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ABSTRACT

In this paperwe presentnobjecttrackingalgorithmfor
thelow-frame-ratevideoin which objectshave fastmotion.
The corventionalmean-shiftrackingfails in casetherelo-
cationof anobjectis large andits regionshetweerthe con-
secutve framesdonotoverlap. We provide asolutionto this
problemby usingmultiple kernelscenterecht the high mo-
tion areas.In addition,we improve the corvergenceprop-
ertiesof the mean-shiftby integratingtwo likelihoodterms,
backgroundandtemplatesimilarities,in theiterative update
mechanismOur simulationsprove the effectivenesof the
proposednethod.

1. INTRODUCTION

Objecttrackinghastwo maintasks;detectiorof anew mov-
ing object,and nding thelocationsof the previousobjects
in the currentframe. For stationarycamerasetups,detec-
tion of the new objectscan be done by backgroundsub-
traction,i.e. comparingthe currentframewith a reference
modelof the stationaryscene Wren[1] introducedasingle
unimodal, zero-meanGaussiamoise processto describe
the uninterestingvariability, which correspondso the ref-
erencebackgroundin the scene Earliermethodgproposed
to useKalman Iters to make a predictionof background
pixel intensities. A Wiener Iter is usedby Toyama[2] to
make a linear predictionof the pixel intensityvalues,given
the pixel histories. Staufer [3] suggestedo representhe
backgroundwith a mixture of Gaussiarmodels. Elgam-
mal [4] proposedh non-parametri@pproachwhereproba-
bilistic kernelsareusedto modelthe densityat a particular
pixel.

Thesecondaskof objecttracking, nding thepreviously
detectedbjectsin the currentframe,canbedoneby a pop-
ular forward-trackingtechnique,the mean-shifttracking.
Theoriginal mean-shiftmethodis a non-parametriclensity
gradientestimator It is basicallyan iterative expectation
maximizationclusteringalgorithm executedwithin the lo-
cal searchregions. Comaniciu[5] hasadaptedhe original
mean-shiftfor trackingof manuallyinitialized objects.The
mean-shifttracker provides accuratelocalizationandit is
computationallyfeasible. However, it strictly dependson
theassumptiorthatobjectregionsoverlapbetweerthecon-

secutve frames. We proposedan automaticobject track-
ing technique[6] thatintegratesa multi-modalbackground
generatioralgorithminto asingle-kernelmean-shifimethod
for stationarycamerasetups.Here,a kernelrepresentshe
supportregion for the mean-shiftsearchesin otherwords,
it is awindow enclosingthe previouslocationof the object.

Increasinglyobjecttrackingsystemsareassembledrom
a large numberof cameras. |t is desiredto achiese real-
timetrackingperformancevhile keepinghehardwarecosts
on aneconomicaloften minimum) level. Thereforejt be-
comesnecessaryo processhe vastamountof constantly
streamingmultiple channelsof dataon a single CPU at
the sametime. Unfortunately most existing tracking ap-
proachegpresumehey canconsumeall the available pro-
cessingpower for a single sequence. Object tracking of
multiple video sequencesinder the constrictedcomputa-
tional poweris still presentamajorchallenge.

Onesolutionto enableprocessingpf multiple video se-
quenceson the sameCPU is to sampleevery input video
suchthatthenumberof framesperseconds decreasegro-
portionalto the numberof sequencesHowever, dueto the
decreas®f the framerate, the trackingalgorithmreceves
video framesat a lower temporalresolution,which causes
the objectsto appearreciprocallymuch fasterthanto the
original sequenceAs aresult,little or no overlapof object
regionsbetweerthe consecutie framesexist.

To understandhe effect of using the low frame rate
sequencesn the performanceof the single-lernel mean-
shift tracking,we marked the groundtruth (boundarieand
trajectoriesof the moving objects)for benchmarktest se-
quencesandevaluatedheaccurag of ourmean-shifbased
trackingmethod. The testsequencesonsistof morethan
50,000framesanddepictbothindoorsandoutdoorsscenar
ios, partialandfull occlusionsyariousobjecttypessuchas
pedestriansyehicles,bicycles, etc. We measuredhe dif-
ferencebetweenthe extractedtrajectoriesand the ground
truth. We alsoimposeda penaltytermto incorporateother
trackingfailuressuchaswrong objectinitialization, object
deletion,identity mismatchegtc. Theevaluationresultsare
presentedn Fig. 1. It is obsenred thatthe performanceof
the tracking methoddegradesasthe framerate getslower
values.Thedeclinein performancés moreapparentor the
sequencethat containfastmoving objects. In low frame
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Fig. 1. Low-frame-ratevideo trackingrequirehandlingof
fastmoving objects.

rate data, object movementsare usually large and unpre-
dictable,thereforea single meanshift window centeredat
the previous locationof the target may not enclosethe ob-
jectin thecurrentframe.

To overcomethe above problems,we extend the mean-
shift suchthat the iterative shifts are executednot only
within a single kernelbut in multiple kernelsthat areini-
tialized at high motion areasof the sceneandthe previous
locationof the object,asexplainedin the next section.

2. MULTI-KERNEL MEAN-SHIFT

We estimatea statisticalbackgroundnodelconstructedy
multiple layersusinga Bayesiarupdatemechanismandwe
comparethe currentframewith the estimatedbackground
modelsto determinethe foreground pixels in the current
frame. The backgroundgenerationis capableof adapting
its learningcoefcients with respectto the amountof the
illumination change We measurahe distancebetweerthe
pixel color andthe correspondingnodelsto obtaina dis-
tancemap.A foregroundmaskis computecdy thresholding
the distancemap using the pixel color variation, thus, the
thresholdis adaptve to eachpixel, andvariesin time. We
keeptrackof two objectsets.Objectshatarenottrackedfor
enoughnumberof framesare marked as possibleobjects.
We usethe connectedcomponentso initialize objects.Af-
ter estimatingthe location of eachobject, we matchthem
with theconnectedomponentsAn objectis deletedf it is
not matchedwith ary of the connecteccomponentsluring
acertainnumberof thesubsequerframes.New objectsare
initialized accordinglyfrom the connectedomponentshat
arenot matchedwith ary of the currentobjects.

The currentobjectsare tracked by multiple mean-shift
kernelg(asillustratedin Fig 2), andtheirshapesreadjusted
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Fig. 2. We iteratethe mean-shifin multiple kernels.

by anin/out classi er usingthe distancemap. We describe
thedetailsof themulti-kernelmean-shiftrackingalgorithm
in thefollowing sections.

2.1. Selectionof Kernels

We applya spatialclusteringto the distancemap. For each
pixel, we weightthe distancemapvaluewith respecto the
distancebetweerthe pixel andthe locationof the kernelin

the previous frame. This transformationassignshighera
likelihoodto the pixelsthatarecloserto the previousloca-
tion of the object. Next, we nd the peakswithin the dis-

tancemap. We choosethe centerof-massof the region of

the objectin the previous frameasan additionalpeak. We

meigethepeakshatarecloseto eachotherusingthe object
sizeasa template. Then, we selectrecursvely the pixels
by startingfrom the pixel that hasa maximumscore,until

a maximumkernelnumberis achiezed or no possibleker-

nellocationsremainsby remaoving aregion proportionalto

the objectsizeat eachiteration. Therefore thereis at least
onepeak,anddependingontheamountof motionobsered
in the scenetheremay be multiple peaksfor eachmoving

object. Themaximumnumberis determinedrom thenum-
berof the currentobjects.We alsousea weightingtermto

theinitial setof kernellocationsbasedon a pathway lik eli-

hood mapthat maintainsthe locationhistory of previously
tracked objects. We increasethe value of the pixel in the
pathvay likelihoodmapif the objectkernelcorrespondso
the pixel. We keepupdatingthe pathway likelihood map
for eachframein thevideo. Thus,after objectshave been
trackedin alargenumberof frames the pathway lik elihood
mapindicatedik ely locationsof objects.

2.2. Object Model

Objectmodelis a nonparametricolor template. Template
isa (W x H) x D matrix whoseelementsare 3D color
samplesfrom the object, where W and H are the width



and height of the templaterespectiely and D is the size
of the historywindow. Let z; bethe estimatedocationof

thetargetin currentframe. We referto the pixelsinsidethe
estimatedargetbox as (x;, u;)Y_,, wherex; is the 2D co-
ordinatein the imagecoordinatesystemandu; is the 3D

color vector Correspondingamplepointsin the template
are representeds (yj,vjk)] 1, Wherey is the 2D coor

dinatein the templatecoordinatesystemandvy, is the 3D

color values{v, };=1..p. During tracking,we replacethe
oldestsampleof eachpixel of the templatewith onecorre-
spondingpixel from theimage.

2.3. Background Information

Althoughcolor histogrambasedneanshift algorithmis ef-
cient androbustfor nonrigidobjecttracking,if trackedob-
jectcolorinformationis similarwith thebackgroundtrack-
ing performancereduces. We proposeto usebackground

informationto improve thetrackingperformance.

Let p(z) be the color histogramof candidatecenterecht
locationz andb(z) bethebackgroundolorhistogramatthe
samelocation. We constructbackgroundcolor histogram
usingonly the con dent layersof the background.Again
2D Gaussiarkernelis usedto assigrsmallerweightsto pix-
elsfartheraway from thecenter

Bhattacharyaoefcient p(p(z),q) = Y.o-, \/asps(2),
measureghe similarity betweenthe target histogramand
histogramof the proposedocationz in the currentframe.
Weintegratethebackgroundnformationandde ne thenew
similarity functionas:
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whereas anday, arethemixing coefcients for foreground
and background. Besidesmaximizing the target similar-
ity, we penalizethe similarity amongthe currentandback-
groundimage histograms. Let z, be the initial location
wherewe startsearchfor the tamgetlocation. Using Taylor
expansionaroundthe valuesof p4(z;) and b,(zp),putting
constanttermsinside ()2, andusingde nition of p(z) and
b(z), the similarity functionis rewritten as:
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Fig. 3. Trackingsamplesof Multi-K erneltrackingat 6-fps
temporalframerate,that4 out of 5 framesaredroppedout
from the original 30-fpsvideo.

color space. The spatialbandwidth/ is equalto the half

sizeof the candidatdox alongeachdimension.Thesecond
termin (2) is equalto thekerneldensityestimatiorwith data
weightedby w;. Mode of this distribution canbe found by

meanshift algorithm. Meanshift vectorat locationz, be-

comes:
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2.4. TemplateLik elihood

The probability thata singlepixel (x;, u;) insidethe candi-
datetarget box centeredat z belongsto the objectcanbe
estimatedvith Parzenwindow estimator:
2
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Bandwidthof the 3D color kernelis selectedash,. = 16.
Thelikelihoodof anobjectbeingatlocationz is measured
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The kernel ky assignssmallerweightsto samplesfarther
from the centermakingthe estimationrmorerobust.
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Fig. 4. Trackingresultsfor the subsampledput sequence
at 1-fpstemporalresolution that29 framesaredroppedout
of every 30 frames.a: Single-Kernel,b: Multi-K ernel.

2.5. Fusion

We combinethe location estimationsof multiple kernels
to determinethe new location of the objectin the current
frame.We determineamodellik elihoodscorefor eachker-
nel by comparingheobjectmodelwith thekernelcentered
atthe estimatedocation. Themodellikelihooddistancen-
cludescolorandtemplatedistancesilt is possibleto choose
thelocationwith the highestscoreasthe new location.

Alternatively, we caninfer the locationestimationsasa
setof given measurementfor a randomvariable,andthe
value of the estimationasthe correspondingnodellikeli-
hood scores. Thereis a certainanalogybetweenthis ap-
proachandtheparticle ltering. Eachkernelis regardedas
aparticleandfusionis interpretedasestimationof a poste-
rior likelihoodfunctionfor this randomvariable. The maxi-
mum of the posteriorfunctionindicatesthe new locationof
theobject.

3. EXAMPLES

Figure 3 shaws a low frameratetrackingexample(6 fps).
Almost all frames,no overlapof objectregionsin the con-
secutve framesexists, which makesit impossibleto track
objectsusing single-lernel meanshift method. As visi-
ble, the the multi-kernelapproachcanresol\e the tracking
ambiguitiesarisesdouto the existenceof multiple objects.

We alsoobsenedthatthe presentedemplatdik elihoodim-
provesthefusion performancédor occlusion.

We give a comparisorof the original andproposedlgo-
rithmsin Fig. 4 wherethe original video sampledat 1-fps
temporalratein this case.Dueto temporalsampling there
is no overlapbetweerthe consecutie objectlocations.As
visible in theresults the multi-kernelmethodcantrack ob-
jectsaccuratelyevenif the relocationbetweenthe succes-
sive framesis very large, unlike the single-lernelmethod.

Thecomputatiorioadof nding anexisting objectin the
currentframeincreaseg@smuchasthe numberof the mul-
tiple kernels. Note that, the load doesnot changewith re-
spectto the numberof objectswhenit is comparedo the
single-lernelmethodsincethe single-lernelmethodis also
appliedseparatelyo eachobject. To improve the computa-
tional compleity, welimit theproximity of multiplekernels
within arangedependingon the frame-rateg.g. for higher
framerateswe assignsmallerneighborhoodsWe alsostart
spatialsub-samplingf objectmodelsasthenumberof ker-
nelsincreases.

4. SUMMARY AND DISCUSSION

We presentanobjecttrackingalgorithmfor low-frame-rate
applications. We assignmultiple kernelscenteredaround
high motionareas.We alsoimprove the corvergenceprop-
ertiesof the mean-shiftby integratingtwo additionallik e-
lihood terms. Unlike the existing approacheghe proposed
algorithmenablegrackingof moving objectsat lower tem-
poralresolutionsasmuchas1-fpsframeratewithout sacri-
cing therobustnessndaccurag. Thereforejt canprocess
multiple videosatthe sametime on a singleprocessor

Note that, the low frame rate constraintcorrespondgo
the fastmotion of the moving objects. Thus,the proposed
methodis capableof trackingfastobjectsevenin the origi-
nalframerates.
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