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Abstract

Particle Itering (PF) is now establishedas one of the most
popular methodsfor visual tracking. Within this framevork, two
assumptiongre genenlly made The r stis thatthedataare tem-
porally independengiventhe sequencef objectstates,and the
secondoneis the use of the transition prior as proposaldistri-
bution. In this paper we arguethat the r st assumptiordoesnot
strictly hold and that the secondcan be improved.We proposeto
handleboth modelingissuesusing motion. Explicit motionmea-
surementsare usedto drive the samplingprocessowardsthe nev
interestingregions of the image, while implicit motion measue-
mentsare introducedn thelikelihoodevaluationto modelthedata
correlationterm.Theproposednodelallowsto handleabruptmo-
tion changesandto Iter outvisualdistractors whentracking ob-
jectswith genericmodelsbasedon shaperepresentationsExperi-
mentalresultscompaed againstthe CONDENSAION algorithm
havedemonsttedsuperiortracking performance

1. Intr oduction

Visualtrackingis animportantproblemin computewision. Al-
thoughintensvely studiedin theliterature,trackingis still achal-
lengingtaskin adwersesituations.In the pursuitof robust track-

ing, particle ltering [4, 2] hasshavn to bea successfuapproach.

In this temporalBayesianframework, the posteriordistribution
is representedby a setof weightedrandomsamplesallowing to
maintainmultiple-hypothese the presencef ambiguities,un-
like algorithmsthat keeponly one con guration state[3], which
canbethereforesensitve to singlefailure.

Visualtrackingwith a particle Iter requiresthede nition of two
main elements. a datalikelihood and a dynamicalmodel. The
rst termevaluateshelikelihoodof anobseration giventhe ob-
ject state. Parameterizedshapes2, 16] and color distributions
[10, 3, 8, 16] areoften usedastarget representationOne draw-
back of thesegenericrepresentationss that they are quite un-
speci ¢ which augmentthe chancesof ambiguities.Combining
low-level measurementsuchas shapeand color [16], or using
appearence-baseatbdelssuchastemplate$13, 14] canrenderthe
targetmorediscriminatve. Thelatterrepresentationfiowever, do
not allow for large changesf appearencejnlessmore comple
globalmodelsareused[1, 15].

The dynamicalmodel characterizeshe prior on the statese-
guenceA commonassumptiorin particle ltering approachess
to usethe dynamicsasproposaHdistribution (thefunctionthatpre-
dicts the new statehypothesesjaising dif culties in the model-
ing sincethis termshouldful Il two contradictoryobjectives.On
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onehand,as prior, dynamicsshouldbe tight enoughto avoid the
tracker beingconfusedy distractordn thevicinity of thetrueob-
jectcon guration,acommonsituationwith unspeci c objectrep-
resentationsOn the otherhand,asproposalistribution, it should
bebroadenoughto copewith abruptmotionchanges.
Besidesthe prior distribution doesnot take into accounthe most
recentobserations. Thus, particlesdravn from it will probably
have alow likelihood,whichresultsin alow ef ciency of thesam-
pling mechanismDifferentapproachebave beenproposedo ad-
dresghesdssuesFor instanceauxiliary information,if available,
canbeusedto drav samplesrom [5]. [9] proposedanotheraux-
iliary particle Iter , whoseideais to increaseor decreas¢through
resampling)the numberof descendentsf a sampleaccordingto
a“predicted”likelihood estimatedon the new data. This method
works well only if the varianceof the transitionprior is small,
which is usuallynot the casein visualtracking.[12] proposedo
usethe unscentedarticle lter to generatemportancedensities.
Althoughattractive, the methodneedso corvertlikelihoodevalu-
ations(e.g.color) into statespacemeasurement&®.g.translation,
scale).In [12], only atranslationstateis considered.

In this paperwe proposea nenv PFtrackingmethodbasedon
visual motionwith two mainnovelties.First, we amguethata stan-
dard hypothesisnamelythe independencef obserationsgiven
the statesequencél, 2, 5,12, 15, 16], is inaccuraten the caseof
visualtracking.In this view, we proposea modelthatassumeghat
the currentobserationsdependon the currentand previous ob-
jectcon gurationsaswell ason the pastobserations.This model
canbe exploitedto introduceanimplicit objectmotionlik elihood
in thedataterm.Secondyve exploit explicit motionmeasurements
in the proposaldistribution andin thelikelihoodterm. The bene-
ts of this nev modelaretwo-fold. On onehand,it increaseshe
samplingef ciency by handlingunexpectedmotion, allowing for
areducedhoisevariancein the propagatiorprocessOn the other
hand,theintroductionof data-correlatiobetweensuccessie im-
ageswill turn generictraclerslike shapetraclersinto more spe-
ci ¢ oneswithout resortingto complex appearencdasedmod-
els. As a consequencet reduceshe sensitvity of the algorithm
to the differencenoisevariancessettingin the proposalandprior
since ,whenusinglargervalues potentialdistractorshouldbe |-
teredout by theintroducedcorrelationandmotionmeasurements.

In Section2, we motivate our approachanddescribethe pro-
posedmodel. Section3 presentghe resultsandsomeconcluding
discussions.

2. Approach, motivation, and algorithm

Particle Itering (PF)implementsa recursve Bayesian lter

of obsenations)up to time k. Furthermorelet f ¢, ; wi. g5 de-

note a set of weightedsamplesthat characterizeshe posterior
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Figure 1. Graphical models for tracking. (a) stan-
dard model (b) proposed model.

observations

probability densityfunction (pdf) p(Co:xjzo:x), wheref ch,, ;i =

The samplesandweightscanbe choserusingthe Sequentialm-
portanceSampling(SIS) principle, which leadsto the following
recursve updateequationf4]:

. _ T i
we o/ ow 1p(zk]CO:k-Zl.ki.li)p(ck']CO.k B2k 1) gy
Q(Cklco;k 1121:k)

= Wi 1 P(zdck) (2)

whereq is the proposalfunction from which the new sample<,
aredrawvn, andEg. 2 derivesfrom threecommonhypotheses

H1: obserationsf zc g are independengiven the sequenceof
statesHence p(z«jCo:k; Zuk 1) = P(Zkjck);
H2 : the statesequence.k follows a rst-order Markov chain
model,characterizethy p(ckjck 1);
H3: the prior distribution p(co.x) is emplged as proposal.
Henceg(ckjco:k 1;21:k) = P(CkjCk 1).
To avoid samplingimpoverishmentanadditionalresamplingstep
is necessaryd]. Altogether we obtainthe standard”F:
1. Initialisation: 8iiz1:n,, samplec)  p(co); setk = 1
2. ISstep:8i samplesl,  q(ckjch.x 1;7z1:); evaluatew) us-
ing (1) or (2).
3. Selection:ResampleNs particlesf ¢ ;wj = g-g from the
samplesetf & ; wi g; setk = k + 1; goto step2.

2.1.Motivations

Conditional independenceof data. In visualtracking,hypothe-
sisH1 may not be very accurate Usually, the con guration state
includesthe parameter®f a geometrictransformationT . Then,
the measurementsonsistof implicitly or explicitly extracting
somepartz, of theimageby:

Ze, (1) = zk(Te, 1) 8r2 R; 3)
wherer denotesa position,R denotesa x ed referenceregion,
and T, r representshe applicationof the transformT parame-
terizedby c¢ to r. However, if ¢ 1 andcc correspondo two
consecutie statesof a given object, it can easily be seenthat
7, andz, , arestrongly correlated(Fig. 2). Thus, the inde-
pendencef the datagiven the sequencef stateds not a strictly
valid assumptionA bettermodelis givenby p(zkjCo:k; Zi:k 1) =
p(z«jzx 1;¢;C 1) (cf graphicalmodelof Fig. 1b). which can
be incorporatedn the particle framewvork. For instance keeping
hypothese$i2 andH3, deriationsleadto:

Wi/ Wi 1 p(Zjzc 135G 1) )
in replacemenof equation(2) (derivationdetailsin [11]).

Proposal and dynamical model. Finding a good dynamical
modelis very dif cult becausef presencef fastandunexpected
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Figure 2. Images at time t and t + 2. The two lo-

cal patches extracted from the two images are
strongly 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,due eitherto cameraor object movments.To illustrate
this, let usconsiderthefollowing simpledynamicalmodel:

Ck = Ck 1+ C 1+ Wk, (5)

wherec denoteghe statederivative and modelsthe evolution of
the state As state,considerthe horizontalpositionof the headof
thesequencén Fig. 6. Fig. 3areportsthe predictionerrorw calcu-
latedusingground-truthdataandobtainedby estimatingc with an
auto-rgressiemodel(ce = e« ¢ 1)- As canbeseenthispre-
diction is noisy ( w=2.7) . Furthermoretherearelarge peaker-
rors (up to 30% of the headwidth). To copewith thesepeaksthe
noisevariancein the dynamicsusedasproposaldistribution, has
to besetto alargeenoughvalue,with thedownsidethatmary par
ticles arewastedin low likelihoodareas,or spreadon local dis-
tractorsthat canultimately leadto trackingfailure. On the other
hand,exploiting the inter-framemotion to estimatec andpredict
thenew statevalue(seeSection2.2)canleadto areductionof both
thenoisevarianceandof the errorpeakgFig. 3b, w=0.83).
Despiteneedingmore computatiorresourcesinter-framemotion
estimate@reusuallymoreprecisethanauto-rgressve modelsto
predictnew statevaluesof geometrictransformatiorparameters;
asa consequencehey area betterchoicewhendesigninga pro-
posalfunction. This obsenation is supportecby experimentson
otherparametersvertical position,scale-andon othersequences.

2.2.The proposedmodel

Object representation and state space. An object is repre-
sentedby aregion R subjectto somevalid geometrictransforma-
tion, andis characterizedy a shape The chosentransformation
comprisesa translationT, a scalingfactor s, and an aspectra-

tioe. A stateisde nedasck = ( «; « 1)where = (T;s;e).

Proposal distrib ution :  We use inter-frame motion estimates
to predict the nev statevalues.More precisely an afne dis-
placementmodeld is computedusing a gradient-basedohust
and multiresolutionestimationmethod[7]. Owing to the robust-
nessof the estimatoy an impreciseregion de nition R(cx) due



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

to a noisy statevaluedoesnot sensiblyaffect the estimation(see
Fig. 4). Moreover, the algorithmdeliversthe covariancematrix of

the afne parametersFrom theseestimateswe can easily con-

structan estimatetjk of the variationof the coefcients between
the two instant, with their variancetzk. Denoting the predicted
valuebg+1 = « + Qk andassuminghe noiseon the estimate
Qk independenof thenoiseprocess in Eq.5, wede ne thepro-

posaldistribution as:

a(Ce+1 JCok s Zuk+1 ) | N ( ken ; Drea 1 Bisn) (6)

whereN (i; ;

andvariance , andbg.: = B +
anceof the processoisew,.
Dynamicsde nition. We usea standardsecondorderAR model
for eachof thecomponent®f . However, to accounffor outliers
and reducethe sensitvity of the prior in the tail, we modelthe
noiseprocesswith a Cauchydistribution ¢(x; ?) = NrrraE
Thisleadsto : v

p(Ck+1 jok) = c K+l
j=1

where , denoteghedynamicsnoisevariance.

Data lik elihood modeling. We modeledthedatalikelihoodas:

) representsa Gaussiandistribution with mean
wp» w, beingthe vari-

(2 « k1) wg) o (D)

P(Zkjzk 1;C;C 1) = Pg (ZRiC)P(Z0jZ8 150 1) (8)

with z« = (z¥;2}) andz; (resp.z}) denotesthe shape(resp.
the gray-level) measurementsindwherep, modelsthe correla-
tion betweenthe two obserationsandpy, is a shapelikelihood.
This choicedecoupleshe modelof the dependencbetweerntwo
imageswhoseimplicit goalis to ensurethatthe objecttrajectory
follows theoptical ow eld from the objectshapemodel.We as-
sumedhatthesetwo termsareindependenfl1].

Object shapeobservationmodel. The obseration model as-
sumeshatobjectsareembeddedn clutter Edge-basedneasure-
mentsarecomputedalongL normallinesto a hypothesizeaon-
tour, resultingfor eachline | in the nearestedgepositionf A}, g
relative to a point lying on the contour }. With someusualas-
sumptions[2], the shapelikelihood pg, (z«jck) canbe expressed
as | |

A 2

m Ok )

max K;exp( 52

Ps (2xjCi) / C)

1=1
whereK is aconstanusedwhenno edgesaredetected.
Image correlationmeasuement. We modelthis termas:

Pe(zlizd oo 1)1 pa(be P2, 2 ) (10)

with Pei(b; k) / N (by; k;gk)g , (11)
P (2828, )/ exp ° o(zoize 1) (12)

whered. denotesadistancebetweertwo imagepatchesThe rst
pdf compareghe parametewaluespredictedusingthe estimated
motion with the sampledvalues.This term assumes Gaussian
noise processin parameterspace.This assumptionhowever, is
only valid aroundthepredictedvalue.To introduceanon-Gaussian
modeling,we useasecondermthatcompareslirectlythepatches
aroundc, andcg 1. Its purpossis illustratedusingFig. 4. While
all the three predictedcon gurations will be weighted equally
from p., (assumingtheir estimatedvarianceare approximately
the same) the secondterm p,, will dovnweightthe two predic-
tions whosecorrespondingupportregion is covering part of the
backgroundvhichis undegoinga differentmotionthanthe head.
Thede nition of p,, requiresghespeci cationof a patchdistance.
Mary suchdistanceshave beende ned in theliterature[13, 15].
We usethe normalized-crossorrelationcoefcient de ned as:

e B0 B B0

PP (13)
Var(z1) Var(z)

de(z1;22) =

wherez, representshemeanof z; [11].

3.Results

To illustrate the method,we considertwo sequencegnvolv-
ing headtracking.Threecon gurationsof the tracker areconsid-
ered.The rst model(M1) is CONDENSATION [2], whichcorre-
spondgo the shapdik elihoodcombinedwith thesameAR model
with Gaussiamoisefor the proposaland the prior. The second
model(M2) correspondso CONDENSATION, with the addition
of theimplicit motionlikelihoodtermin thelik elihoodevaluation
(i.e now equalto pg, :p.,). This methoddoesnot useexplicit mo-
tion measurementshe third model (M3) is the full model. For
this model, the motion estimationis not performedfor all parti-
clessinceit is robustto variationsof the supportregion. At each
time, theparticlesareclusterednto K clustersThemotionis esti-
matedusingthe meanof eachclusterandexploitedfor all the par
ticlesof thecluster Currentlywe usemax(20N s/10) clusters For
200 particlesthe M1 tracker runsin realtime (on a2.5GHzma-
chine),M2 at20image/sandM3 ataround4 image/s.

The rst exampleis a12 s sequencef 330frames(Fig. 5) ex-
tractedfrom a hand-helchomevideo. Table1 reportsthe tracking
performancef thethreetrackersfor differentdynamicsandsam-
pling rates(all other parametersreleft unchanged)A tracking
failure is consideredvhenthe traclker loosesthe headand locks
on anotherpart of the image.As canbe seen,while CONDEN-
SATION performsquite well for tuneddynamics(D1), it breaks
down rapidly, evenfor slightincrease®f dynamicsvariancegD2
to D4). Fig. 5illustratesatypicalfailuredueto thesmallsizeof the
headatthebegining of thesequenceahelow contrastAnd theclut-
ter. On the otherhand,the implicit tracker M2 performswell un-
deralmostall circumstancesshawing its robustnessagainstclut-
ter, partial measurementg@roundtime toso andpartial occlusion
(endof the sequence)Only whenthe numberof sampless low
(100in S2)doesthetrackerfail. Thesefailuresareoccuringat dif-
ferentpartsof the sequenceFinally, in all experimentsthe M3
tracker producesa correcttrackingrateequalto 98%,evenwith a
smallnumberof samplesup to the partial occlusion.At this part
of thesequenceastheocclusionreache$0%of thetrackedhead,



Figure 5. top row : CONDENSATION at time t, tg
and tis (Ns=500). center and bottom : M2 tracker
(NSZZOO) at time 120, te0, ti6s, t250, 205, t305. In red,
mean shape . In yellow, highl y likel y particles.

Figure 6. Tracker with motion proposal (Ns=1000)
at time tz, tao, tss, tioo, t130, t14s, t170, t1es, and taio .
In red, mean shape; in green, mode shape; in yel-
low, likely particles.

themotionestimatiorsometimesock ontothewomans headmo-
tion, leadingto thereportedracler failures.

The secondsequencéFig. 6) illustratesmoreclearly the ben-
et of usingthe motion proposal.This 24s sequenceacquiredat
12 frame/sis speciallydif cult becausef the occurenceof sev-
eral headturns and abruptmotion changegtranslationszooms)
thelarge variationsof scale andimportantly the absencef head
contoursastheheadmovesin front of thebooksheles.Becaus®f
these CONDENSATION is againlost very quickly. On the other
hand,the M2 tracker successfulyracksthe headat the beginning,
but usuallygetslost whenthe personmovesin front of the book-
shehes(aroundframest 3o -t14s ), dueto thelack of contourmea-
surementgoupledwith a large zoomingeffect. This latter prob-
lem is resolhed by the motion proposal which bettercapturethe
statevariations,andallows a successfulrack of the headuntil the
endof thesequencétimetsso). Moreresultscanbefoundin [11].

[ Tracler [ D1[D2] D3] D4 || S1] S2 |

Ns 500 200 | 100
T 2 (3] 5] 8 5
5 0.01 002 0.1

CONDENS. | 88 [ 36| 2 | O 0 ] 0
M2 (Implicity || 100 | 98 | 100 | 94 || 90 | 50
M3 (Seetext) || 70 | 82 | 92 | 90 || 96 | 80

Table 1. Successful tracking rate (in %, out of 50
trials with diff erent seeds). 71 (resp. s) denotes
the dynamics and proposal noise standar d devia-
tion of the T (resp. s) state components.

4. Conclusion

We presenteé methodologyto embeddata-drvenmotioninto
particle lters. Thiswas rst achieed by introducingalik elihood
termthatmodelsthetemporalcorrelationexisting betweersucces-
sive imagesof the sameobject. Secondly a data-drven approach
basedn explicit motionestimatess usedto designbetterpropos-
alsthattake into accounthenew image.Altogether thealgorithm
allowsto betterhandleunexpectedandfastmotionchangesto re-
move tracking ambiguitiesthat arise when using genericshape-
basedbbjectmodels,andto reducethe sensitvity to the different
parametersf the prior model. The methodis generaland could
alsobeappliedto thetrackingof deformableobjects[6].

References

[1] M. J.BlackandA. D. Jepson.A probabilisticframework for
matchingtemporaltrajectoriesCondensation-basedcogni-
tion of gesturesindexpressionsin ECCV, pp909-9241998.

[2] A. BlakeandM. Isard. ActiveContous. Springer1998.

[3] D.ComaniciuV. RameshP. Meer. Real-timetrackingof non-
rigid objectsusingmeanshift. In CVPR 2000.

[4] A. Doucet,N. de Freitas,andN. Gordon. SequentiaMonte
Carlo Methodsin Practice SpringefVerlag,2001.

[5] M. IsardandA. Blake. ICONDENSATION : Unifying low-
level andhigh-level trackingin a stochastidramevork In 5th
ECCV, pp893-908,1998.

[6] C.KervrannF. HeitzandP. PérezStatisticalmodel-basees-
timationandtrackingof non-rigidmotion In ICPR, 1996.

[7] J.-M. OdobezandP. BouthemyRolustmultiresolutionesti-
mationof parametrianotionmodelsin Jl of Visual Com.and
Image Repesentationvol 6, num.4, pp 348-365,1995.

[8] P. Péerez,C. Hue,J. Vermaak,andM. Gangnet. Color-based
probabilistictracking.In ECCV, pp 661-675June2002.

[9] M.K. Pitt andN. Shephard.Filtering via Simulation: Auxil-
iary ParticleFilters In Journal of the AmericanStatisticalAs-
sociation pp 590-599yol. 94, num.446,1999.

[10] VY. Raja,S. McKenna,andS. Gong. Colourmodelselection
andadaptatiorin dynamicscenesin ECCV, 1998.

[11] J-M. Odobezand D. Gatica-Perez EmbeddingMotion in
Model-BasedstochasticTracking IDIAP RR-03-72,2003.

[12] Y. Rui andY. Chen. Better proposaldistribution: object
trackingusingunscentegparticle Iter In CVPR 2001.

[13] J.SullivanandJ. RittscherGuiding randomparticlesby de-
terministicsearch.In ICCV, pp 323-3302001.

[14] H. Tao,H. S.Sawvhney, andR. Kumar Objecttrackingwith
bayesiarestimationof dynamiclayer representations|EEE
PAMI, 24(1):75-892001.

[15] K. ToyamaandA. Blake. Probabilistictrackingin a metric
space.In Proc.8" ICCV, 2001.

[16] Y. WuandT. Huang.A co-inferenceapproactor robustvi-
sualtracking. In Proc.8" ICCV, 2001.



