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Abstract
Particle �ltering (PF) is now establishedas one of the most

popular methodsfor visual tracking. Within this framework, two
assumptionsaregenerally made. The�r st is that thedataare tem-
porally independentgiven the sequenceof objectstates,and the
secondone is the useof the transition prior as proposaldistri-
bution. In this paper, we arguethat the �r st assumptiondoesnot
strictly hold and that thesecondcanbe improved.We proposeto
handleboth modelingissuesusingmotion.Explicit motionmea-
surementsare usedto drive thesamplingprocesstowardsthenew
interestingregionsof the image, while implicit motionmeasure-
mentsareintroducedin thelikelihoodevaluationto modelthedata
correlationterm.Theproposedmodelallowsto handleabruptmo-
tion changesandto �lter out visualdistractors whentracking ob-
jectswith genericmodelsbasedonshaperepresentations.Experi-
mentalresultscomparedagainsttheCONDENSATIONalgorithm
havedemonstratedsuperiortrackingperformance.

1.. Intr oduction

Visualtrackingis animportantproblemin computervision.Al-
thoughintensively studiedin theliterature,trackingis still a chal-
lengingtaskin adversesituations.In the pursuitof robust track-
ing, particle�ltering [4, 2] hasshown to beasuccessfulapproach.
In this temporalBayesianframework, the posteriordistribution
is representedby a setof weightedrandomsamplesallowing to
maintainmultiple-hypothesesin the presenceof ambiguities,un-
like algorithmsthat keeponly onecon�guration state[3], which
canbethereforesensitive to singlefailure.
Visualtrackingwith a particle�lter requiresthede�nition of two
main elements: a data likelihood and a dynamicalmodel. The
�rst termevaluatesthe likelihoodof anobservation giventheob-
ject state.Parameterizedshapes[2, 16] and color distributions
[10, 3, 8, 16] areoften usedas target representation.Onedraw-
back of thesegenericrepresentationsis that they are quite un-
speci�c which augmentthe chancesof ambiguities.Combining
low-level measurementssuchas shapeand color [16], or using
appearence-basedmodelssuchastemplates[13,14] canrenderthe
targetmorediscriminative.Thelatterrepresentations,however, do
not allow for large changesof appearence,unlessmorecomplex
globalmodelsareused[1, 15].

The dynamicalmodelcharacterizesthe prior on the statese-
quence.A commonassumptionin particle�ltering approachesis
to usethedynamicsasproposaldistribution(thefunctionthatpre-
dicts the new statehypotheses)raisingdif�culties in the model-
ing sincethis termshouldful�ll two contradictoryobjectives.On
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onehand,asprior, dynamicsshouldbe tight enoughto avoid the
trackerbeingconfusedby distractorsin thevicinity of thetrueob-
ject con�guration,a commonsituationwith unspeci�cobjectrep-
resentations.On theotherhand,asproposaldistribution, it should
bebroadenoughto copewith abruptmotionchanges.
Besides,theprior distribution doesnot take into accountthemost
recentobservations.Thus,particlesdrawn from it will probably
havealow likelihood,whichresultsin a low ef�ciency of thesam-
pling mechanism.Differentapproacheshavebeenproposedto ad-
dresstheseissues.For instance,auxiliary information,if available,
canbeusedto draw samplesfrom [5]. [9] proposedanotheraux-
iliary particle�lter , whoseideais to increaseor decrease(through
resampling)the numberof descendentsof a sampleaccordingto
a“predicted”likelihoodestimatedon the new data.This method
works well only if the varianceof the transitionprior is small,
which is usuallynot thecasein visual tracking.[12] proposedto
usetheunscentedparticle�lter to generateimportancedensities.
Althoughattractive, themethodneedsto convert likelihoodevalu-
ations(e.g.color) into statespacemeasurements(e.g.translation,
scale).In [12], only a translationstateis considered.

In this paperwe proposea new PF trackingmethodbasedon
visualmotionwith two mainnovelties.First,we arguethatastan-
dardhypothesis,namelythe independenceof observationsgiven
thestatesequence[1, 2, 5, 12, 15, 16], is inaccuratein thecaseof
visualtracking.In thisview, weproposeamodelthatassumesthat
the currentobservationsdependon the currentandprevious ob-
jectcon�gurationsaswell ason thepastobservations.Thismodel
canbeexploitedto introduceanimplicit objectmotionlikelihood
in thedataterm.Second,weexploit explicit motionmeasurements
in theproposaldistribution andin the likelihoodterm.Thebene-
�ts of this new modelaretwo-fold. On onehand,it increasesthe
samplingef�ciency by handlingunexpectedmotion,allowing for
a reducednoisevariancein thepropagationprocess.On theother
hand,theintroductionof data-correlationbetweensuccessive im-
ageswill turn generictrackerslike shapetrackersinto morespe-
ci�c oneswithout resortingto complex appearencebasedmod-
els.As a consequence,it reducesthe sensitivity of the algorithm
to thedifferencenoisevariancessettingin theproposalandprior
since,whenusinglargervalues,potentialdistractorsshouldbe�l-
teredoutby theintroducedcorrelationandmotionmeasurements.

In Section2, we motivateour approachanddescribethe pro-
posedmodel.Section3 presentsthe resultsandsomeconcluding
discussions.

2.. Approach,motivation, and algorithm

Particle �ltering (PF) implementsa recursive Bayesian�lter
by Monte-Carlosimulations.Let c0:k = f cl ; l = 0; : : : ; kg (resp.
z1:k = f zl ; l = 1; : : : ; kg) representsthesequenceof states(resp.
of observations)up to time k. Furthermore,let f ci
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Figure 1. Graphical models for trac king. (a) stan-
dard model (b) proposed model.

probability densityfunction (pdf) p(c0:k jz0:k ), wheref ci
0: k ; i =

1; : : : ; Nsg is a setof supportpointswith associatedweightsw i
k .

ThesamplesandweightscanbechosenusingtheSequentialIm-
portanceSampling(SIS) principle, which leadsto the following
recursive updateequation[4]:

wi
k / wi

k � 1
p(zk jci

0: k ; z1:k � 1)p(ci
k jc0:k � 1 ; z1:k � 1)

q(ci
k jci

0: k � 1 ; z1:k )
; (1)

= wi
k � 1 p(zk jci

k ) (2)

whereq is theproposalfunction from which thenew samplesci
k

aredrawn, andEq.2 derivesfrom threecommonhypotheses:

H1 : observations f zk g are independentgiven the sequenceof
states.Hence,p(zk jc0:k ; z1:k � 1) = p(zk jck );

H2 : the statesequencec0:k follows a �rst-order Markov chain
model,characterizedby p(ck jck � 1);

H3 : the prior distribution p(c0:k ) is employed as proposal.
Hence,q(ck jc0:k � 1 ; z1:k ) = p(ck jck � 1).

To avoid samplingimpoverishment,anadditionalresamplingstep
is necessary[4]. Altogether, weobtainthestandardPF:

1. Initialisation: 8i i 2 1:N s , sampleci
0 � p(c0); setk = 1

2. IS step:8i sample~ci
k � q(ci

k jci
0: k � 1 ; z1:k ); evaluate ~w i

k us-
ing (1) or (2).

3. Selection:ResampleN s particlesf ci
k ; wi

k = 1
N s

g from the
samplesetf ~ci

k ; ~wi
k g; setk = k + 1; go to step2.

2.1.. Moti vations

Conditional independenceof data. In visual tracking,hypothe-
sis H1 may not bevery accurate.Usually, the con�guration state
includesthe parametersof a geometrictransformationT . Then,
the measurementsconsist of implicitly or explicitly extracting
somepart~zck of theimageby :

~zck (r ) = zk (Tck r ) 8r 2 R ; (3)

wherer denotesa position,R denotesa �x ed referenceregion,
andTck r representsthe applicationof the transformT parame-
terizedby ck to r . However, if ck � 1 and ck correspondto two
consecutive statesof a given object, it can easily be seenthat
~zck and ~zck � 1 are strongly correlated(Fig. 2). Thus, the inde-
pendenceof thedatagiven thesequenceof statesis not a strictly
valid assumption.A bettermodelis givenby p(zk jc0:k ; z1:k � 1) =
p(zk jzk � 1 ; ci

k ; ci
k � 1) (cf graphicalmodelof Fig. 1b). which can

be incorporatedin the particle framework. For instance,keeping
hypothesesH2 andH3, derivationsleadto:

wi
k / wi

k � 1 p(zk jzk � 1 ; ci
k ; ci

k � 1) (4)

in replacementof equation(2) (derivationdetailsin [11]).

Proposal and dynamical model. Finding a good dynamical
modelis very dif�cult becauseof presenceof fastandunexpected

Figure 2. Images at time t and t + 2. The two lo-
cal patc hes extracted from the two images are
str ongl y correlated.
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Figure 3. a) Prediction error of the x position, us-
ing an AR2 model. b) Prediction error, but exploit-
ing the inter -frame motion estimation.

motions,dueeither to cameraor object movments.To illustrate
this, let usconsiderthefollowing simpledynamicalmodel:

ck = ck � 1 + _ck � 1 + wk ; (5)

where _c denotesthe statederivative andmodelsthe evolution of
thestate.As state,considerthehorizontalpositionof theheadof
thesequencein Fig. 6.Fig. 3areportsthepredictionerrorw calcu-
latedusingground-truthdataandobtainedby estimating_c with an
auto-regressive model(_ck = ck � ck � 1). As canbeseen,thispre-
diction is noisy (� w =2.7) . Furthermore,therearelarge peaker-
rors(up to 30%of theheadwidth). To copewith thesepeaks,the
noisevariancein thedynamics,usedasproposaldistribution,has
to besetto alargeenoughvalue,with thedownsidethatmany par-
ticles arewastedin low likelihoodareas,or spreadon local dis-
tractorsthat canultimately leadto trackingfailure.On the other
hand,exploiting the inter-framemotion to estimate_c andpredict
thenew statevalue(seeSection2.2)canleadto areductionof both
thenoisevarianceandof theerrorpeaks(Fig. 3b, � w =0.83).
Despiteneedingmorecomputationresources,inter-framemotion
estimatesareusuallymoreprecisethanauto-regressive modelsto
predictnew statevaluesof geometrictransformationparameters;
asa consequence,they area betterchoicewhendesigninga pro-
posalfunction. This observation is supportedby experimentson
otherparameters-verticalposition,scale-andonothersequences.

2.2.. The proposedmodel

Object representation and state space. An object is repre-
sentedby a region R subjectto somevalid geometrictransforma-
tion, andis characterizedby a shape.The chosentransformation
comprisesa translationT, a scaling factor s, and an aspectra-
tio e. A stateis de�ned asck = (� k ; � k � 1) where� = (T; s; e).
Proposal distrib ution : We use inter-frame motion estimates
to predict the new statevalues.More precisely, an af�ne dis-
placementmodel d� is computedusinga gradient-basedrobust
andmultiresolutionestimationmethod[7]. Owing to the robust-
nessof the estimator, an impreciseregion de�nition R(ck ) due



50 100 150 200 250 300 350

50

100

150

200

250

50 100 150 200 250 300 350

50

100

150

200

250

Figure 4. Example of motion estimates between
two images from noisy states (the 3 ellipses).
Though the estimation suppor t regions may onl y
cover par t of the head and enc lose textured back-
ground, the head motion estimate is still good.

to a noisy statevaluedoesnot sensiblyaffect theestimation(see
Fig. 4). Moreover, thealgorithmdeliversthecovariancematrix of
the af�ne parameters.From theseestimates,we can easily con-
structan estimateb_� k of thevariationof thecoef�cients between
the two instant,with their varianceb_� k . Denoting the predicted
valueb� k +1 = � k + b_� k , andassumingthenoiseon theestimate
b_� k independentof thenoiseprocessw in Eq.5,wede�ne thepro-
posaldistributionas:

q(ck +1 jc0:k ; z1:k +1 ) / N (� k +1 ; b� k +1 ;b� k +1 ) (6)

where N (:; �; � ) representsa Gaussiandistribution with mean
� and variance� , andb� k +1 = b_� k + � wp , � wp being the vari-
anceof theprocessnoisewp .
Dynamicsde�nition. Weusea standardsecondorderAR model
for eachof thecomponentsof � . However, to accountfor outliers
and reducethe sensitivity of the prior in the tail, we model the
noiseprocesswith a Cauchydistribution � c(x; � 2) = �

� ( x 2 + � 2 ) .
This leadsto :

p(ck +1 jck ) =
4Y

j =1

� c

�
� k +1 ;j � (2� k ;j � � k � 1;j ); � w

2
d ;j )

�
: (7)

where� wd denotesthedynamicsnoisevariance.

Data lik elihoodmodeling. Wemodeledthedatalikelihoodas:

p(zk jzk � 1 ; ck ; ck � 1) = psh (zs
k jck )pc(zg

k jzg
k � 1 ; ck ; ck � 1) ; (8)

with zk = (zs
k ; zg

k ) and zs
k (resp.zg

k ) denotesthe shape(resp.
the gray-level) measurements,andwherepc modelsthe correla-
tion betweenthe two observationsandpsh is a shapelikelihood.
This choicedecouplesthemodelof thedependency betweentwo
images,whoseimplicit goal is to ensurethat theobjecttrajectory
follows theoptical�o w �eld from theobjectshapemodel.Weas-
sumedthatthesetwo termsareindependent[11].

� Object shapeobservationmodel. The observation model as-
sumesthatobjectsareembeddedin clutter. Edge-basedmeasure-
mentsarecomputedalongL normallines to a hypothesizedcon-
tour, resultingfor eachline l in the nearestedgeposition f �̂ l

m g
relative to a point lying on the contour� l

0 . With someusualas-
sumptions[2], the shapelikelihoodpsh (zk jck ) canbe expressed
as

psh (zk jck ) /
LY

l =1

max

�
K ; exp(�

k�̂ l
m � � l

0k2

2� 2
)

�
; (9)

whereK is a constantusedwhennoedgesaredetected.

� Image correlationmeasurement.We modelthis termas:
pc(zg

k jzg
k � 1 ; ck ; ck � 1) / pc1(b� k ; � k )pc2(~zg

ck
; ~zg

ck � 1
) (10)

with pc1(b� k ; � k ) / N (b� k ; � k ;b� k ) (11)
pc2(~zg

ck
; ~zg

ck � 1
) / exp� � c dc ( ~z g

c k
; ~z g

c k � 1
) (12)

wheredc denotesa distancebetweentwo imagepatches.The�rst
pdf comparesthe parametervaluespredictedusingtheestimated
motion with the sampledvalues.This term assumesa Gaussian
noiseprocessin parameterspace.This assumption,however, is
onlyvalid aroundthepredictedvalue.To introduceanon-Gaussian
modeling,weuseasecondtermthatcomparesdirectlythepatches
aroundck andck � 1 . Its purposeis illustratedusingFig. 4. While
all the three predictedcon�gurations will be weightedequally
from pc1 (assumingtheir estimatedvarianceare approximately
the same),the secondterm pc2 will downweight the two predic-
tions whosecorrespondingsupportregion is covering partof the
backgroundwhich is undergoinga differentmotionthanthehead.
Thede�nition of pc2 requiresthespeci�cationof apatchdistance.
Many suchdistanceshave beende�ned in the literature[13, 15].
Weusethenormalized-crosscorrelationcoef�cient de�ned as:

dc(~z1 ; ~z2) =

P
r2 R

�
~z1(r ) � �~z1

�
�
�

~z2(r ) � �~z2

�

p
Var(~z1)

p
Var(~z2)

(13)

where�~z1 representsthemeanof ~z1 [11].

3.. Results

To illustrate the method,we considertwo sequencesinvolv-
ing headtracking.Threecon�gurationsof the tracker areconsid-
ered.The�rst model(M1) is CONDENSATION [2], whichcorre-
spondsto theshapelikelihoodcombinedwith thesameAR model
with Gaussiannoisefor the proposaland the prior. The second
model(M2) correspondsto CONDENSATION, with theaddition
of theimplicit motionlikelihoodtermin thelikelihoodevaluation
(i.e now equalto psh :pc2). This methoddoesnot useexplicit mo-
tion measurements.The third model (M3) is the full model.For
this model,the motion estimationis not performedfor all parti-
clessinceit is robust to variationsof thesupportregion. At each
time,theparticlesareclusteredinto K clusters.Themotionis esti-
matedusingthemeanof eachclusterandexploitedfor all thepar-
ticlesof thecluster. Currentlyweusemax(20,N s /10)clusters.For
200particles,theM1 tracker runsin real time (on a 2.5GHzma-
chine),M2 at 20 image/s,andM3 at around4 image/s.

The�rst exampleis a 12 s sequenceof 330frames(Fig. 5) ex-
tractedfrom a hand-heldhomevideo.Table1 reportsthetracking
performanceof thethreetrackersfor differentdynamicsandsam-
pling rates(all otherparametersare left unchanged).A tracking
failure is consideredwhenthe tracker loosesthe headand locks
on anotherpart of the image.As canbe seen,while CONDEN-
SATION performsquite well for tuneddynamics(D1), it breaks
down rapidly, evenfor slight increasesof dynamicsvariances(D2
to D4).Fig.5 illustratesatypicalfailuredueto thesmallsizeof the
headatthebeginingof thesequence,thelow contrastAnd theclut-
ter. On theotherhand,the implicit tracker M2 performswell un-
deralmostall circumstances,showing its robustnessagainstclut-
ter, partialmeasurements(aroundtime t250 andpartialocclusion
(endof the sequence).Only whenthe numberof samplesis low
(100in S2)doesthetracker fail. Thesefailuresareoccuringatdif-
ferentpartsof the sequence.Finally, in all experiments,the M3
tracker producesa correcttrackingrateequalto 98%,evenwith a
smallnumberof samples,up to thepartialocclusion.At this part
of thesequence,astheocclusionreaches50%of thetrackedhead,



Figure 5. top row : CONDENSATION at time t1 , t8

and t15 (Ns=500). center and bottom : M2 trac ker
(Ns =200) at time t20 , t60 , t165 , t250 , t295 , t305 . In red,
mean shape . In yello w, highl y likel y par tic les.

Figure 6. Tracker with motion proposal (N s =1000)
at time t2 , t40 , t85 , t100 , t130 , t145 , t170 , t195 , and t210 .
In red, mean shape; in green, mode shape; in yel-
low, likel y par tic les.

themotionestimationsometimeslock ontothewoman'sheadmo-
tion, leadingto thereportedtracker failures.

Thesecondsequence(Fig. 6) illustratesmoreclearly theben-
e�t of usingthe motion proposal.This 24ssequenceacquiredat
12 frame/sis speciallydif�cult becauseof the occurenceof sev-
eral headturnsandabruptmotion changes(translations,zooms)
thelargevariationsof scale,andimportantly, theabsenceof head
contoursastheheadmovesin frontof thebookshelves.Becauseof
these,CONDENSATION is againlost very quickly. On theother
hand,theM2 tracker successfulytrackstheheadat thebeginning,
but usuallygetslost whenthepersonmovesin front of thebook-
shelves(aroundframest130 -t145 ), dueto thelackof contourmea-
surementscoupledwith a large zoomingeffect. This latter prob-
lem is resolved by the motion proposal,which bettercapturethe
statevariations,andallows a successfultrackof theheaduntil the
endof thesequence(timet340 ). Moreresultscanbefoundin [11].

Tracker D1 D2 D3 D4 S1 S2
Ns 500 200 100
� T 2 3 5 8 5
� s 0.01 0.02 0.01

CONDENS. 88 36 2 0 0 0
M2 (Implicit) 100 98 100 94 90 50
M3 (seetext) 70 82 92 90 96 80

Table 1. Successful trac king rate (in %, out of 50
trials with diff erent seeds). � T (resp. � s ) denotes
the dynamics and proposal noise standar d devia-
tion of the T (resp. s ) state components.

4. Conclusion
Wepresentedamethodologyto embeddata-drivenmotioninto

particle�lters. This was�rst achievedby introducinga likelihood
termthatmodelsthetemporalcorrelationexistingbetweensucces-
sive imagesof thesameobject.Secondly, a data-drivenapproach
basedonexplicit motionestimatesis usedto designbetterpropos-
alsthattake into accountthenew image.Altogether, thealgorithm
allows to betterhandleunexpectedandfastmotionchanges,to re-
move trackingambiguitiesthat arisewhenusinggenericshape-
basedobjectmodels,andto reducethesensitivity to thedifferent
parametersof the prior model.The methodis generalandcould
alsobeappliedto thetrackingof deformableobjects[6].
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