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Abstract

We addresstheproblemof tracking multipleobjectsen-
countered in manysituationsin signal or image process-
ing. We considerstochastic dynamicsystemsnonlinearly
and uncompletelyobserved.Thedifficulty lies on the fact
that theestimationof thestatesrequirestheassignationof
theobservationsto themultipletargets.We proposean ex-
tensionof the classicalparticle filter where the stochastic
vectorof assignationis estimatedby a Gibbssampler. The
meritof themethodis assessedin bearings-onlycontextand
wepresentoneapplicationin image-basedtracking.

1. Intr oduction

Multiple objecttracking(MTT) dealswith stateestima-
tion of an unknown numberof moving targets. Available
measurementsmaybotharisefrom thetargetsif they arede-
tected,andfrom clutter. Clutteris generallyconsideredasa
modeldescribingfalsealarms.Its (spatio-temporal)statis-
tical propertiesarequite differentfrom target ones,which
makes possiblethe extraction of target tracks from clut-
ter. To perform multiple object tracking the observer has
athisdisposalahugeamountof data,possiblycollectedon
multiple receivers. In signalprocessing,elementarymea-
surementsarereceiveroutputs,e.g.,bearings,ranges,time-
delays,Dopplers,etc. In image-basedtrackingthey have to
becomputedfrom theimages.
But the main difficulty comesfrom the assignmentof a
given measurementto a target model. Theseassignments
aregenerallyunknown,asarethetruetargetmodels.Thisis
a neatdeparturefrom classicalestimationproblems.Thus,
two distinct problemshave to be solved jointly: dataasso-
ciation andestimation. As long asthe associationis con-
sideredin a deterministicway, the hypothesisassociations
must be exhaustively enumerated,which leadsto a NP-
hardproblem(asin JPDAF andMHT algorithms[3] for in-
stance). As soonas the associationvariablesare consid-

eredas stochasticvariablesand moreover statistically in-
dependentlike in the ProbabilisticMHT (PMHT), the com-
plexity is reduced.However, the above algorithmsdo not
copewith nonlinearstateor measurementmodelsandnon
Gaussianstateor measurementnoises.Undersuchassump-
tions(stochasticstateequationandnonlinearstateor mea-
surementequation,nonGaussiannoises),particlefiltersare
particularly adapted. They mainly consistin propagating
a weightedsetof particleswhich approximatesthe proba-
bility densityof thestateconditionallyto theobservations.
Particle filtering canbe appliedundervery weakhypothe-
ses,is ableto copewith heavy clutter, andis very easyto
implement. Numerousversionshave beenusedin various
contexts: the bootstrapfilter for target tracking in [4], the
Condensationalgorithmin imageanalysis[5] are two ex-
amplesamongothers.In imageanalysisa probabilisticex-
clusionprinciple hasbeendevelopedin [7] to track multi-
ple objectsbut the algorithmis very dependenton the ob-
servation modelandseemscostly to extendfor morethan
two objects.We proposeherea quitegeneralalgorithmfor
multipleobjecttrackingapplicablebothin signalandimage
analysis.
This work is organisedasfollows. In sectionII, we briefly
recall thebasicparticlefilter. SectionIII dealswith our ex-
tensionof thebasicfilter to multipleobjects.SectionIV be-
ginswith a validationof our algorithmin thepassive sonar
context, i.e. to estimatethetrajectoriesof multiple “small”
targetsfrom their noisy bearings.Then it is usedto track
pedestriansin a video-sequence.

2. The basicparticle filter

For the sake of completeness,the basicparticlefilter is
now briefly reviewed. We considera dynamicsystemrep-
resentedby thestochasticprocess

���������
	���

whosetem-

poralevolution is givenby thestateequation:��������������������������� �
(1)
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Figure 1. Basicparticlefilter with adaptiveresampling.

It is observed at discrete times via realizationsof the
stochasticprocess

��B � �7�-	 �]}
governedby the measure-

mentmodel: B � �l~ � �*� � �C� � ���
(2)

The two processes
�_�D���)��	��]�

and
�_�
���)��	��]�

in (1)
and(2) areonly supposedto be independentwhite noises.
Moreover, it is to benotedthatnolinearityhypothesison

� �
and

~ �
is done.We will denoteby

B % � � thesequenceof the
randomvariables

��B % �5�4�5�4�6B � � andby
F %�� � onerealizationof

thissequence.
Our problemconsistsin computingat eachtime 8 thecon-
ditionaldensity� �

of thestate
���

givenall theobservations
accumulatedupto 8 , i.e., � ��� ( �*��� ? B % �lF % �5�4�5� �6B����lF]���
andalsoin estimatingany functionalof thestate

g �����H�
by

theexpectation
f � g �����4�5? B % � ��� . TheRecursiveBayesianfil-

ter, alsonamedOptimalFilter, resolvesexactlythisproblem
in two stepsat eachtime 8 [4].
Supposewe know � �����

. The predictionstep is doneac-
cordingto thefollowing equation:( �*�����l�D�4? B %�� ���@�A�lF % � ���@� �E��4� R 
 ( �����h�����4? �������A�G��� � �����]�������3��� (3)

Theobservation
F]�

enablesusto correctthis predictionus-
ing theBayes’s rule:� �����D���E� ( ��B��E�GF]� ? �D��� ( �*�����l�D�4? F % � ���@���� � R 
 ( �_B � �lF � ? ��� ( ��� � �l��? F %�� ����� ���3� �

(4)

Theseequationsprovide a closed-formrecursionif we as-
sumerestrictive hypothesissuchas Kalman Filter’s ones.
Thefunctions

� �
and � �

arethensupposedto belinearand
the noises

���
and

�
�
to be Gaussian.Unfortunatelythis

modellingis notappropriatein many problemsin signaland

imageprocessing,which rendersthecalculationsof thein-
tegralsin (3) and(4) infeasible(no closed-form).
The original particle filter, named bootstrap filter [4],
proposesto approximatethe densities

� � �����
by a finite

weightedsumof
0

Dirac densitiescentredon elementsof	 ��

, namedparticles.Theapplicationof thebootstrapfilter

requiresthatoneknowshow:! to samplefrom initial prior marginal ( ��� % � ;! to samplefrom ( �_� � � for all 8 ;! to compute( �_BD����F]� ? �������D���
for all 8 througha

known function � � suchthat � ���*F������i�( �_BD����F@? ���������
wheremissingnormalizationmust

not dependon
�
.

The algorithmthenconsistsin makingevolve the particle
set � � ��� # �� � + �� � �]m � `������ ` k , where

# �
is theparticleposition

and + � its weight,andto useit to estimatethedensity� �
by

thedensity ��� S �-j k�]m � + ���z Q RS . Theweakconvergenceof
theprobabilitydensity � � S towards� �

when
0����

with
rate

,/.�� 0
canbeproved. To avoid thedegeneracy of the

particleset, i.e. only few particleswith high weightsand
theotherswith very smallones,a resamplingis donein an
adaptive way whenthe numberof effective particles,esti-
matedby n0po ^q^ , is undera giventhreshold[2]. Besidesthe
discretizationof thefiltering integrals,theuseof suchparti-
clesenablesto voicemany hypothesisonthepositionof the
objectandto keepin thelongtermonly theparticleswhose
position is likely given the sequenceof observations. In
bootstapfilter, theparticlesare“moved” by samplingfrom
the dynamics(1), and importancesamplingtheory shows
that the weightingis only basedon likelihoodevaluations.
In the mostgeneralsetting[2], the displacementof parti-
cles is obtainedby samplingfrom an appropriatedensity



> which might dependon the dataaswell. The complete
procedureis summarizedin figure 1. The readerwill find
moredetailson thedifferentfilters in [4], [5] or [2] andon
adaptive resamplingin [6] and[2]. After theserecalls,we
proposean extensionof this algorithm to multiple-object
tracking.

3. Multiple object particle filters

3.1. Notations

Let   bethenumberof objectsto track(first assumedto
beknown andfixed). Thestatevectorwe have to estimate
is madeby concatenatingthestatevectorof eachobject.At
time 8 , � � ���*� �� �4�4�5�4�6�¢¡� �

follows thestateequation
��,/�

decomposedin   partialequations:�
£� �l�¤£� ���
£����� ���t£� � ¥§¦���,��5�4�5� �   �
(5)

The noises
�¨� £� �

and
�_� £ª©� �

areonly supposedto be white
both temporally and spatially, independentfor

¦¬«�­¦H®
.

The observation vector at time 8 is denotedby
F � ��*F �� �5�4�4�4��F{¯ S� �

. Following the seminal ideasof R. Streit
andT. Luginbuhl [10], we introducethe stochasticvector° �A�²±N,��4�5�4� �  ´³ ¯ S

suchthat
°Iµ� ��¦

if
F µ�

is issuedfrom
the

¦ ��u
object.In thiscase,

F µ�
is arealizationof thestochas-

tic process: B µ� ��~ £� ��� £� ��� µ� �
if

°¶µ� ��¦��
(6)

Again, the noises
�_� µ� �

and
�_� µ ©� �

are only sup-
posed to be white noises, independentfor · «� · ® .
We assumethat the functions

~ £�
are such that they

can be associatedto functional forms � £� defined by� £� ��F������E� ( �_B µ� �GF�? °¶µ� �G¦���� £� �����
.

We make the assumption that one measurementcan
originatefrom oneobjector from the clutter andthat one
object can producezero or several measurementsat one
time. For that, we dedicatethe model ¸ to falsealarms.
The falsealarmsaresupposedto be uniformly distributed
in the observationarea. Their numberis assumedto arise
from a Poissondensityof parameter¹ � where

�
is the

volumeof the surveillanceareaand ¹ the numberof false
alarmsby volume unity. Of course,we do not associate
any kinematicmodel to falsealarmsandthenno particles
representtheir density. Let º ���¼» ¸ �@, ½*¡�¾ �

definedbyº £� ��¿�� °¶µ� ��¦��
for all · �À,��5�4�5��ÁÂ�

. This definition
implicitly assumesthattheprobabilitiesº £� areindependent
of themeasurementsastheir indexationis arbitrary. These
assumptionsimply that

Á �
may differ from   and that

the associationis exclusive and exhaustive. In particular,j ¡£ m % º £� �Ã,
. Furthermore,it is assumedthat the assign-

mentvector
° �

hasindependentcomponents(see[10]). To
estimatethe density � �Â� ( �����Â�Ä�*� �� �4�4�5� ���Å¡� �5? F % � ��� ,

we proposeto useparticleswhosedimensionis the sum
of the onesof the individual statespacescorrespondingto
eachobject,asin [7]. Eachof theseconcatenatedvectors
then gives jointly a representationof all objects. Let us
presenttheproposedmultipleobjectparticlefilter (MOPF).

3.2. The MOPF

The initial particleset � % �¬� # �% �4,�.�0
� �]m � `������ ` k is such
thateachcomponent

# � ` £% for
¦��2,3�4�5�4� �   is sampledfrom( ��� £% � independentlyfrom theothers.Assumewehaveob-

tained � �����t�$� # ����@� � + ����@� � �]m � `������ ` k with
j�k�]m � + ����@� �Æ,

.

Eachparticleis a vectorof dimension
j ¡£ m � 1 £Ç wherewe

denoteby
# � ` £���@�

the
¦ ��u

componentof
# ������

andwhere 1 £Ç
designatesthedimensionof object

¦
.

The predictionis performedby samplingfrom somepro-
posaldensity > . In bootstrapfilter case,> coincideswith
thedynamics(5):

For 1 �-,��4�5�4� �C0 =# �� ��ÈÉÊ � �� � # � ` ������ �6Ë � ` �� �
...�t¡� � # � ` ¡����� �6Ë � ` ¡� � Ì4ÍÎ (7)

with
��Ë � ` £� �

being realizationsof
�_� £� �

. Examinenow the
computationof the likelihood of the observationscondi-
tioned by the 1 ��u particle. We can write for all 1 �,��5�4�4�4�60

:( �_BD�E�Ï�*F �� �5�4�4�4��F{¯ S� �4? ����� =# �� �E�;Ð ¯ Sµ m � ( �*F µ� ? =# �� ���Ð ¯ Sµ m � »¨Ñ]ÒSÓÏÔ j ¡£ m � � £� �*F µ� � =# � ` £� � º £� ½�� (8)

It must be notedthat first equality in (8) is true only un-
dertheassumptionof conditionalindependenceof themea-
sures,which we will make. Moreover, the normalization
factorsbetween� £� and( �_B µ� �GF�? °Iµ� ��¦���� £� �����

mustbe
thesamefor all

¦
to write thesecondequalityin (8).

It remains to estimate the association probabilities� º £� � £ m � `�������` ¡ which can be seenas the stochasticcoeffi-
cientsof the  �Õ componentmixture. To estimatethem
we proposeto usea Gibbs samplerwhoseprinciplesare
briefly recalled (see [1] or [9] for more details). ForÖ ���*� � � ° � �6× � �

, it consistsin generatinga Markov chain
which converges to the stationarydistribution ( � Ö ? B %�� � �
which cannot be sampleddirectly. Given a partitionÖ � �5�4�5�4� Ö3Ø

of
Ö
, onesamplesalternatively from thecondi-

tional posteriordistribution of eachcomponentof the par-
tition. Assumethe Ù first elementsof the Markov chain� Ö �/�5�4�5�4� Ö�Ú �

have beendrawn. We samplethe Û compo-
nentsof

Ö�Ú ¾ � asfollows:

Draw
Ö �Ú ¾ � from ( � Ö � ? B % � ��� Ö�ÜÚ �4�4�5�4� Ö�ØÚ �

Draw
Ö�ÜÚ ¾ � from ( � Ö�Ü ? B % � ��� Ö �Ú ¾ � � Ö�ÝÚ �4�5�4� � Ö�ØÚ �
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¦
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¦
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Figure 2. MOPF: multiple objectparticlefilter with adaptiveresampling.

...
...

Draw
Ö�ØÚ ¾ � from ( � Ö�Ø ? B % � � � Ö �Ú ¾ � �4�5�4�4� Ö Ø ���Ú ¾ � �

In our case,at agiveninstant8 , thepartitionningof
Ö

is:

JK L Ö µ � °Iµ�
for · ��,3�4�5�4� �6ÁÂ���Ö ¯ S ¾ £ � º £� for

¦��2,3�4�5�4� �   �Ö ¯ S ¾þ¡p¾ £ �����
for

¦��2,3�4�5�4� �   � (9)

We now detailthedifferentstepsof this Gibbssampler.,��
Theinitialization of Gibbssamplerconsistsin assigning

uniform associationprobabilities,i.e., º £� ` % � ��� Ñ Ò¡ for all¦t�ÿ,3�4�5�4� �   , andtaking
� � ` % � j�k�]m � + ����@� =# �� , i.e., the

centroidof thepredictedparticleset.Then,supposethatat
instant8 wehavealreadysimulated

� Ö � ` �]�4�5�4� � Ö � ` Ú � .ß �
The Ù Ô , ��u

iterationis handledasfollows.

à � As the
� ° µ� � µ m � `�������` ¯ S are supposedto be independent,

their individualconditionaldensityreads:( � ° µ� ? B %�� � ��� � �5� ° X� � X��m µ �C× � �E� ( � ° µ� ? B µ� �6� � �C× � � �
(10)� °Iµ� �

arediscretevariablesandwecanwrite:¿ã� °¶µ� ��¦ ? B µ� �lF µ� ��� � �6× � �� M/O ý ìS m Z ìS T � ìS m £ ` ï S ` � S W�� O � ìS m £ T ï S ` � S WM�OªýþìS m Z ìS5T ï S ` � S W� " º £� � £� �*F µ� ��� £� � if
¦h�2,3�4�4�5� �   �º %� .]� if
¦h� ¸ � (11)

Therealizations� µ� ` Ú ¾ � of thevector
° � ` Ú ¾ � arethensam-

pledaccordingto theweights( µ ` %� ` Ú ¾ � � º %� .]� , and( µ ` £� ` Ú ¾ � � º £� ` Ú � £� �*F µ� ��� £� ` Ú � for
¦h�2,3�4�4�5� �   .



á �
Mixture proportionvector

× � � ¡� ` Ú ¾ � is drawn from thecon-
ditionaldensity:( ��× � � ¡� ? ° � ` Ú ¾ �q�6��� ` Ú �6B %�� ���E�( ��× �� �4�5�4� �C× ¡� ? ° �� ` Ú ¾ � �4�5�4�4� ° ¡� ` Ú ¾ � ����� ` Ú �CB % � �H���( � ° �� ` Ú ¾ � �5�4�4�5� ° ¡� ` Ú ¾ � ? × �� �4�5�4� �C×§¡� � ( ��× �� �4�5�4�5�6×§¡� ��Ï��, ÕÅº % � â �_× � ?   � ± 1 £ � ° � ` Ú ¾ � � £ m � `�������` ¡ ³ �

(12)
wherewe denoteby 1 £ � ° �

thenumberof � µ equalto
¦

andâ standsfor Dirichlet distribution.��� ` Ú ¾ � hasto besampledaccordingto thedensity( �*��� ? B % � �C� ° � ` Ú ¾ �q�6× � ` Ú ¾ ���i� ¡�£ m � ( ��� £� ? B % � ��� ° � ` Ú ¾ �q�C×�� ` Ú ¾ ���
(13)

Thevaluesof
° � ` Ú ¾ � canimply thatoneobjectis associated

with zeroor several measurementsthat is why we decom-
posetheprecedingproductin two products:Ð £	��
 µ V `������ ` µ í � � ìS õ ñ�ò V m £ ( �*� £� ? B % � ���@� �6F µ V� �4�5�4�5��F µ í� �6× � ` Ú ¾ � �Ð £	�
� µ � ìS õ ñCò V �m £ ( �*� £� ? B %�� �����/�6× � ` Ú ¾ � �

(14)æ � Let
¦

beanintegerin thefirst product.We canwrite( �*� £� ? B %�� ����� �6F µ V� �4�5�4� �6F µ í� �6× � ` Ú ¾ � �E�M�O[Z�ì VS `������ ` Z�ì íS§T ï íS�W M/O ï íS5T ý Ò�� S*UNV WM�O[Z�ì VS `������ ` Z�ì íSóT ý Ò
� S�UNV W (15)

We are not able to sample directly from the densityM/OªZ�ì VS `������ ` Z�ì_íSóT ï íS W M�O ï íS T ý Ò�� S*UNV WM�O[Z ì VS `������ ` Z ì íS T ý Ò
� S�UNV W , for the samereasonsas those

exposedin section2 to justify the useof the particle fil-
ter (intractabilityof the integrals).We proposeto build the
particleset � Ú ¾ ���Ã� ê �Ú ¾ � � ë �Ú ¾ � � ��m � `�������` k whoseweightsë �Ú ¾ � measurethelikelihoodof theobservationsaffectedby° � ` Ú ¾ � to object

� £�
. More precisely, we let:

JK L ê �Ú ¾ � � =# � ` £� �ë �Ú ¾ � � M�O[Z�ì VS `������ ` Z�ì�íS T ï íS m�ð Rñ�ò V W5a�RS�UNVb cR5d V M/OªZ ì VS `������ ` Z ì íS T ï íS m�ð RñCò V W/a RS*UNV � (16)

The density � Ú ¾ � � j k��m � ë �Ú ¾ ��z ð Rñ�ò V convergesweakly

to thedensity( ��� £� ? F µ V� �4�5�4�5��F µ í� �6B %�� �����4� . Not beingableto
samplefrom this lastdensity,

� £� ` Ú ¾ � is drawn asa realiza-
tion from � Ú ¾ � .�D�

Now let
¦

be an integer in the secondproduct. As we
do not have any measureto correctthe predictedparticles
we draw a realizationfrom the density

j�k�]m � + ����@� z PQ RS for� £� ` Ú ¾ � .ö �
After afinite numberof iterations,weestimatethevectorº � by theaverageof its lastrealizations:nº £� � ,Ù�� o�� ÕÅÙ o � x Ú�ø R5ú�Ú m Ú�÷*ø¨ù º £� ` Ú � (17)

Finally theweightsarecomputedaccordingto (8) usingthe
estimation nº £� of º £� . Figure2 summarizesthewholeproce-
dure.

4. Application to bearings-onlyproblems

We first deal with the classical bearings-onlyprob-
lem using synthetic data. The objects are then “point-
objects” in the

� Õ F
plane. Their statevector

� �
rep-

resentsthe coordinatesand the velocities in the
� Õ F

plane:
� � �¼�*� � ��F � �6Ë3� � ��ËNF � �

. The following multitarget
scenariohasbeenconsidered:threetargetsfollow a near-
constant-velocity model definedby (18). The discretized
stateequationassociatedwith timeperiod �p8 is:� � ¾�� � ����� � Ü �p8 � � Ü¸ � � Ü � � � Ô � � � rÜ � � Ü�p8 � � Ü � � � �

(18)

where � � Ü is the identity matrix in dimension
ß

and
� �

is
a Gaussianzero-meanvectorof covariancematrix � Ó ��! #"$&%%  "')( . Let n� �

betheestimationof
� �

computedby

the MOPF with
g �����A���

, i.e. , n����� j k��m � + �� =# �� . For this
applicationwe usea bootstrapfilter, i.e. , the importance
function > is in fact theprior law ( �*���4? �����@�4� . Eachobject
producesonemeasurementateachtimeperiodaccordingto
(19)exceptduringthetimeinterval

» * ¸3¸!+�¸�¸ ½ wherethefirst
objectdoesnot produceany measurementandthe second
producestwo

F �
and

F Ü
accordingto:B�����,.-�/10�,.2¤� ��� Õ � w � Q�F�� Õ F w � Q� � Ô �7���

(19)

where
� �

is a zero-meanGaussiannoiseof covarianceê Ü3
independentof

� �
.
� w � Q and

F w � Q aretheCartesiancoordi-
natesof theobserver, which areknown. Thetrajectoriesof
thethreetargetsandof theobserverareplottedin figure3.1
and the differencesbetweenthe threecouplesof bearings
simulatedareplottedin figure4. As soonasthedifference
betweentwo bearingsissuedfrom two different targetsis
lower thanthestandarddeviation of theobservationnoise,
thetwo measurescannotbedistinguished,whichmakesthis
scenariovery difficult. This difficulty is increasedby the
detectiongapfor thefirst object. Oneparticularrun of the
particlefilter with

ü ¸�¸3¸ particlesis presentedin figure3.2.
The plot of the threeestimatedtrajectoriesshows that the
dataassociationis overcome. Thereis no trajectoriesre-
versaland the estimationsarequite satisfactory. Figure5
shows theresultsof theestimationof thethreecomponents
of º � andfigure3.3 representstheaverageof eachcompo-
nent º £� oversuccessive intervalsof

, ¸3¸ timestepsandover
the

ß ¸ trials. Whenthereis an ambiguityaboutthe origin
of themeasurements(i.e.,whenthedifferencesbetweenthe
bearingsare lower than the standarddeviation noise),the
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Figure 3.
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: Trajectoriesof thethreetargetsandof theobserver
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Figure 4. Differencesbetweenthe threecouplesof target bearingsat eachtime period comparedto the standard
deviationof theobservationnoise:
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Figure 5. Theestimatedcomponentsof thevector º � obtainedwith
ü ¸�¸�¸ particles:

��,q� nº �� �q� ß � nº Ü� �5� ö � nº Ý� .

componentsof º varyin averagearound
,/. ö

for   � ö
ob-

jectsandit stabilizesatuniformestimation(
,/. ö

for   � ö
objects)when the ambiguity disappears.The momentary
measurementgapfor thefirst objectis correctlyhandledas
thefirst componentº �� is instantaneouslyestimatedas ¸ �ª, ü
from instant

* ¸�¸ to +�¸�¸ .
Thevector º � canthenin turnhelptheestimation:anobject
leaving thesurveillanceor vision areacanbedetectedby a
dropof its º � component.On theotherhand,theappearing
of a new objectmight be relatedto an observation whose
likelihoodis low whateverobjectit is associatedwith. The
statisticframework of ouralgorithm,throughaninteraction
betweentheestimationof theobjectstrajectoriesandof the
dataassociation,seemsthenverypromisingin orderto deal
with theappearinganddisappearingof objectsof thestudy

area,i.e. to dealwith avaryingnumberof objects.

5. Application in image-basedtracking

We focuson a video sequencewherethreepersonsare
moving accordingto unknown dynamics. As they are
crossingin the

ß
D-planeof the images,the tracker must

solve partial andcompleteocclusionsasshown on figures
6.
±
1,2,3³ . The modelizationof the trackingproblemcon-

sistsin defininga statevector, its evolution modelandan
observationmodel.Suchadesignstageis quiteeasyin sig-
nal processingbecausethe modelsand the differentmea-
suresarewell definedin theliterature.It is not thecasefor
the problemof video-basedtracking:we have usuallyfew
knowledgeon the a priori motion of the objectsand any
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Figure 7. Mapsof motion-basedsegmentationassociatedto theframes
,�QD� ö Q

and + Q .

1 2 3

Figure 8. Estimatedoutlinesof thethreepedestrianswith
, ¸3¸ particlesand

Q
Fouriercoefficientsfor theframes

,�QD� ö Q
and + Q .

computationon theimagecanconstituteameasurement.

5.1. Statespacemodel

In orderto keepreasonabledimensionof thestatespace,
onehave to comeup with a compactrepresentationof the
object silhouetteunlessstrong prior on the shapeof the
object of interestis available. An appealingand generic
approachconsistsin usingFourierdescriptorsobtainedby
inverseFourier transformof the truncateddiscreteFourier
transformof theinitial objectcontour. For instance,theout-
line of onemoving pedestrian(asobserved througha mo-
tion segmentationmap, seesection5.2) associatedto the
five first Fouriercoefficientsis presentedin figure6.5. For
eachobject,thestatevectoris thencomposedof

ß 0SR Ô ,
Fourier coefficients

� æ £� and of the
ß
D translationvector�7Ë £�

of theobjectcenterbetween8�ÕT� 8 and 8 :� £� �-�*� æ £� �6�7Ë £� ���
(20)

Noticethattheobjectcenteris capturedby thefirst Fourier
coefficient denoted

� æ £ ` %� . We usethe following dynamics
prior:

JK L �7Ë £� ��� £� �� æ £ ` %� ��� æ £ ` %��� � � Ô �p8 �7Ë £� Ô � £ ` %� �� æ £ ` y� �l� æ £ ` y��� � � Ô � £ ` y�
for � � Õ 0UR��5�4�4�5� Õ ,3� Ô ,��5�4�5�C�C0URã�

(21)
where

�D�
is a Gaussianzero-meannoiseof standarddevia-

tion êWV and
�
�

is uniformon
» Õ � ¯YX Ç ��� ¯YX Ç ½ .

5.2. Measurements

We usetwo typesof measurementsrelatedto position
andvelocity of moving objectsin thescene.By a motion-
basedsegmentationof theimage(see[8]), wefirst compute
connectedcomponentsof motion Z æ µ � for · �-,��5�4�4�5��Á �

as
shown in figure7. Sucha segmentationprovidesinforma-
tion on thelocalization(andshape)of theobjectsin motion



w.r.t. the camera. The likelihood of the connectedcom-
ponent Z æ µ � conditionnalyto the

¦ ��u
componentof the 1 ��u

particle � æ � ` £�
is chosenas:?�[� æ � ` £�]\ Z æ µ � ?^ ? [� æ � ` £� ? (22)

where
[� æ denotesthe insideof the closedcontourdefined

by Fourier descriptors� æ , and
? � ?

standsfor set cardinal.
The denominatorprevents a bias toward large contours.
We then estimatethe translationin the

ß
D-planeof each

connectedcomponentbetweenthe frame at current time
and the previous one. Thesetranslationswill be noted9 µ�

for · �¼,��5�4�4�5��Á �
andare supposedto arisefrom the

model: 9 µ� ���7Ë £� Ô`_ µ�
if

°¶µ� �G¦
(23)

where _ µ�
is a zero-meanGaussiannoiseof std êWa . As

the velocity prior is very weak (uniform distribution, in
(21)), we usethesemotion measurementsto constructan
importancefunction that will performbetterthanstandard
bootstrap-typechoicebasedonly on thedynamics,to guide
particlestowardregionsof high likelihood.

5.3. Importance function

Givena partcile
#
, a translationestimationis considered

available when only one of the object centersbelongsto
the connectedcomponentunderconsideration.Otherwise
it meansthatseveralobjectsareobservedthroughthesame
motion region (as in figure 7.2) and its global motion re-
sultsin generalfrom anintricatemix of individualmotions.
Then,if

# � ` £���@�
is theonly objectfrom

# ������
whosecenterlies

in Z æ µ � , we proposethe displacementof the
¦
-th object in

thenew particleaccordingto:=� Ë � ` £� �G9 µ� Ô`_ � ` £�
(24)

where _ £�
is the samenoiseasin (23) . The othercompo-

nents =� æ � ` £�
arepredictedaccordingto thedynamicprior in

(21).
If notranslationmotionestimationis available,thenew par-
ticle is displacedaccordingto:=� Ë � ` £� � � Ë � ` £���@� Ô`_ � ` £� �

(25)

5.4. Importance weights

Theweightof the 1 ��u particleis proportionnalto+ ������ ( � =� æ �� ? � ���� � � � ( � =� Ë �� ? � ���� � � � ( �*9���? =� �� � ( � Z æ �4? =� �� �( � =� æ �� ? � ���� � � � > � =� Ë �� ? 9����
(26)

As the prior on the motion is uniform, it doesnot affect
the weights. Whenwe usethe currenttranslationestima-
tion, the choice of the importancefunction implies that( ��9 � ? � � �7� ( ��9 � ? �7Ë � �

is equal to > �*�7Ë � ? 9 � �
. If this is

the casefor all the objectsof the predictedparticle, the
new weight is obtainedby multiplying thepreviousoneby
thelikelihoodof theconnectedcomponentlikelihoodof the
motion-basedsegmentation.
Resultsamplesonmultiplepeopletrackingarepresentedin
figure8.

6. Conclusion

We proposedmultiple objecttrackingbasedon a mix of
particlefiltering andGibbssampling. Target statevectors
andassociationprobabilitiesareestimatedjointly without
enumeration,pruningor gating,by meansof particlesets
representingthe joint a posteriori law of the target states.
We have demonstratedthe relevanceof the approachboth
in bearings-onlytrackingandimage-basedtracking.Weare
currentlyinvestigatingits extensionto a varyingnumberof
objects,usingparametersstatistics.
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