TRACKING OBJECTSIN VIDEO USING MOTION AND APPEARANCE MODELS
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ABSTRACT

This paperproposesa visual tracking algorithmthat com-
binesmotion andappearance a statisticalframewvork. It
is assumedhatimageobsenationsare generatecgimulta-
neouslyfrom a backgroundnodelanda targetappearance

model.Thisis differentfrom corventionalappearance-based

tracking, that doesnot use motion information. The pro-
posedalgorithmattemptsto maximizethe likelihoodratio
of the tracked region, derived from appearancand back-
groundmodels.Incorporatiorof motionin appearanckased
tracking providesrobusttracking,even whenthe target vi-
olatesthe appearancenodel. We shav that the proposed
algorithmperformswell in trackingtargetsef ciently over
longtimeintervals.

1. INTRODUCTION

Many vision applicationsnvolve the useof trackingalgo-
rithms. A targetdetectionsystemis usedasa front-endthat
cuesthetracker. Targetmotionis a popularfeatureusedfor
detectionandthe appearancef thetargetis usedto main-
tain the track. However, knowledge of target motion ex-
tractedby the detectionschemas not alwaysusedin track-
ing. Incorporatingsuchinformationin the tracking algo-
rithm canmake the tracker robust, especiallywhenappear
ancemodelingof thetargetfails. In this paperwe proposea
framawork to incorporatethe backgroundnodeldeveloped
by the detectionalgorithminto thetracker. Thisis achieved
by modelingtheobsenation(image)astwo distinctregions,
onethatarisesfrom the backgroundnodelof the detection
algorithmandthe otherfrom the appearancenodelassoci-
atedwith thetracker. Otherthanthe existenceof the back-
groundandappearancenodel,the proposedramevork as-
sumesvery little aboutdetectionand tracking algorithms.
Stochastienodelingfor bothbackgroundndtarmgetappear
anceare assumedo be available and that the background
modelis assumedo treatindividual pixelsindependently
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1.1. Prior Work

Therehasbeensigni cant work that combinebackground
andappearance/fogrourd models.The work by Nahiand
Lopez-mord1] is in spirit theclosesto thework presented
in this paper Their work dealswith estimatingboundaries
of objectsin a single imagewith statisticalcharacteriza-
tion of objectsand background. Use of both foreground
andbackgrounctharacterizatiofis centralto bothformula-
tions. In [2], thevideois stabilizedby estimatingthe back-
groundmotion. The gradientimageobtainedfrom frame
differencingthe stabilizedframesequencés usedto design
the tracker. By using edgeinformation, robusttrackingis
achievedfor rigid aswell asnon-rigidobjects.[3] illustrates
the useof temporalframedifferencingandshapedetectors
to detectlocation of targets. The detectedargetsare used
to cue an appearancéasedtracker, for both initialization
of the tracker andre-initializationwhentrackingfails. [4]
proposeda 3-D objecttracker that combinesdetectionand
trackingusingoptimalshapeletectorsHowever, it is noted
that thereis no appearancénformation usedfor tracking,
and shapefeaturesare usedin placeof appearanceWith
the exceptionof [1], existing methodsaretunedto individ-
ual natureof the trackinganddetectionalgorithmsandare
not extensibleto ary tracker/detectopair. In this paperwe
provide aframavork thatmakesthis possible.

The paperis organizedas follows: Section2 reviews
backgroundnodelingandappearancbasedrackingusing
particle Itering. In Section3, we discussthe proposed
algorithm. Section4 presentgthe resultsof experiments
onvideosequencesollectedby ground-basedndairborne
sensors.

2. BACKGROUND AND APPEARANCE
MODELING

The core of the proposedalgorithminvolvesin rede ning
the problemat a fundamentalevel. To illustrate this we
rst interpretbackgroundnodelingin adifferentlight.



2.1. Background Modelling

Most backgroundalgorithmscanbe reformulatedso asto
de ne adensityfunction and beingtheob-
senation and the backgroundmodel at time (or frame)
respectiely. Underthe assumptiorthat individual pixels
areindependentye cande ne probabilitydensityfunctions
(pdf) ateachpixel. Let bethedensityfor pixel .

(1)

Eachpixelis subjecto ahypothesisestasto whetheror not

it belongsto the backgroundmodel. It canbe shownn that

the likelihoodratio testresultsin thresholdingthe density
to determindts label.

(@)

where s thethresholdandsets and areforeground
andbackgroundpixelsindependentlyNote thatthe de ni-

tion of foregroundfor suchdetectionalgorithmsis thatthe
pixel is not of the backgroundnodel. Thereis no explicit

foregroundmodelingdoneatthedetectiorstage. Theabove
formulationchoosesets and suchthatthe costfunc-
tion de ned below is maximized.

(3)

2.2. Appearancebasedtracking

Appearancéasedrackingis usuallydonein a particle |-
tering [5, 6] framework. The goalis to determinean un-
known state of asystemfrom a collectionof obsenations

. A statespacemodelis employedto performthis es-
timation. This involvesde ning the state-transitionrmodel
de ning thestateevolutionandtheobsenationmodelwhich
speci esthestate-obsemtiondependence.

Statetransitionmodel: 4)

Obsenationmodel: (5)

where isthesystermoiseand istheobsenationnoise.
Alternatively, the two modelscan also be de ned by the
probability densityfunction and . The
two densityfunctionsspecifythe problemcompletely Par-
ticle Itering proposeghe weightedset as
anapproximatiorto thedesiredbosteriordensity .
This setis properlyweightedfor estimatingunctionsof the
form

(6)

The stateestimate , caneitherbethe minimummean
squareerror(MMSE) estimate,

MMSE (7)

or themaximumlik elihoodestimateMLE),
MLE (8)

Most appearancbasedrracker associatevith  tamget-
parametersuchaslocation,shapesize. Givenan appear
ancemodel attime , theobsenationmodelcanbewrit-
tenas

9)

The appearancenodelmay be availableasaninput or may
be built online. In generalfor online appearancenodeling
is built asa functionof obsenations.

(10)
In equation9, identi es a region of the image,de-
notedby andtheobsenationmodelreducego match-

ing (with somedistancemetric or in a stochasticsense)
with and the rest of the imageis ignored.
Mathematically the restof imagecanbe assumedo come
with anobsenationnoiseof in nite variancetherebylead-
ing to ary possiblevaluewith equalprobability. In asense,
particle Itering maximizeshe costfunctionde ned as:

(11)

With thisbackgroundye now look attheproposedrame-
work.

3. PROBLEM FORMULATION

The proposedraclker sggmentsthe obsenation  into two
mutually exclusive and collectively exhaustie sets:
theregion identi ed by the state asthe backgroundand
the region proposedby  asthe target. With this
assumptionye now re-derve the the obsenationequation

(12)

where istheappearancmodeland isthebackground
model.Equation(12) incorporatesnformationfrom theap-
pearanceand backgroundmodels. Underthe assumption
thatthe backgrounds composeaf independenpixels,




1. Givenparticleset

2. Proposenew particles suchthat

3. Getunnormalizedveight for

4. Normalizeweights:

5. Set
6. EstimateMLE Estimate M-E,
7. Resampleparticlesetif necessary

Table 1. Proposedlgorithmfor combiningappearancand
backgroundnodeling.

With thiswecannow derivethedesiredposterior

(13)
Othertermsthatinvolvetheproportionalityareindepen-
dentof the parameteto be estimated. The term of prime
interestin (13) is theratio . Thistermis the
likelihoodratio associatedvith a 2 classhypothesigprob-
lem on the set , Wherethe alternate hypothesis
suggests ascomingfrom theforeground(andhence,
from the appearancenodel) and the null hypothesissug-
gestinghat is statisticallyfrom thebackgroundanodel
. Usingthis for our obsenationmodelandanestimateof
MLE asde nedin (8) will resultin the particlewith
the highestlikelihoodratio being selectedasthe estimate.
Alternatively, this chooseghe particle with the minimum
Bayesianrisk associatedvith the hypothesigest. Simul-
taneouslythis formulationalso minimizesthe costthat the
tracked region comesfrom the appearancenodel and the
restof theobsenationcomesfrom thebackgroundnodel.

For sale of completenesghealgorithmis illustratedin
Tablel. Notethatthegeneraparticle ltering algorithmde-
scribedin Table 1, involvesthe useof animportancefunc-
tion . The importancefunction is crucial for
preciseestimationof the pdf, especiallywhenthe sample
size issmall. Thechoiceof importancdunctiondepends
heavily on the problemandthe compleity of the obsena-
tion andthe state-transitioomodels. However, for simplic-
ity mary trackersequateheimportancdunctionto thestate
transitiondensity .

Therestof the paperdealswith experimentgo illustrate
the effectivenessandrobustnes®f thetracker underdiffer-
entscenarioslt is emphasizedherethatin our formulation
we have not madeary speci ¢ assumptioraboutthe na-
ture of thetrackinganddetectioralgorithm. Thususingour
methoda given pair of detectionand tracking algorithms

canbecombined.

4. EXPERIMENTS

Experimentatesultsarepresentetherefor videosequences
containingmoving targetsfor both stationaryand moving
camerasThealgorithmdescribedn [7] wasusedfor track-
ing. The tracker builds an online appearancenodel and
modelstargetmotionasrigid andaf ne ontheimageplane.
For stationarycamerasbackgroundsubtractionwas per
formedusinga x edbackgroundhatcontainedho targets.
For moving camerasthe backgroundmodelis built using
thecolorinformationof the pixelssurroundinghetarget. A
mixed Gaussiarform is assumedor the pdf of ,
the mean,varianceand mixture probability is learntfrom
thedata.

Figure(1) shaws resultsfor trackinga persorwhenthe
camerais stationary Trackingin this datasetis dif cult
for the appearancéasedtracker asthe target matcheghe
backgroundand most trackers latch onto the background
after few frames. Further the target undegoesnon-rigid
deformationsand this doesnot conformto the tracker we
use.However, combiningmotioninformationwith appear
ancemodelingpreventsthe tracker from locking on to the
background.

Figure (2) shav tracking resultsfor a moving camera.
Note that the robust tracking is achieved even when the
numberof pixels on the target is around10 pixels. One
of the main problemsfor appearancéasedtrackingwhen
thecamerds moving is thatthetargetlocksontoregionsin
the backgroundhat have high contrast.Incorporatingmo-
tion informationavoids suchproblems. Trackingwas per
formedef ciently for over 600frames.Targetinitialization
wasdonemanuallyfor the rst frameandin frameswhere
new tarmgetsappeared.Trackswere alsoterminatedmanu-
ally whentargetsleft theimage.

Simultaneousnodelingas proposedn this papergoes
beyond normal appearancéasedtracker. The proposed
tracker maintaindrackevenwhenappearancmodelingfails.
Thisis importantfor atrackerthatbuild appearancmodels
online becausanodelingfails whenthe poseof the target
changes. Further the proposedtracker provides a statis-
tically soundtechniquefor combiningmotion and appear
ancewithout enforcingstringentconstrainton theindivid-
ualmodelsusedto represent/gractmotionandappearance
information.

5. CONCLUSION

A methodhasbeenproposedn this paperthat combines
motion andappearanceformationfor tracking. The pro-
posedrackeris robustevenwhenappearanceodelingfails
or whenthe tamget sizeis small. The tracker maximizes



Fig. 1. Trackinga personwith astationarycameraTheappearancef the persormatcheghebackgroundat certaininstants.

Fig. 2. Trackingmultiple targetswith a moving cameraover 600frames.Trackingis robustevenwhentargetshave lessthan

10 pixelsonthem.

the likelihood that the tracked region comesfrom the ap-
pearancanodeland not from the backgroundmodel. Ex-
perimentaresultsdemonstrat¢he robustnes®f thetracker
even when appearancenodelingfails. Future works in-
volvesimportancesamplingthatusesmotionasacue.
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