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ABSTRACT

In this paper, wepresentanobjecttrackingalgorithmfor
thelow-frame-ratevideoin whichobjectshave fastmotion.
Theconventionalmean-shifttrackingfails in casetherelo-
cationof anobjectis largeandits regionsbetweenthecon-
secutiveframesdonotoverlap.Weprovideasolutionto this
problemby usingmultiple kernelscenteredat thehigh mo-
tion areas.In addition,we improve the convergenceprop-
ertiesof themean-shiftby integratingtwo likelihoodterms,
backgroundandtemplatesimilarities,in theiterativeupdate
mechanism.Our simulationsprove theeffectivenessof the
proposedmethod.

1. INTRODUCTION

Objecttrackinghastwo maintasks;detectionof anew mov-
ing object,and�nding thelocationsof thepreviousobjects
in the currentframe. For stationarycamerasetups,detec-
tion of the new objectscan be doneby backgroundsub-
traction,i.e. comparingthecurrentframewith a reference
modelof thestationaryscene.Wren[1] introducedasingle
unimodal,zero-mean,Gaussiannoiseprocessto describe
the uninterestingvariability, which correspondsto the ref-
erencebackground,in thescene.Earliermethodsproposed
to useKalman �lters to make a predictionof background
pixel intensities.A Wiener�lter is usedby Toyama[2] to
make a linearpredictionof thepixel intensityvalues,given
the pixel histories. Stauffer [3] suggestedto representthe
backgroundwith a mixture of Gaussianmodels. Elgam-
mal [4] proposeda non-parametricapproachwhereproba-
bilistic kernelsareusedto modelthedensityat a particular
pixel.

Thesecondtaskof objecttracking,�nding thepreviously
detectedobjectsin thecurrentframe,canbedoneby apop-
ular forward-trackingtechnique,the mean-shifttracking.
Theoriginalmean-shiftmethodis anon-parametricdensity
gradientestimator. It is basicallyan iterative expectation
maximizationclusteringalgorithmexecutedwithin the lo-
cal searchregions. Comaniciu[5] hasadaptedtheoriginal
mean-shiftfor trackingof manuallyinitializedobjects.The
mean-shifttracker provides accuratelocalizationand it is
computationallyfeasible. However, it strictly dependson
theassumptionthatobjectregionsoverlapbetweenthecon-

secutive frames. We proposedan automaticobject track-
ing technique[6] thatintegratesamulti-modalbackground
generationalgorithmintoasingle-kernelmean-shiftmethod
for stationarycamerasetups.Here,a kernelrepresentsthe
supportregion for themean-shiftsearches,in otherwords,
it is awindow enclosingthepreviouslocationof theobject.

Increasingly, objecttrackingsystemsareassembledfrom
a large numberof cameras. It is desiredto achieve real-
timetrackingperformancewhilekeepingthehardwarecosts
on aneconomical(oftenminimum) level. Therefore,it be-
comesnecessaryto processthe vastamountof constantly
streamingmultiple channelsof data on a single CPU at
the sametime. Unfortunately, most existing tracking ap-
proachespresumethey canconsumeall the availablepro-
cessingpower for a single sequence.Object tracking of
multiple video sequencesunder the constrictedcomputa-
tionalpower is still presentsamajorchallenge.

Onesolutionto enableprocessingof multiple video se-
quenceson the sameCPU is to sampleevery input video
suchthatthenumberof framespersecondis decreasedpro-
portionalto thenumberof sequences.However, dueto the
decreaseof the framerate,the trackingalgorithmreceives
video framesat a lower temporalresolution,which causes
the objectsto appearreciprocallymuch fasterthan to the
original sequence.As a result,little or no overlapof object
regionsbetweentheconsecutive framesexist.

To understandthe effect of using the low frame rate
sequenceson the performanceof the single-kernel mean-
shift tracking,we markedthegroundtruth (boundariesand
trajectoriesof the moving objects)for benchmarktest se-
quences,andevaluatedtheaccuracy of ourmean-shiftbased
trackingmethod. The testsequencesconsistof morethan
50,000framesanddepictbothindoorsandoutdoorsscenar-
ios,partialandfull occlusions,variousobjecttypessuchas
pedestrians,vehicles,bicycles,etc. We measuredthe dif-
ferencebetweenthe extractedtrajectoriesand the ground
truth. We alsoimposeda penaltytermto incorporateother
trackingfailuressuchaswrongobjectinitialization, object
deletion,identitymismatchesetc.Theevaluationresultsare
presentedin Fig. 1. It is observed that the performanceof
the trackingmethoddegradesasthe framerategetslower
values.Thedeclinein performanceis moreapparentfor the
sequencesthat 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 singlemeanshift window centeredat
theprevious locationof the targetmaynot enclosetheob-
ject in thecurrentframe.

To overcomethe above problems,we extendthe mean-
shift such that the iterative shifts are executednot only
within a singlekernelbut in multiple kernelsthat are ini-
tializedat high motionareasof thesceneandtheprevious
locationof theobject,asexplainedin thenext section.

2. MULTI-KERNEL MEAN-SHIFT

We estimatea statisticalbackgroundmodelconstructedby
multiplelayersusingaBayesianupdatemechanism,andwe
comparethe currentframewith the estimatedbackground
modelsto determinethe foregroundpixels in the current
frame. The backgroundgenerationis capableof adapting
its learningcoef�cients with respectto the amountof the
illumination change.We measurethedistancebetweenthe
pixel color and the correspondingmodelsto obtaina dis-
tancemap.A foregroundmaskis computedby thresholding
the distancemapusing the pixel color variation, thus, the
thresholdis adaptive to eachpixel, andvariesin time. We
keeptrackof twoobjectsets.Objectsthatarenottrackedfor
enoughnumberof framesaremarked aspossibleobjects.
We usetheconnectedcomponentsto initialize objects.Af-
ter estimatingthe locationof eachobject,we matchthem
with theconnectedcomponents.An objectis deletedif it is
not matchedwith any of theconnectedcomponentsduring
acertainnumberof thesubsequentframes.New objectsare
initializedaccordinglyfrom theconnectedcomponentsthat
arenotmatchedwith any of thecurrentobjects.

The currentobjectsare tracked by multiple mean-shift
kernels(asillustratedin Fig 2),andtheirshapesareadjusted

Fig. 2. We iteratethemean-shiftin multiplekernels.

by anin/out classi�er usingthedistancemap. We describe
thedetailsof themulti-kernelmean-shifttrackingalgorithm
in thefollowing sections.

2.1. Selectionof Kernels

We applya spatialclusteringto thedistancemap.For each
pixel, we weightthedistancemapvaluewith respectto the
distancebetweenthepixel andthelocationof thekernelin
the previous frame. This transformationassignshigher a
likelihoodto thepixels thatarecloserto theprevious loca-
tion of the object. Next, we �nd the peakswithin the dis-
tancemap. We choosethe center-of-massof the region of
theobjectin theprevious frameasanadditionalpeak.We
mergethepeaksthatarecloseto eachotherusingtheobject
sizeasa template. Then,we selectrecursively the pixels
by startingfrom thepixel thathasa maximumscore,until
a maximumkernelnumberis achieved or no possibleker-
nel locationsremains,by removing a regionproportionalto
theobjectsizeat eachiteration. Therefore,thereis at least
onepeak,anddependingontheamountof motionobserved
in thescene,theremaybemultiple peaksfor eachmoving
object.Themaximumnumberis determinedfrom thenum-
berof thecurrentobjects.We alsousea weightingtermto
theinitial setof kernellocationsbasedon a pathway likeli-
hoodmapthatmaintainsthe locationhistoryof previously
tracked objects. We increasethe valueof the pixel in the
pathway likelihoodmapif theobjectkernelcorrespondsto
the pixel. We keepupdatingthe pathway likelihood map
for eachframein the video. Thus,after objectshave been
trackedin a largenumberof frames,thepathway likelihood
mapindicateslikely locationsof objects.

2.2. Object Model

Objectmodelis a nonparametriccolor template.Template
is a (W × H) × D matrix whoseelementsare 3D color
samplesfrom the object, whereW andH are the width



and height of the templaterespectively andD is the size
of thehistorywindow. Let z1 be theestimatedlocationof
thetargetin currentframe.We referto thepixelsinsidethe
estimatedtarget box as(xi,ui)

N
i=1

, wherexi is the 2D co-
ordinatein the imagecoordinatesystemandui is the 3D
color vector. Correspondingsamplepointsin the template
are representedas (yj , vjk)M

j=1
, whereyj is the 2D coor-

dinatein the templatecoordinatesystemandvjk is the3D
color values{vjk}k=1..D. During tracking,we replacethe
oldestsampleof eachpixel of thetemplatewith onecorre-
spondingpixel from theimage.

2.3. Background Inf ormation

Althoughcolor histogrambasedmeanshift algorithmis ef-
�cient androbustfor nonrigidobjecttracking,if trackedob-
jectcolor informationis similarwith thebackground,track-
ing performancereduces.We proposeto usebackground
informationto improve thetrackingperformance.

Let p(z) be thecolor histogramof candidatecenteredat
locationz andb(z) bethebackgroundcolorhistogramatthe
samelocation. We constructbackgroundcolor histogram
usingonly the con�dent layersof the background.Again
2D Gaussiankernelis usedto assignsmallerweightsto pix-
elsfartheraway from thecenter.

Bhattacharyacoef�cient ρ(p(z),q) =
∑m

s=1

√

qsps(z),
measuresthe similarity betweenthe target histogramand
histogramof the proposedlocationz in the currentframe.
Weintegratethebackgroundinformationandde�ne thenew
similarity functionas:

η(z) =

m
∑

s=1

√

ps(z)
(

αf

√
qs − αb

√

bs(z)
)

(1)

whereαf andαb arethemixing coef�cients for foreground
and background. Besidesmaximizing the target similar-
ity, we penalizethesimilarity amongthecurrentandback-
ground image histograms. Let z0 be the initial location
wherewe startsearchfor the target location. UsingTaylor
expansionaroundthe valuesof ps(z0) and bs(z0),putting
constanttermsinsideQ2, andusingde�nition of p(z) and
b(z), thesimilarity functionis rewrittenas:

η(z) ≈ Q2 + Q3
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wherem̂f () andm̂b() mapsa pixel in observedandback-
groundimages,to thecorrespondingcolor bin in quantized

Fig. 3. Trackingsamplesof Multi-Kerneltrackingat 6-fps
temporalframerate,that4 out of 5 framesaredroppedout
from theoriginal30-fpsvideo.

color space. The spatialbandwidthh is equalto the half
sizeof thecandidateboxalongeachdimension.Thesecond
termin (2) is equalto thekerneldensityestimationwith data
weightedby wi. Modeof this distribution canbefoundby
meanshift algorithm. Meanshift vectorat locationz0 be-
comes:

m(z0) =

∑n

i=1
(xi − z0)wigN (‖ z0 ¡ xi

h
‖2)

∑n

i=1
wigN (‖ z0 ¡ xi

h
‖2) . (4)

wheregN (x¤) = −k0
N (x¤).

2.4. TemplateLik elihood

Theprobabilitythata singlepixel (xi,ui) insidethecandi-
datetarget box centeredat z belongsto the objectcanbe
estimatedwith Parzenwindow estimator:

lj(ui) =
1

Dh3
c
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Bandwidthof the 3D color kernel is selectedashc = 16.
Thelikelihoodof anobjectbeingat locationz is measured

L(z) =
1

N
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)
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The kernelkN assignssmallerweightsto samplesfarther
from thecentermakingtheestimationmorerobust.
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Fig. 4. Trackingresultsfor thesubsampledinput sequence
at1-fpstemporalresolution,that29 framesaredroppedout
of every30 frames.a: Single-Kernel,b: Multi-Kernel.

2.5. Fusion

We combinethe location estimationsof multiple kernels
to determinethe new locationof the object in the current
frame.Wedetermineamodellikelihoodscorefor eachker-
nelby comparingtheobjectmodelwith thekernelcentered
at theestimatedlocation.Themodellikelihooddistancein-
cludescolorandtemplatedistances.It is possibleto choose
thelocationwith thehighestscoreasthenew location.

Alternatively, we caninfer the locationestimationsasa
setof given measurementsfor a randomvariable,andthe
valueof the estimationasthe correspondingmodel likeli-
hood scores. Thereis a certainanalogybetweenthis ap-
proachandtheparticle�ltering. Eachkernelis regardedas
a particleandfusionis interpretedasestimationof a poste-
rior likelihoodfunctionfor this randomvariable.Themaxi-
mumof theposteriorfunctionindicatesthenew locationof
theobject.

3. EXAMPLES

Figure3 shows a low frameratetrackingexample(6 fps).
Almost all frames,no overlapof objectregionsin thecon-
secutive framesexists, which makesit impossibleto track
objectsusing single-kernel meanshift method. As visi-
ble, the themulti-kernelapproachcanresolve the tracking
ambiguitiesarisesdou to theexistenceof multiple objects.

Wealsoobservedthatthepresentedtemplatelikelihoodim-
provesthefusionperformancefor occlusion.

We give a comparisonof theoriginal andproposedalgo-
rithms in Fig. 4 wherethe original video sampledat 1-fps
temporalratein this case.Dueto temporalsampling,there
is no overlapbetweentheconsecutive objectlocations.As
visible in theresults,themulti-kernelmethodcantrackob-
jectsaccuratelyeven if the relocationbetweenthe succes-
sive framesis very large,unlike thesingle-kernelmethod.

Thecomputationloadof �nding anexistingobjectin the
currentframeincreasesasmuchasthenumberof themul-
tiple kernels. Note that, the load doesnot changewith re-
spectto the numberof objectswhenit is comparedto the
single-kernelmethodsincethesingle-kernelmethodis also
appliedseparatelyto eachobject.To improve thecomputa-
tionalcomplexity, welimit theproximityof multiplekernels
within a rangedependingon theframe-rate,e.g. for higher
framerateswe assignsmallerneighborhoods.We alsostart
spatialsub-samplingof objectmodelsasthenumberof ker-
nelsincreases.

4. SUMMARY AND DISCUSSION

We presentanobjecttrackingalgorithmfor low-frame-rate
applications. We assignmultiple kernelscenteredaround
high motionareas.We alsoimprove theconvergenceprop-
ertiesof the mean-shiftby integratingtwo additionallike-
lihood terms.Unlike theexisting approaches,theproposed
algorithmenablestrackingof moving objectsat lower tem-
poralresolutionsasmuchas1-fpsframeratewithout sacri-
�cing therobustnessandaccuracy. Therefore,it canprocess
multiplevideosat thesametimeonasingleprocessor.

Note that, the low frame rate constraintcorrespondsto
the fastmotionof themoving objects.Thus,theproposed
methodis capableof trackingfastobjectsevenin theorigi-
nal framerates.
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