilyocdudedby anothe pherom-
ena(e.g. leaves field of view, ocdusion by arm). In eadt
scenaio, themarkingprocesss haltedsinceadeterminéion
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Figure6: Intentiond Occlusion: This sequene showsthe
relationship betwesn target visibility and posterior vari-
ance

of tagetlocationcannotbe madewithin asatishictorylevel

of certainty Thecolor propetiesof theobsenrational modd

werelearnedprior to the anrotationsequace by sampling
a distribution of pointsthat were known to be on the ball

in the video stream. As statedin section4.2, the tempaal

modd employedusedarandan Gaussiariffusionelement,

couped with acorstantvelodty assumption

5.2 Resaults

The performamre of the video anndation system was
promising. At all timeswhenthe marker wasmadevisible
thetrackingsystenmproperlylocked ontoit. Thesystenalso
proved exceptiondly resilientto occlusion even whenthe
tamgetchargeddirectionduringocclusionandreaparedat
alocationfar from its initial pointof occlusion. Thisis due
to the useof motion cuesin the importane samplingfunc-
tion which removes comgete depaderce on assumptions
of velodty andtrajectory

As expected,during periods of ocdusion, the posterior
diffuseduntil unamhguousdatacouldbeusedto strengthen
oneof thehypothesesThisis clealy shovnin thevideose-
qguercein figure 7. This sequaceshawvs the targetinitially
visible (i), then hidden behinda book (ii), andthenreap-
pearingon the otherside of the bodk after having changed
direction(iv). Thewhite crossrepresenttheperformareof
a cornventioral blob tracker (discussedn section4) andthe
dark crossrepresets our tracking systemfeedtack. Both
trackers perform similarly whenthe ball is initially visible
(i). However, thecorventiona blob trackeris unable to ded
with the occlusionand permarntly losesthe target after it
disappars (iii). Oncethe ball begins to reappar motion
cuesdivert a portionof the samplego investigatethe source
of themotion(iv). Whenit is obsenedthatthepixelsin mo-
tion matchthe obsenational mode well, the corresponihg

Figure 7: Re®mvery from Occlusion Thisimage sequece
showsthe ability of our tracker to recover from ocdusion.
A corventional blob tracker is displayel as a white cross,
while our tradker is shownasa dark cross.

hypothesisbeginsto strenghen.

As statedin 5.1, the anndation function attemptso de-
terminewhenthetaretis visible by thevariane of the pos-
terior. Therelationshipbetweenvisibility andposteriowari-
aneeisillustratedin figure 6. Whentheball is clearlyvisible
(i), the posterioris a single modedistribution with a small
variance.As diffusionbegins (ii) the posteriorbaginsto dif-
fuseto awider region, althowgh a definitive peakis still ob-
senabe. Oncefully ocduded(iii) theposteriothasdiffused
to alargeregion. This produ@sa posteriorvariancesignifi-
cartly largerthanthatof avisible target. As the ball begins
to reappeat the posterioronceaggin corvergesto the true
target location and the variarce deaeases. The T'strong
thresholdvaluewhich determines the cut-off betweena vis-
ible andnon-visibletargetis apgication dependeat andcan
be determinedempirically For instance an apgication in
which thetargetis placed furtherfrom the cameawill gen
erally produ@ smallerposteriorvarian@s sincethe target
appearssmallerin theimage.

As statedin section3, a motivation for using particle
filtering is the ability to represenimulti-modal posteriors.
Multi-modal posteriorgypicdly arisewhentheobsenration
mockl is simultaneosly attractedo multiple objectsin the
image Sud ascenaio is illustratedin figure 8 in whichthe
gree ball andthe greencup on the deskbothfit the color-
specift obsenational model. This is reflededin boththex
andy posteriorsvhich clearlyshowv adistinctpes for eat
of theobjeds. Differentiatingbetwe objectssimilarin ap-
peaanceis depadert on seconary cues(suchasthe mo-
tion informationdescribd in section4.3 andthe temporal
mockl). Therefore,despitethe obsenational modé being
attractedo both of the objeds, thetruetargetpea remains
dominantsinceit is beingreinforcedby theimportancesam-
pling motioninformation.



Figure8: Sincethe observatioal modé is attracted to the

target color, multi-modalposterios canemege when badk-

ground objeds (the greencup) are of similar color to that

of the target. Sincemotion cues are usedto focus the tar-

getlocalization,the dominan peakof the posteriorremains
focusednthetrue target.

5.3 Accuracy and Repeatability

As discussedn section5, the stochatic natue of the sys-
temresultsin multiple instancs of the trackingsystemnot
returning the exact sametarget trajectory However, our
systemhasbee shawvn to produ@ a low standarddevia-
tion of results,and thus, is highly repeatale. To verify
this, the average standarddeviation of the target statewas
calcdatedwhen5 trackerswererun simultaneaisly on an
MPEG-video clip. The datawas organizedto presentthe
statevarian@ versusthe calculat@ target velocity. As ex-

pectal, alargertargetvelocity prodwedagreate targetvari-

ancebetwesnthetrackers. However, evenan exceptiondly

fastmoving target (55+ pixels/frame)prodwceda low stan-
darddeviation ( 2 pixels) of tracker outpuswhen using1000
samples.

Themostcomnon sourceof failurefor thetrackingsys-
temis dueto a changein environmentalconditions which
rendersthe obsenational mode faulty. This is largely due
to changesin lighting which causethe tuned responseof
the likelihood calculatiors to be attractedto objectsnot of
the known target color. A possiblesolution to this prob-
lem thatis beinginvestigated is to defire the obsenational
modé colorspacausingtheHSV (Hue Saturatiorvalue) in-
dex or in termsof normalizededandgreenchannels where

= m andG = m. Thiswouldmalkethelik eli-
hoodcalculdions morerobustto shaaws andervironmen-
tal charges.

6 Conclusion

This paperpresentsa real-timeimplemernation of a visual
interface system. The systemis demastratedto perform
well as a video annotdion tool using a small handheld
marker. Color cuesandmotion cues weredemorstratedto
be a naturalcomgementto oneanaherfor visualinterface
devices.Thisis dueto thefactthattrackersmostcommanly

lose their tracked target during periodsof motion and oc-
clusion. The failure rate of the systemis nearzeroasthe
tracker atno point losestrackof avisible target,andalways
re-acquired the target within a few framesof its reappar
ane. Furthe work is presentlybeingdone whichis explor-
ing the autanatic calcuation of a color-spacedefirnition for
theobsenationalmodel,asatpresenthisis dore priortothe
trackingprocess.The framework presentedherecaneasily
be extendedto a more conplex interface which utilizes a
greder numkber of imagecues.
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