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Abstract

Visual interfacesystemsrequire object tracking techniques
with real-timeperformance for ubiquitous interaction. A
probabilistic framework for a visual tracking systemwhich
robustly tracks targetsin real-timeusingcolor and motion
cuesis presented. Thealgorithm is basedon particle filter-
ing techniquesof the I-Condensationfilter. An innovation
of the paper is the useof motion cuesto guide the prop-
agation of particle sampleswhich are beingevaluatedus-
ing color cues.This resultsin a probabilistic blob tracking
methodwhich is shownto greatly outperformconventional
blob trackers when in the presence of occlusion and clut-
ter. A second innovation presentedis the useof motion-
basedtemporal signatures for the visual recognition of an
initialization cue. This allows for passiveinitialization of
the tracking system.Theapplication presentedhere is the
taskof digital videoannotationusinga hand-heldmarking
device.

1 Introduction

Computer vision technologiesoffer a natural mediumfor
human-computer interfaces. People naturally tend to ex-
pressthemselves using gestures,expressions,and actions.
There have been extensive researchinitiatives addressing
the problem of real-time tracking for interface purposes.
However, mostsolutionshave claimedsuccessby employ-
ing one of several simplification techniques: using a con-
strainedanduncluttered environment[1], relaxingthereal-
timeconstraint[2], or assumingthatminimalocclusionwill
occur [3, 4]. Unlesshighly constrained,all visualinterfaces
will inevitably befacedwith ambiguousdata.This ambigu-
ity canresultfrom thetracked objectbeingtemporarily oc-
cluded, agiletargetmovement, or thetargetbecoming cam-
ouflagedby clutter that is similar in appearance. A visual
interfacesystemmusthave the ability to identify ambigu-
ousscenarios,andbeableto re-acquirethetruetargetonce

it becomesvisible again. Our systemis able to maintain
robustness even in the presenceof ambiguity by employ-
ing two powerful trackingtechniques. First, particlefilter-
ing is usedwhich representsthetargetposteriordistribution
asa collection of weighted samplesin statespace.This is
a naturalmechanismfor maintaining multiple modes (hy-
potheses)andpropagating the uncertainty over time. This
is astrengthof theCondensationalgorithm [5] comparedto
conventional predictive filters suchastheKalmanfilter [6]
whicharelimited to uni-modal Gaussianposteriorrepresen-
tations. Secondly, our systememploys a motion detection
algorithm andusesit to redistributeaportionof thesamples
intohigh-probabilityregionsof statespaceusingimportance
sampling[7]. The sampleweight representsthe likelihood
of a particularsamplebeingthe true target locationandis
calculatedby comparingtheimagedatato theapriori target
color model. Themotioninformationis notusedto gagethe
likelihood of a sample,but ratherit only identifies areasin
thestate-spacethatshouldbeinvestigated by samples.This
is aneffective techniqueastargetsaremostcommonly lost
duringperiodsof movement, andthismethodallowsthesys-
temto investigatetheseregionsof movement in aprincipled
Bayesianmanner.

A secondinnovationof this paper is theimplementation
of apassive initializationschemefor activating theinterface
device. Vision-basedinterface devices are typically em-
ployed in office or classroomenvironments in which there
mayexist extended periodsof time between device usages.
During theseperiodsof inactivity it is inappropriateto keep
the systemin the continuous tracking mode, as this can
result in temporarymisclassificationof an individual sim-
ply passingthroughthefield-of-view asbeinga targetuser.
Therefore,a methodof initialization andactivatingthesys-
tem is required. Ideally this methodshouldnot requirethe
explicit interventionof theuserby having themhit anactiva-
tion key. Rather, apassiveinitializationstrategy is presented
in this paper in which target individualsarerecognizedby
having themperforma simplepre-definedvisual initializa-
tion cue which the systemis tunedto detect via template



matching of temporalmotionsignatures.
The application presentedhereis the digital annotation

of video sequences. This is achieved through the real-
time visual tracking of a hand-held marker object, in this
case,a greenball. The user is able to annotate over top
of a video streamby moving the ball as they would a
marker on a pieceof paper. By intentionally hiding theball
within their hand, the user is able to temporarily halt the
annotation process, thus allowing for ”pen-up” and ”pen-
down” capabilities. Our method is also capable of ad-
vancedmarkingfeaturessuchasalteringtheappearance of
the annotationsbasedon the target objectvelocity. Video
clips demonstratingthetrackingtechniqueareaccessibleat
http://www.uoguelph.ca/ dbullock/trackdemo.htm.

2 Initialization

Beforetargettrackingcanbegin, thesystemmustrecognize
that an eligible target is in the field-of-view. Sincemost
vision-basedinterfacedeviceswill operatein officeor class-
roomenvironments,theremustexist a means for differenti-
atingbetween individualssimply passingthrough thecam-
era’s field-of-view, andthosewho wish to usethesystemas
an interfacetool. This is an initialization issuefor which
threegeneralsolutionsexist.

1. No Initialization: The tracking systemis ”on” at all
timesandattemptingto localizethetarget in thefield-
of-view. This is problematic, particularly in systems
which rely on color-based trackingcues,asanindivid-
ual passingthrough maybemomentarily mistakenfor
a targetwhen thedevice is not in use.

2. Active Initialization: In this scenario,thetrackingsys-
tem is explicitly told that an individual is presentand
wishesto usetheinterfacedevice. Mostoftenthistakes
theform of theuserhitting anactivation button.

3. Passive Initialization: In thesesystemsthetrackingal-
gorithmis activatedby thesystemrecognizing thatan
individual is presentand attemptingto interfacewith
the device. Target recognition is achieved by visual
recognition of a pre-definedinitialization cue. This re-
sultsin a moretransparent andeasy-to-usedevice than
method(2).

The passive initialization cueusedhereis to have the user
hold the interfaceobject (thecoloredball) in front of them
while moving it in acircularpattern.Oncethis initialization
cueis recognizedby thesystem,trackingcanbegin asout-
lined in section4. Recognition of initialization cues is done
by templatematching of temporal motionsignatures,aswill
bediscussedin thefollowing section.

2.1 Motion History Images

Motion historyimages(MHI) asproposedin [8] areameans
of representingspatialandmotion informationin the form
of an image. The brightnessof a pixel is determinedby
how recently therehasbeen motion detected at that loca-
tion. As shown in figure 1, pixels currently in motion ap-
pear white. Pixels in various shades of grayrepresent loca-
tionswhichhavedetectedmovement in therecentpast.The
MHI shown in figure 1 shows a typical motion history im-
agegeneratedfrom thepre-definedinitializationcueusedin
our experiments. This particularmotion cue was selected

Figure 1: Themotionhistoryimage represents howrecently
motionwasdetectedat each pixel location.Pixelscurrently
in motionare shownaswhite, while pixelsin motionin the
recent pastareshownin decayingshadesof gray.

asit producesa distinctMHI not usuallygeneratedby ran-
dommovementsof individuals.Movement is detectedusing
Camus optical flow [9] which allows for real-timecalcula-
tion of optical flow values. Pleaserefer to section4.3 for a
discussionon the general problems associatedwith optical
flow methods,a justificationfor our selectionof theCamus
method,andthedeviationswhichwemadefrom theoriginal
algorithm. The gradientof motion canbe calculatedfrom
the MHI usinga simpleSobel gradientmaskfor convolu-
tion. While motionvectorsaregeneratedby theopticalflow
algorithm itself, we desirea richer setof vectors spanning
theregionwhichhasseenmovement in therecent past.

2.2 Temporal Signatures

Having produceda measureof recentmovement in thespa-
tial domain,we requirea means of comparing theseMHI
images to a known templatefor circular movement of a
forward extended hand. We use a technique inspired by
[10] which is scaleandtranslationinvariant in detectinga
known action.Thealgorithminvolves thedefinitionof nine
overlapping spatialwindows (asdefinedin [10]), in each of
which thedistributionof motionvectorsis calculated.In or-
derto makethetechniquetranslationinvariant, thewindows
arecenteredaround the calculated centroidof motion pix-
els. In orderto gain scaleinvariance, thewindows aresized
in orderto cover thebounding box of recentmotion. As is



donein [10] we usean angular resolutionof ����� radians
(12 bins) in eachhistogram. Within each window, motion
vectors arecalculatedat a sub-sampledresolution(we use
a �� sub-sampling). Thedirectionof themotiongradient is
found, and the appropriatebin in the motion histogramis
incremented.Onceall of thewindowshavebeen processed,
the nine histogramsare placed end-to-endto createa sin-
gle MHI motion histogram. Thus in our experiments,the
final histogramconsists of 12x9=108bins. In orderto en-
suretrue scaleinvariance and target speedinvariance, we
normalizethehistogramto consistof a total of 10,000 units
distributedacrossall of the108bins. This final motionhis-
togramis known as the temporalsignature.The temporal
signaturecorresponding to the circular movement of a for-
wardextendedhand(the initialization cue)is shown in fig-
ure2.

Figure2: Calculated Temporal Signature: Theabove sig-
naturecorrespondsto theMHI of thecounter-clockwisecir-
cular movementof a forward extendedhand.Thesignature
is a means of representing thespatialdistribution of motion
vector orientations.

2.3 Action Templates

In order to measurethe likelihood of a particular action
presentlybeing performed,the calculated temporalsigna-
tureis comparedto a setof pre-definedtemporalsignatures
of knownactions.Theactualcomparisonprocessis donevia
a simplesum-of-absolute-differencescalculation. This pro-
duces a value which canbethresholdedto give a likely/not-
likely differentiationfor an action being performed. The
event detection thresholdis determinedempirically and is
dependent of theinitializationcueselected. For thepurposes
of oursystem,only two actionsareof significance:counter-
clockwiseandclockwisecircularhand movement. Building
theseactiontemplates is doneby takingasampleof 10tem-
poralsignaturesduringatrainingphase.Thesetemporalsig-
naturesarethenaveragedto createa singleactiontemplate
for each of theactions. This is doneto reduce theeffectsof
any statisticalanomaliespresent in any onetemporal signa-

ture.To account for userswhoperformtheinitializationcue
at variousspeeds,a setof fastmovementsanda setof slow
movementswascapturedfor each of thetwo pre-definedac-
tions. Thus,a total of four temporal signaturetemplates are
learned. Upondetection of a initializationcue,thesystemis
activatedandtrackingbeginsasoutlinedin section4.

3 Predictive Filtering

Computation of the target posteriorcan be a difficult en-
deavor dueto non-linearitiesof thelikelihoodfunctionover
model parameters. Thesenon-linearities result from oc-
clusion,one:many matching ambiguities,andcamouflaging
clutter. Further complicatingtherepresentationof theposte-
rior is thenon-lineardynamicsof thetemporalprior. Thus,
any assumptionof uni-modality or Gaussiandistributionsin
the posteriordistribution is not appropriate [5]. This is the
primaryshortcomingof theKalmanfilter. Theneedfor afil-
tercapableof multi-modalnon-Gaussiandistributionsis the
motivation for representingthe target posteriorby a setof
weightedstatespacesamples.Thesesamplesarethenmade
to propagatethrough time via themotion(temporal)model
and the observed imagelikelihoods. With a large enough
setof samples,this weightedparticlesetcanbe a fair rep-
resentationof the true target posterior. The seminalwork
on the useof particlesamplingin visual trackingwaspre-
sentedas the Condensationalgorithm [5]. The algorithm
employs theMonteCarlotechniqueof factoredsamplingto
propagateasetof samplesthroughstatespacein anefficient
manner. In our experiments,only the locationof the target
is trackedthrough time,andthus,thestate,��� , is represented
by a 2x1 vector of parameter assignments,�	��
�� 
���������� . At
time stept-1, the posterioris representedby N statesam-
ples,eachcorresponding to a candidatelocationfor thetar-
getandweightedaccordingto their relative likelihood. This
likelihood is calculatedby comparing the imagedataat the
location of �	� with the a priori known color model of the
target, as will be discussedin section4. This algorithm
makes useof Bayesianinference which allows for the in-
ferring theposteriorstatedensity ����������� ��! where��� is the
stateand � � is the imagedata. The prior, �������"�#� ��$ � ! is
inferred from predicting ��������$ � �#� ��$ � ! though the motion
model ���%�&�"� �&��$ � ! , andthis is usedasa basisfor calculat-
ing themeasurements(observations) ���'� �"� �&��! , from which
the posterioris computed. To easethe computational re-
quirements,theposteriorisonlyestimateduptoanunknown
scalefactor ( asshown in (2). See[5] for a moredetailed
explanationof this.

���%�&�"�#� ��!)
 ���'� �"� ���	!%�����&�"� �&��$ � !���'� ��! (1)


*��()!����'� �"� ����!������&�"� �&��$ � ! (2)



The schedule of events in the Condensationalgorithm at
eachtime stepfollowsasshown below:

1. A new setof samples+,�-
*�.� � �/��01�/2%2%2#�3�	45� is selected
from +,��$ � using a sample-and-replacescheme with
preferencegiven to sampleswith largerweightings.

2. Samples arepropagatedthroughstatespaceusingthe
motion model. Typically this includes a deterministic
drift component anda random diffusioncomponent as
wepresentin section4.2.

3. Eachsamplein +,� is thenweightedusingthelikelihood
function and the datafrom image 67� . This weighted
setof samplesnow representstheapproximationof the
posteriorat time 8 .

4. If discretefeedbackis requiredthesampleset +9� canbe
queriedby oneof many statistical operatorsincluding:<; 
=��+>��! , :@?A;3B ��+,��!'� :@?AC/D	;3B �'+9�	! , etc.

3.1 Importance Sampling

Under thestandardimplementationof theCondensational-
gorithm, the population from which the sampledset +,� is
created, is theprevioussampleset +,��$ � . Thus, theportions
of state-spaceavailable for examination in a time-stepare
limited beforeany measurementsare made. With a good
approximation of the statedistribution , and a large num-
ber of samples,this would not be problematic aseven un-
likely locations in state-spacewould be examined as the
target statepropagatesover time. However, dueto a finite
number of samplesbeingused,thevastmajority of all sam-
plesare likely to be concentratednearthe most likely ob-
ject positions. Interestingly, this is both a potential major
flaw of the algorithm,and the sourceof why it canrepre-
sent a high dimensional state-spacewith a small number
of samples[11]. This understandingpromptedthe devel-
opment of theI-Condensationalgorithm [7] which usesim-
portancesamplingto directthesearchandredistributeparti-
clesfrom low-probability areasto high-probability regions.
Over time theoutput posteriordistribution of thealgorithm
may no longeraccurately approximatethe true statedistri-
bution. This is particularlytruein thecaseof temporaryoc-
clusionof thetarget. In suchsituationssomesamplesarere-
positionedinto anareaof thestate-spacethathouseshigher
target probabilities. Doing this requiresthat we useaddi-
tional knowledgeof the targetswhereabouts, beyond that
of the posteriorgeneratedby +9��$ � . This is known as the
MonteCarlo techniqueof Importance Sampling [12]. Typ-
ically an importancesamplingfunctionrepresentsa second
trackingmodality (imagecue),which complementsthepri-
mary trackingmodality by identifying potential targetsthat
the primary modality may have missed.Most importantly,

it canaid the primary trackingmodality by focusingin on
regions of high probability for the target. The importance
samplingfunctiondoesnot influencethecalculationof sam-
ple likelihoods. Instead,it merely aids in positioningthe
samplesinto areasof state-spacethatmaybehighprobabil-
ity regions. In [7], importance samplingis usedby having
a blob tracker identify skin coloredregions,andthenfeed
this informationto a high level contour tracker which does
hand tracking. The conventional Bayesianapproach to fu-
sionof multiple imagecueswould beto combinemeasure-
ments from thevariousmodalities, andweightthemaccord-
ing to their inversevariances[7]. However, this is problem-
atic asit assumesthe statisticaldependenciesof the image
cuesareknown andindependent, which is rarelythecase.

4 Method

The particle filtering framework describedin section 3
wasimplementedasa probabilistic blob tracker in our ex-
periments. A conventional blob tracker works by scan-
ning a searchwindow centeredat the previous blob center
��
���$ � ������$ � ! . Thenew blob center locationis thentheaver-
ageof all pixel co-ordinatesin thesearchwindow whichsat-
isfy anappearancecriteria(oftenpixel intensityor color). In
our implementation,eachparticlesamplein +,� is evaluated
andaprobability of it beingapartof thetargetis calculated.
The probabiliti esarethenusedto assignthe weightingsto
each sampleparticle. Thereis no need for a normalization
constantasthe relative value of the weightings areall that
areof significance.A key differencebetween aconventional
blob tracker andour probabilistic particle-basedscheme, is
thatourshasnoexplicit notionof thetargetlocation.Rather,
thetargetlocationcanonly bedetermined by evaluatingone
of the statistical properties of the posterior(mean, median,
mode, etc.). To allow for visual feedback annotatedon top
of thevideostream,themeanof +9� is takento beanapprox-
imationof thetargetlocationat time 8 .

4.1 Observational Model

The observational model calculates the ����� �"� �&��! likeli-
hoods requiredfor the sampleweighting processin step
(3) of the algorithmin section3. The observational model
usedis a probabilistic color-spacedefinition. This is a color
model of thetargetknown apriori andis theprimarymeans
for segmenting the target from the backgroundandclutter.
Thecolor model makes theassumptionthat thecolor space
of the targetcanbeapproximatedby threeGaussiandistri-
butions. Thecolormodelis definedby 6 parameters: amean
andvariance define theobservational likelihoodon each of
the 3 color channels(R,G,B). This resultsin a likelihood
function which returnsa valuein the range[0,1] given the



pixel R,G,Bvalues.Figure3 illustrateshow thethreeGaus-
siandistributionsareusedto calculatethefitnessof specific
RGB values. In the examplethe RGB values (r=3, b=14,
g=30) produce a likelihoodvalueof 0.373. The6 values in
thecolor modelaredetermined prior to runningthe tracker
by samplinga number of pixels within an areaknown to
housethetarget.

Figure3: Theobservational model is defined probabilisti-
cally in a R-G-B chromatic space. Each color channel is
defined individually by a singleGaussiandistribution. The
total fitnessof a color valueis theproduct of theindividual
distributionscores,asshownabove.

4.2 The Motion Model

The motion model is usedto predict the new positionsof
samplesat eachtime step.Themotionmodel usedhereis a
simpleonewhich is basedon a deterministicdrift andran-
dom diffusion component. The deterministicdrift compo-
nentrepresentstheassumptionof constant velocity. Theran-
domdiffusioncomponentrepresentsthetarget’s tendency to
make sudden changesin directionandvelocity (asis often
seenwith handgestures).Thepropagationof statevariables
via themotionmodelis definedby equation(3):

���'��E�F �"���HG E�F ��$ �JI !=
LKM�'���ONP������$ �=QSR E�F ��$ � �/TU! (3)

whereR E�F ��$ � denotesthesamplevelocity in pixels/frameof
��E , and KM��
V�/TU! denotesa Gaussiandistribution with zero
meanandstandard deviation T , evaluatedat x. Thevalueof
T is dependent on the physical characteristics of the target
andcamera/targetlayout andis determined empirically.

4.3 Using Motion Cues to Direct the Search

Theuseof importancesamplingis adeviation from step(1)
in the algorithmin section3. A key innovation of this pa-
peris theuseof motioncuesto redistributeparticlesamples
which arebeingevaluatedusingcolor cues. Themotionin-
formationwould not be appropriatefor useasthe primary
trackingmeanssincethetargetmayremainstill for largepe-
riodsof time. However, duringperiods of motion,it actsas
a valuable means of directingthe search.Importance sam-
pling [12] is aMonteCarlotechniquewhichweusefor both

initializationandre-acquisitionof lost targetsin thisexperi-
ment. Dueto thetendency of targetsto move suddenly and
rapidly in interfaceapplications, the ability to quickly re-
acquire the target is of paramount importance. The impor-
tance samplingfunction usedis basedon a spatially sub-
sampleddistributionof opticalflow magnitudeinformation.
The intuitive logic being that in interfaceapplications the
target is mostoftenlost duringperiodsof motion,andthus,
motion cuesshouldbe usedasthe means of redistributing
samplesto areasof high targetprobability.

The optical flow normalcomponents arecalculated us-
ing anadaptationof thetechniqueoutlinedin [9] whichpro-
ducessparseaccurateoptical flow information. The actual
flow vectors produced by this optical flow algorithm suf-
fersfrom thetypical errorsexperienced by mostoptical flow
techniques;e.g. aperture,blank walls, non-densemeasure-
ments, as well as someguess incorrectness. To achieve
dense measurements we thresholdthe flow vectors by an
estimateof flow error andsubsequently apply a few itera-
tionsof numericalmethods derived Laplace’s equation. We
chiefly selectedthis optical flow technical for its fast per-
formance qualities,which is essentialto real-timeinterface
devices.Thisproducesanimagemapwhich is sub-sampled
with a �W sampleratio. At this point, a maskcanbeapplied
to negatepixels in motionwhich arenot of thecolor range
of interest.Fromthis map,a list of pointsis producedthat
satisfiesboththeoptical flow magnitude thresholdlimit and
which satisfya looseRGB-color definition. This list is then
thecandidatepopulation for generatingsamplesetparticles
usingimportancesampling.

Sincesomecolor informationhasalreadybeenincluded
in the importance samplingfunctionat this point, thealgo-
rithm in [7] is simplifiedso thatall particlesin thesample-
with-replacementschemeareselectedfrom eithertheprior
or theimportancesamplingcandidatelist. Experimentallyit
wasfoundthatanappropriatedivision wasto select1 sam-
ple from the importance samplinglist for every 9 samples
selectedfrom theprior. At this point, regardlessof how the
samplesweregenerated(from theprior or importancesam-
pling) they are all evaluatedand weighted using only the
color informationspecifiedin 4.1.

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



5 Experimental Results

The probabilistic tracking algorithm outlined in section
4 was employed in a real-time visual interface systems.
The demonstrationapplication is the annotationof a video
streamin real-timeusinga hand-heldmarker (seefigure4).
In figure4, andin similar figuresthroughout this paper, the
posteriorestimateof thex andy targetpositionis plottedon
the x andy axis of the image. Sincethe posterioris only
estimatedup to an unknown scalefactor, thereis no mag-
nitudescaledisplayedfor theplots. Thesamplepopulation
sizewas1000, asthis level guaranteedanaccurateposterior
representation, aswell asallowing for 29frames/secondper-
formance. Thistrade-off between anaccuraterepresentation
andeffective framerateis shown in figure5. As would be

Figure5: Asthesamplepopulation increases,tracking per-
formanceincreaseswhile theframeratedecreases.A max-
imumframerateof 30fpsis attainable with samplepopula-
tionsof lessthan800.

expected,asthe samplepopulation increases,the effective
frameratedecreasesandthe quality of the trackingresults
increases.To quantitatively measuretrackingperformance
an MPEG video file wascreatedshowing a usertracinga
known curve with thehand-held marker. At each time step
the deviation between the predictedtarget locationandthe
closestpoint on the true curve pathwascalculated. From
this, a Mean Track Deviation (MTD) value can be com-
putedby averaging thetotaldeviationin pixelsof thetracker
from theplottedcourse.Dueto thestochasticnature of the
system,thesamevideosequencewill not produceidentical
trackingresultsin differentrunsof the tracker. Therefore,
the tracker was run ten times using the MPEG file as an
input at eight different samplepopulation sizes. For each
population value, the average MTD valueandthe variance
of theMTD valueswascalculated.A desirabletrackingsys-
tem will produce both accurate(low MTD) andrepeatable
(low variance) results. Therefore,a Tracking Performance
Quotient (TPQ)wasdevelopedto metrictheoverall quanti-
tative performance. This TPQ valueis defined in equation
(4) where XZYM[]\�^�\ is thesetof MTD valuescalculatedfor

a given population, �>_"� .

YM`bac\�^�\M

d

X ?7;3B �'XeYM[b\�^�\�!�f ;/ghD	;3B-i�? �'XeYM[b\�^�\j! (4)

The TPQ was calculated for each set of 10 trial runs at a
given samplepopulation. In figure 5 it is shown that the
effective framerateis 29fpsfor samplepopulationsof less
than1000. At a samplepopulation of 1000 themeanMTD
value was7.60 pixels/frameand the varianceof the MTD
valueswas0.0019 pixels. Theserepresentacceptableper-
formancevaluesfor basicvideoannotation tasksandasare-
sult therecommendedpopulationsizein oursystemis 1000
particles. A high frame rate is vital in this application as
it constrainsthemaximumpixels/framevelocity of the tar-
get,andthusaffectsthetemporalmodels Gaussianvariance.
Comparedto otherstochasticparticletrackers[2, 5], asam-
ple populationof 1000is a relatively smallnumber. We be-
lieve theability of thesystemto accuratelytrack the target
in thepresence of clutterandocclusion, with a smallnum-
berof samples,is largely a resultof theuseof motioncues
to focus the searchto regions of high probabilit y in state-
space. Thefocusingability of thesemotioncuesallows the
tracker to investigate a smallersub-setof state-spacethan
would normallyberequiredfor properposteriorestimation.

5.1 Video Annotation

Our interfacesystemfor video annotation is a simpleone.
In order to annotate over top of the video streamthe user
makes the ball visible to the camera. To temporarilyhalt
the marking process(i.e. to indicate pen-up) , the user
hides the ball by enclosing his hand around it (seefigure
6). Whenthetrackerrecognizesthatit hasnostronglock on
thetarget location,theannotationis stoppeduntil thetarget
is re-acquired. Thecolor of theannotatedgraphicis deter-
minedby theestimatedvelocity of thetarget.This interface
could easilybe extendedto allow additional marker prop-
erties(annotation size, style, etc.) to be defined by addi-
tional targetproperties(distancefrom camera,acceleration,
etc.). Determining whethera stronglock is presentis done
by evaluatingthevarianceof thecalculatedposteriors.If the
varianceis below the YM��8 g _ Blk threshold,thenit is assumed
thata stronglock is present.This relatesto thenotion that
a largeposteriorvarianceindicatesanelement of ambiguity.
Onscreen, astrongtargetlock is denotedby adarkcross(+)
overthetargetlocation, while aweaklock is denotedby anx
over thetargetlocation(seefigure6). Thesystemmakesno
differentiationbetweenthesituationin whichtheuserinten-
tionally occludestheball by coveringit andthesituationin
which theball is temporarilyoccludedby another phenom-
ena(e.g. leaves field of view, occlusion by arm). In each
scenario, themarkingprocessis haltedsinceadetermination



a) b)

c) d)

Figure6: Intentional Occlusion: This sequence showsthe
relationship between target visibility and posterior vari-
ance.

of targetlocationcannotbemadewithin asatisfactorylevel
of certainty. Thecolor propertiesof theobservationalmodel
werelearnedprior to the annotationsequenceby sampling
a distribution of points that were known to be on the ball
in the video stream.As statedin section4.2, the temporal
model employedusedarandom Gaussiandiffusionelement,
coupledwith aconstantvelocity assumption.

5.2 Results

The performance of the video annotation system was
promising. At all timeswhenthemarker wasmadevisible
thetrackingsystemproperlylocked onto it. Thesystemalso
proved exceptionally resilient to occlusion, even whenthe
targetchangeddirectionduringocclusionandreappearedat
a locationfar from its initial point of occlusion. This is due
to theuseof motioncuesin the importance samplingfunc-
tion which removes complete dependence on assumptions
of velocity andtrajectory.

As expected,during periods of occlusion, the posterior
diffuseduntil unambiguousdatacouldbeusedto strengthen
oneof thehypotheses.This is clearly shown in thevideose-
quence in figure 7. This sequenceshows thetarget initially
visible (i), then hidden behinda book (ii) , and then reap-
pearingon the othersideof the book after having changed
direction(iv). Thewhitecrossrepresentstheperformanceof
a conventional blob tracker (discussedin section4) andthe
dark crossrepresents our tracking systemfeedback. Both
trackersperformsimilarly whenthe ball is initially visible
(i). However, theconventional blob tracker is unable to deal
with the occlusionandpermanently losesthe targetafter it
disappears (iii). Oncethe ball begins to reappear, motion
cuesdivert aportionof thesamplesto investigatethesource
of themotion(iv). Whenit is observedthatthepixelsin mo-
tion matchtheobservational model well, thecorresponding

a) b)

c) d)

Figure 7: Recovery from Occlusion: This image sequence
showsthe ability of our tracker to recover from occlusion.
A conventional blob tracker is displayed as a white cross,
while our tracker is shownasa darkcross.

hypothesisbegins to strengthen.

As statedin 5.1, theannotationfunctionattemptsto de-
terminewhenthetargetis visibleby thevarianceof thepos-
terior. Therelationshipbetweenvisibility andposteriorvari-
anceis illustratedin figure6. Whentheball is clearlyvisible
(i), the posterioris a singlemodedistribution with a small
variance.As diffusionbegins(ii) theposteriorbegins to dif-
fuseto a wider region,although a definitive peakis still ob-
servable. Oncefully occluded(iii) theposteriorhasdiffused
to a largeregion. This producesa posteriorvariancesignifi-
cantly largerthanthatof a visible target. As theball begins
to reappear, the posterioronceagain convergesto the true
target location and the variance decreases. The Ym�n8 g _ B�k
thresholdvaluewhich determines thecut-off betweena vis-
ible andnon-visibletarget is application dependent andcan
be determinedempirically. For instance, an application in
which thetargetis placed furtherfrom thecamera will gen-
erally produce smallerposteriorvariances sincethe target
appearssmallerin theimage.

As statedin section3, a motivation for using particle
filtering is the ability to representmulti-modal posteriors.
Multi-modalposteriorstypically arisewhentheobservation
model is simultaneously attractedto multiple objectsin the
image. Such ascenario is illustratedin figure8 in which the
green ball andthegreencupon thedeskbothfit thecolor-
specific observational model.This is reflectedin boththex
andy posteriorswhichclearlyshow adistinctpeak for each
of theobjects. Differentiatingbetween objectssimilar in ap-
pearanceis dependent on secondary cues(suchasthe mo-
tion informationdescribed in section4.3 andthe temporal
model). Therefore,despitethe observational model being
attractedto bothof theobjects, thetruetargetpeak remains
dominantsinceit is beingreinforcedby theimportancesam-
pling motioninformation.



Figure8: Sincethe observational model is attracted to the
targetcolor, multi-modalposteriorscanemergewhen back-
ground objects (the greencup) are of similar color to that
of the target. Sincemotioncues are usedto focus the tar-
get localization,thedominant peakof theposteriorremains
focusedon thetrue target.

5.3 Accuracy and Repeatability

As discussedin section5, the stochastic nature of the sys-
temresultsin multiple instances of the trackingsystemnot
returning the exact sametarget trajectory. However, our
systemhasbeen shown to produce a low standarddevia-
tion of results,and thus, is highly repeatable. To verify
this, the averagestandarddeviation of the target statewas
calculatedwhen5 trackerswererun simultaneously on an
MPEG-video clip. The datawas organized to presentthe
statevariance versusthe calculated target velocity. As ex-
pected,alargertargetvelocity producedagreater targetvari-
ancebetweenthetrackers. However, evenanexceptionally
fastmoving target (55+ pixels/frame)produceda low stan-
darddeviation( 2 pixels) of trackeroutputswhen using1000
samples.

Themostcommonsourceof failurefor thetrackingsys-
tem is dueto a change in environmentalconditions which
rendersthe observational model faulty. This is largely due
to changesin lighting which causethe tuned responseof
the likelihoodcalculations to be attractedto objectsnot of
the known target color. A possiblesolution to this prob-
lem that is beinginvestigated is to define the observational
model colorspaceusingtheHSV (HueSaturationValue) in-
dex or in termsof normalizedredandgreenchannels,whereo 
 pG p'qUr�q s I and Kt
 rG pnqUr�qUs I . Thiswouldmakethelikeli-
hoodcalculationsmorerobustto shadows andenvironmen-
tal changes.

6 Conclusion

This paperpresentsa real-timeimplementation of a visual
interfacesystem. The systemis demonstratedto perform
well as a video annotation tool using a small hand-held
marker. Color cuesandmotion cues weredemonstratedto
bea naturalcomplementto oneanother for visual interface
devices.This is dueto thefactthattrackersmostcommonly

lose their tracked target during periodsof motion and oc-
clusion. The failure rateof the systemis near-zeroas the
tracker atnopoint losestrackof avisible target,andalways
re-acquired the target within a few framesof its reappear-
ance. Further work is presentlybeingdone which is explor-
ing theautomaticcalculation of a color-spacedefinition for
theobservationalmodel,asatpresentthisisdoneprior to the
trackingprocess.The framework presentedherecaneasily
be extendedto a more complex interfacewhich utilizes a
greaternumberof imagecues.
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