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ABSTRACT

This paperproposesa visual trackingalgorithmthat com-
binesmotion andappearancein a statisticalframework. It
is assumedthat imageobservationsaregeneratedsimulta-
neouslyfrom a backgroundmodelanda targetappearance
model.Thisisdifferentfrom conventionalappearance-based
tracking, that doesnot usemotion information. The pro-
posedalgorithmattemptsto maximizethe likelihoodratio
of the tracked region, derived from appearanceandback-
groundmodels.Incorporationof motionin appearancebased
trackingprovidesrobust tracking,evenwhenthe targetvi-
olatesthe appearancemodel. We show that the proposed
algorithmperformswell in trackingtargetsef�ciently over
long time intervals.

1. INTRODUCTION

Many vision applicationsinvolve the useof trackingalgo-
rithms.A targetdetectionsystemis usedasa front-endthat
cuesthetracker. Targetmotionis apopularfeatureusedfor
detection,andtheappearanceof thetargetis usedto main-
tain the track. However, knowledgeof target motion ex-
tractedby thedetectionschemeis notalwaysusedin track-
ing. Incorporatingsuchinformation in the tracking algo-
rithm canmake thetracker robust,especiallywhenappear-
ancemodelingof thetargetfails. In thispaper, weproposea
framework to incorporatethebackgroundmodeldeveloped
by thedetectionalgorithminto thetracker. This is achieved
bymodelingtheobservation(image)astwo distinctregions,
onethatarisesfrom thebackgroundmodelof thedetection
algorithmandtheotherfrom theappearancemodelassoci-
atedwith thetracker. Otherthantheexistenceof theback-
groundandappearancemodel,theproposedframework as-
sumesvery little aboutdetectionand trackingalgorithms.
Stochasticmodelingfor bothbackgroundandtargetappear-
anceareassumedto be availableand that the background
modelis assumedto treatindividualpixelsindependently.
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1.1. Prior Work

Therehasbeensigni�cant work that combinebackground
andappearance/foreground models.Thework by Nahi and
Lopez-mora[1] is in spirit theclosestto thework presented
in this paper. Their work dealswith estimatingboundaries
of objectsin a single imagewith statisticalcharacteriza-
tion of objectsand background. Use of both foreground
andbackgroundcharacterizationis centralto bothformula-
tions. In [2], thevideois stabilizedby estimatingtheback-
groundmotion. The gradientimageobtainedfrom frame
differencingthestabilizedframesequenceis usedto design
the tracker. By usingedgeinformation,robust trackingis
achievedfor rigid aswell asnon-rigidobjects.[3] illustrates
theuseof temporalframedifferencingandshapedetectors
to detectlocationof targets. The detectedtargetsareused
to cuean appearancebasedtracker, for both initialization
of the tracker andre-initializationwhentrackingfails. [4]
proposeda 3-D objecttracker that combinesdetectionand
trackingusingoptimalshapedetectors.However, it is noted
that thereis no appearanceinformationusedfor tracking,
andshapefeaturesareusedin placeof appearance.With
theexceptionof [1], existing methodsaretunedto individ-
ual natureof the trackinganddetectionalgorithmsandare
not extensibleto any tracker/detectorpair. In this paper, we
providea framework thatmakesthispossible.

The paperis organizedas follows: Section2 reviews
backgroundmodelingandappearancebasedtrackingusing
particle �ltering. In Section3, we discussthe proposed
algorithm. Section4 presentsthe resultsof experiments
onvideosequencescollectedby ground-basedandairborne
sensors.

2. BACKGROUND AND APPEARANCE
MODELING

The coreof the proposedalgorithminvolvesin rede�ning
the problemat a fundamentallevel. To illustrate this we
�rst interpretbackgroundmodelingin adifferentlight.



2.1. Background Modelling

Most backgroundalgorithmscanbe reformulatedso asto
de�ne adensityfunction ��������� 	
����
���� and 	�� beingtheob-
servation and the backgroundmodel at time (or frame) �

respectively. Under the assumptionthat individual pixels
areindependent,wecande�ne probabilitydensityfunctions
(pdf) ateachpixel. Let �������
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Eachpixel is subjectto ahypothesistestasto whetheror not
it belongsto the backgroundmodel. It canbe shown that
the likelihoodratio test resultsin thresholdingthe density
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where
 

is the thresholdandsets' and $ areforeground
andbackgroundpixelsindependently. Notethat thede�ni-
tion of foregroundfor suchdetectionalgorithmsis that the
pixel is not of the backgroundmodel. Thereis no explicit
foregroundmodelingdoneat thedetectionstage.Theabove
formulationchoosessets $ and ' suchthat thecostfunc-
tion de�ned below is maximized.
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2.2. Appearancebasedtracking

Appearancebasedtrackingis usuallydonein a particle�l-
tering [5, 6] framework. The goal is to determinean un-
known state6 of asystemfrom acollectionof observations

�87:9
� . A statespacemodel is employed to performthis es-

timation. This involvesde�ning the state-transitionmodel
de�ning thestateevolutionandtheobservationmodelwhich
speci�esthestate-observationdependence.

Statetransitionmodel: 6��;��<=���+6=�?>
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where@�� is thesystemnoiseand D5� is theobservationnoise.
Alternatively, the two modelscan also be de�ned by the
probability densityfunction ����6
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two densityfunctionsspecifytheproblemcompletely. Par-
ticle �ltering proposesthe weightedset EF6HGJILK
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Thissetis properlyweightedfor estimatingfunctionsof the
form UWV X���6=�-��� �

7:9
�ZY .

UWV X��+6=�T� �
7L9

�-�AY8[

R

\

ILS

7

X��+6
GJILK

�

�AM
GOILK

�

(6)

Thestateestimate ]6=� , caneitherbetheminimummean
squareerror(MMSE) estimate,
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or themaximumlikelihoodestimate(MLE),
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Most appearancebasedtracker associatewith 6 target-
parameterssuchaslocation,shape,size. Givenan appear-
ancemodel x
� at time � , theobservationmodelcanbewrit-
tenas

��������� 6=�����y�������T� 6=��
:xz��� (9)

Theappearancemodelmaybeavailableasaninput or may
bebuilt online. In general,for onlineappearancemodeling

x
� is built asa functionof observations.
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In equation9, 6�� identi�es a region of the image,de-
notedby '|�+6

�
� andtheobservationmodelreducestomatch-

ing (with somedistancemetric or in a stochasticsense)
�

�
�+'|�+6

�
�-� with x

� and the rest of the image is ignored.
Mathematically, the restof imagecanbeassumedto come
with anobservationnoiseof in�nite variance,therebylead-
ing to any possiblevaluewith equalprobability. In a sense,
particle�ltering maximizesthecostfunctionde�ned as:

(

�+'|�+6=�-�-���y�����H����'%��6F�-�L��� xz�-� (11)

With thisbackground,wenow lookattheproposedframe-
work.

3. PROBLEM FORMULA TION

Theproposedtracker segmentstheobservation �
� into two

mutually exclusive andcollectively exhaustive sets: $}�+6
�

�

the region identi�ed by thestate 6
� asthebackgroundand
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� the region proposedby 6
� as the target. With this

assumption,we now re-derive thetheobservationequation
�����H��� 6=��� .
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wherex
� is theappearancemodeland 	,� is thebackground
model.Equation(12) incorporatesinformationfrom theap-
pearanceand backgroundmodels. Under the assumption
thatthebackgroundis composedof independentpixels,
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1. Givenparticleset E 6HGJILK

�?> 7


-M3GJILK

�?> 7 PFR

ILS

7

�

���+6=�?> 7 � � 7:9 �?> 7 � .

2. Proposenew particlesE 6 GOILK

� PFR

ILS

7

suchthat

6 GJILK

�

�_B8�

�

� 6 GJILK

�?> 7


L���A�T


�

�

a


������T


c

3. Getunnormalizedweight �M3GOILK

�

for 6 GJILK

�

.

�M GJILK

�

�lM GJILK

�?> 7	�

G�


k

G

4

G

j

u

r�w

k

K+K
� �

k

K

�

G

j

u

r�w

k

�

j

u

r�w

k����

K

�

G�


k

G

4

G

j

u

r�w

k

K+K
� �

k

K��FG

j

u

r�w

k

�

j

u

r�w

k������




k

K
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6. EstimateMLE Estimate6

MLE
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.
7. Resampleparticlesetif necessary.

Table1. Proposedalgorithmfor combiningappearanceand
backgroundmodeling.
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Othertermsthatinvolvetheproportionalityareindepen-

dentof the parameterto be estimated.The term of prime
interestin (13) is the ratio
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. This term is the
likelihoodratio associatedwith a 2 classhypothesisprob-
lem on the set ���T��'%��6F�-�L� , wherethe alternatehypothesis
suggests�����+'.� ascomingfrom theforeground(andhence,
from the appearancemodel) and the null hypothesissug-
gestingthat ��� ��' � is statisticallyfromthebackgroundmodel
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asde�ned in (8) will result in theparticlewith
the highestlikelihoodratio beingselectedasthe estimate.
Alternatively, this choosesthe particle with the minimum
Bayesianrisk associatedwith the hypothesistest. Simul-
taneouslythis formulationalsominimizesthecostthat the
tracked region comesfrom the appearancemodel and the
restof theobservationcomesfrom thebackgroundmodel.

For sake of completeness,thealgorithmis illustratedin
Table1. Notethatthegeneralparticle�ltering algorithmde-
scribedin Table1, involvestheuseof an importancefunc-
tion B8�
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L����� . The importancefunction is crucial for
preciseestimationof the pdf, especiallywhen the sample
size

c

is small.Thechoiceof importancefunctiondepends
heavily on theproblemandthecomplexity of theobserva-
tion andthestate-transitionmodels.However, for simplic-
ity many trackersequatetheimportancefunctionto thestate
transitiondensity����6
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Therestof thepaperdealswith experimentsto illustrate
theeffectivenessandrobustnessof thetracker underdiffer-
entscenarios.It is emphasizedherethat in our formulation
we have not madeany speci�c assumptionabout the na-
tureof thetrackinganddetectionalgorithm.Thususingour
methoda given pair of detectionand tracking algorithms

canbecombined.

4. EXPERIMENTS

Experimentalresultsarepresentedherefor videosequences
containingmoving targetsfor both stationaryandmoving
cameras.Thealgorithmdescribedin [7] wasusedfor track-
ing. The tracker builds an online appearancemodel and
modelstargetmotionasrigid andaf�ne ontheimageplane.
For stationarycameras,backgroundsubtractionwas per-
formedusinga �x edbackgroundthatcontainedno targets.
For moving cameras,the backgroundmodel is built using
thecolor informationof thepixelssurroundingthetarget.A
mixed Gaussianform is assumedfor the pdf of �������

�

� 	��

�

� ,
the mean,varianceandmixture probability is learnt from
thedata.

Figure(1) shows resultsfor trackinga personwhenthe
camerais stationary. Tracking in this dataset is dif�cult
for the appearancebasedtracker asthe target matchesthe
backgroundand most trackers latch onto the background
after few frames. Further, the target undergoesnon-rigid
deformationsand this doesnot conformto the tracker we
use.However, combiningmotioninformationwith appear-
ancemodelingpreventsthe tracker from locking on to the
background.

Figure(2) show trackingresultsfor 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 appearancebasedtrackingwhen
thecamerais moving is thatthetargetlocksontoregionsin
thebackgroundthathave high contrast.Incorporatingmo-
tion informationavoids suchproblems.Trackingwasper-
formedef�ciently for over600frames.Targetinitialization
wasdonemanuallyfor the �rst frameandin frameswhere
new targetsappeared.Trackswerealsoterminatedmanu-
ally whentargetsleft theimage.

Simultaneousmodelingasproposedin this papergoes
beyond normal appearancebasedtracker. The proposed
trackermaintainstrackevenwhenappearancemodelingfails.
This is importantfor a tracker thatbuild appearancemodels
online becausemodelingfails whenthe poseof the target
changes. Further, the proposedtracker provides a statis-
tically soundtechniquefor combiningmotion andappear-
ancewithout enforcingstringentconstraintson theindivid-
ualmodelsusedto represent/extractmotionandappearance
information.

5. CONCLUSION

A methodhasbeenproposedin this paperthat combines
motion andappearanceinformationfor tracking. The pro-
posedtrackeris robustevenwhenappearancemodelingfails
or when the target size is small. The tracker maximizes



Fig. 1. Trackingapersonwith astationarycamera.Theappearanceof thepersonmatchesthebackgroundatcertaininstants.

Fig. 2. Trackingmultiple targetswith amoving cameraover600frames.Trackingis robustevenwhentargetshave lessthan
10pixelson them.

the likelihood that the tracked region comesfrom the ap-
pearancemodelandnot from the backgroundmodel. Ex-
perimentalresultsdemonstratetherobustnessof thetracker
even when appearancemodeling fails. Future works in-
volvesimportancesamplingthatusesmotionasa cue.
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