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Abstract— This paperaddressesthe problem of determiningthe
current3D locationof a moving objectandrobustly trackingit from
a sequenceof cameraimages.The approachpresentedhereusesa
particle  lter and doesnot perform any explicit triangulation.Only
the color of the object to be tracked is required,but not any precise
motion model. The observation model we have developed avoids
the color  ltering of the entire image. That and the MonteCarlo
techniquesinside the particle  lter provide real time performance.
Experimentswith two realcamerasarepresentedandlessonslearned
arecommented.Theapproachscaleseasilyto morethantwo cameras
andnew sensorcues.

Keywords— Monte Carlo sampling,multiple view, particle  lters,
visual tracking.

I. INTRODUCTION

OBJECT tracking is a useful capability for autonomous
systemslike ambient intelligence or mobile robotics,

andeven for computer-humaninteraction.Camerasarecheap
andubiquitoussensors.Imagesmayprovidemuchinformation
about the environment,but usually it takes lot of computing
power to extract relevantdatafrom them.A basicinformation
they may provide is the 3D location of an object or person
who is moving aroundthe cameraenvironment.

Many commercial applicationsmay take bene t from a
robust object tracking. For instance,Gorodnichy et al [1]
employ a trackingsystemwhichallow apersonto usehernose
asa mousein front of a personalcomputerendowedwith two
off-the-self cameras.In security applications,unsupervised
camerasmay autonomouslytrack moving personsandtrigger
an alarm if the personapproachedto any protectedlocation.

Theobjecttrackingtechniquesmaybealsousedin robotics
to copewith theself-localizationproblem.If themobile robot
tracked the relative 3D positionsof somesurroundingobjects,
and their absolutelocations are known, then it could infer
its own position in such absoluteframe of reference.Such
objectsmay not be dynamic,but the robot•s motion causesa
relative movementwhich demandsa tracking.Davison work
[2] is a good example for this. Actually, object tracking
and localization sharemuch mathematicalbackgroundwith
dynamicstateestimationlike Kalman lters, probabilisticgrid
basedmethods[3] and MonteCarlo sampling methods[4],
[5]. There are also approachesto the visual 3D tracking
basedon genetic algorithms [6][7], similar in spirit to the
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Espa�na

� �

-mail: jmplaza@gsyc.escet.urjc.es���

sequentialMonteCarlotechniquesbut without theprobabilistic
foundations.

The approachdescribedhere usesa particle  lter based
on the CONDENSATION algorithm [8], but in a different
scenariofrom the contourtrackinginsidean image.A similar
approach[9] hasbeenrecentlyfollowedto trackobjectsinside
imagesbasedon movement,color andspeechcues.While our
algorithmsharesthe 2D observations(the images),it focuses
on a 3D tracking and usesonly color. It requirescalibrated
camerasand uses projective geometry to forward project
particles into all the images.The color of such projection
and its neighborsprovides feedbackabout the closenessof
the particlesto the real 3D location of the colouredobject.
A gaussianrandomnoiseis usedas the motion modelof the
particles.Suchmodelallows the particlepopulationto follow
any objectmovement.

The rest of the paperis organizedas follows. Secondsec-
tion explains our particle  lter , detailing the observation and
motionmodelsused.Third sectionintroducestheexperimental
setupandsometestsof the system.Finally someconclusions
and future lines aresketchedout.

II. COLOR BASED PARTICLE FILTER FOR 3D TRACKING

Our approachusesthe CONDENSATION algorithm[8] to
estimatelocation of a coloured object. This is an iterative
algorithmwhich includesthreestepson eachiteration:predic-
tion, updateandresampling.CONDENSATION is a Bayesian
recursive estimatorwhich usesSequentialMonteCarloImpor-
tanceSampling.

In short, it estimates the current multidimensional
state X (t), using a collection of sequential observations
[obs(t), obs(t Š 1), obs(t Š 2)..., obs(t0)]. Theobservationsare
relatedto the statethrougha probabilisticobservation model
p(X (t)|obs(t)) . The state itself may be dynamic, and such
dynamismis capturedin a motion model p(X (t)|X (t Š 1)).
The sequential nature of the algorithm provides iterative
equations,and its samplingnaturemakes it to managea set
of N particlesto representthep(X (t)|obs(t), obs(t Š 1)...). A
morerigorousandbroaddescriptionof probabilisticestimators
canbe found in [5] and [10].

Each particle si (t) representsan stateestimateand has a
weight wi (t) associated,regarding the importancesampling.
Globalestimatescanbemadefrom thewholeparticleset,like
choosingthat of thehigherweight (Maximum a Posteriori)or
a weightedmean(Minimum MeanSquareError).

The predictionstepin eachiterationof CONDENSATION
samplesthe motion model for every particle,obtaininga new
si (t), andsobuilding a new particleset.In theupdatestep, the
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weightsof all particlesarecomputedfollowing theobservation
model: wi (t) = p(si (t)|obs(t)) . Those particles which are
likely given the currentobservation increasetheir weights.In
the resamplingstep, a new set of particlesis built sampling
from theweighteddistribution of currentparticles.Thehigher
the weight, the more likely that particle appearin next set.
Full detailsareprovided at the original paper[8].

In our approachthe stateto be estimatedis the 3D location
of the object X = [ x, y, z], so the particleshave the shape
of si (t) = [ x i (t), yi (t), zi (t)], they are 3D positions. The
observationsare just the color imageson M camerasand the
motion model is just a simple one that randomly move the
particles through the three dimensionsfollowing a gaussian
distribution for eachstep.

A. Movementmodel

Similar to [11], ourapproachusesaweakmotionmodelling,
in order to accomodateto any real movementof the object.
This providesrobustnessto the trackingalgorithmasit avoids
theneedof aprecisemovementmodellingto performproperly.

The motion model is a gaussiandistributed one, with the
sametypical deviation � m for x, y and z axis. It follows
the equations(1), (2) and (3). Thereis no privileged motion
direction,astheobjectmayequallymove in any of them.The
sizeof � m hasin uence on the particlespeedwhile walking
inside the statespace.

x i (t) = x i (t Š 1) + N (0, � m ) (1)

yi (t) = yi (t Š 1) + N (0, � m ) (2)

zi (t) = zi (t Š 1) + N (0, � m ) (3)

B. Observationmodel

The update step gives the new weights of the particles
according to the last sensor observation. Our observation
model is color basedand works with any number M of
cameras.It takes eachcameraseparatedly, treatesthem as if
they were independentobservationsand so multiplies all the
partial conditionedprobabilities.For two camerasit takesthe
form of (5).

wi (t) = p(si (t)|img1(t), img2(t), . . .) (4)

wi (t) = p1(si (t)|img1(t)) � p2(si (t)|img2(t)) (5)

Each individual conditioned probability like
p1(si (t)|img1(t)) is computedas follows. First, we project
the particles into the correspondingimage plane using a
pinholecameramodel.We assumecamerashave no distortion.

€ If such projection falls outside the image limits, then
p1(si (t)|img1(t)) = 1/ 25

€ If the projectionfalls insidethe imagelimits, its vicinity
is explored to count the number m of pixels with a
color similar to the target color. The vicinity is a 5x5
window aroundprojectedpixel. This canbe seenin Fig.
1. The equation(7) assignsa probability proportionalto
m. To avoid probability locks with zeroesandto tolerate

occlusions,m is setto 1 whenno pixel matchesthetarget
color description.

outside : p1(si (t)|img1(t)) = 1/ 25 (6)

inside : p1(si (t)|img1(t)) = m/ 25 (7)

The color is describedin HSI spacewhich is more robust
to changesin illumination thanRGB. A targetcolor is de ned
with two pairsHmin , Hmax andSmin , Smax . Pixelswith very
low or very high intensity are silenty discardedand do not
matchany color description.

Fig. 1 5x5 vicinity window for observation modelcomputation

The observation model in (5) clearly rewards those 3D
locationswhich are compatiblewith several camerassimul-
taneously. In the caseof two, the 3D locations compatible
with one camerabut which project badly in the other score
poorly, becausep1(si (t)|img1(t)) or p2(si (t)|img2(t)) is set
to a minimum, and that keeps the wi (t) at small values.
This combinedreward will lead the particlesto the right 3D
positions.

Anotheradvantageof thisobservationmodelis thatit avoids
the needto color  ltering of the entire image.Dependingon
the numberof particlesthis canbe convenientandreducethe
numbercomputations.In our experimentalsetup,for instance,
 ltering the whole imagerequires320x240pixel evaluations
and the model requiresNx25 pixel evaluations.So for N <
3072 it is worthwhile.

In addition the observation modeldoesn•t requireany seg-
mentationin the imagesneitherthe searchfor salientpoints.

C. Considerations

Our approachrequires calibrated cameras,but no back-
projection or triangulation is performed.Only the forward
projections,from 3D particles into image planes,are used.
Actually, thereis no matchingbetweenthe stereoimages,no
correlationinvolved, and no explicit triangulationare carried
out. The observation model rewardsthose3D locationswith
are color compatiblein all images.This may include more
spaceareasthan the true one, and may lead to the particle
cloud to be splitted into suchareas.This re ects the fact that
particle  lte r can representmultiple simultaneoushypothesis
about the state.New observations will eventually break the
ambiguityandthe populationwill converge to the real object
position.
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The developedalgorithm is a true multi-image algorithm
[12]: thereis noprivilegedcamera,all imagesaretreatedequal
and it may be usedwith an arbitrarynumberof cameras.

III. EXPERIMENTS

The algorithm has been tested in our lab with two real
camerasto track a pink ball. The setup is shown in Fig.
2, where camera1 is located at (0.5, 0.0, 0.195) (m) and
camera2 at (0.07, 0.485, 0.085) (m) of thatcoordinatesystem.
The camerasare two webcams,which have beencalibrated
usingOpenCVlibrary. Their externalparameterslike absolute
position and orientationhave beenmanually adjustedusing
a tape measureand projecting an absolute3D grid into the
images. They provide 320x240 color images through the
video4linuxAPI. Right camerawasrotated90o so it delivers
240x320images.

             Fig.2 Experimentalsetup(left) andprojectedgrid (right)

The particle  lter has beentuned to 200 particles,and a
typical deviation � m = 0 .03 (m). The vicinity window for
observation model was set up to 5x5 pixels, as described
previously. A typical  lter iterationincludingall theprediction,
updateandresamplingstepstakesaround5 ms(on a Pentium
IV, 2•7 GHz with HyperThreading)which is enoughto real
time performance.

A. Typical execution

The Fig. 3 shows a regular run of the particle  lter dis-
playing their projectionin both imagesat threedifferenttimes
(iteration 2, 50 and 60). The Fig. 4 shows the projectionof
the sameparticlecloud in the XY plane.

The particlesare initially locatedat position (0.4, 0.1, 0.2)
(m), just in front of the camera1 (this initalization will be
justi ed later on). In two iterationsthey spreadfollowing the
gaussianmotion model.As can be seenin the upperpair of
Fig. 3, particlesprojectaroundthepink ball for theleft camera
(camera1), but areout of scopeof the right camera(camera
2).

After 50 iterations,theparticlecloudhasmoved itself away
from the camera1, along its optical axis andalwayskeeping
theirprojectionsaroundthepink ball in suchcamera.In Fig. 4,
the typical deviation in Y (optical axis of camera1) is greater
than in X. Also, the middle pair of Fig. 3 shows some of
the particlesenteringinside the scopeof right camerawhile
keepingaroundthe ball in left image.

Finally, at 60th iteration the particlesconverge aroundreal
3D locationof theball, andtheir projectionsinto bothcameras
are coherentwith the ball. If the ball doesn•t move, the
populationremainsstablearoundits real position. Once the

Fig. 3 Particle projectionsin left (camera1) andright cameras(camera2)
at iterations2, 50 and60

populationhasconverged,smoothmovementsof the ball are
successfullytracked in any direction. It can be noticed that
convergenceof the whole populationspeedsup as soon as
someparticlesenterinto the ball projection.

The position error is de ned as the distancebetweenthe
positionestimatefrom the particle  lter and the groundtruth
position of the tracked object. In all the experimentssuch
error lied under 3 cm after the particle set has converged.
Low position error meansthat the particle cloud has settled
aroundthe right location.

B. Systematicdrift

We have observed a systematicpernicious trend of the
particlesto move faraway from thecamerasalongtheiroptical
axis.This canbenoticedin theFig. 4. Experimentswerealso
carriedout with randominitalization,andstartingtheparticles
at a point furtherthantheball to a givencamera.All suchruns
resultedin no convergenceat all: the systematicdrift evolved
the particlescloud consistentlywith one image, but always
moving away from the other.
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Fig. 4 Threeeyebird snapshotsof the particlesat iterations2, 50 and60

Given the conic shapeof the projective observation model,
after the prediction step there is equal chanceto fall closer
or further to the camerathan the currentlocation,but falling
closer makes less likely to project inside the image, makes
harderto achive a goodobservationlikelihood,andso,smaller
thechanceof surviving after the resampling.This canbeseen
in Fig. 5.
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Fig. 5 Particle and its likely positionsat t + 1

C. Particle Þlter dynamics

In a different set of experiments we have studied the
particle  lter dynamics,in particular we were interestedin
its convergencespeed.It wasstudiedmeasuringthe evolution
of the position error of the  lter when the tracked objet
suddenlymoved to a different location. Insteadof the 2D
observations describedwe used the pink ball 3D position
estimateasobservationsfor the particle  lter . A 3D gaussian
observation model was developed for such observations. In
real experimentssuch estimateswere built triangulating the
centersof massesof the pink pixels on eachcameraimage.

In Fig. 6 the evolution of the position error is displayed.
The vertical axis meansthe position error in (m), and the
horizontalaxis representstime, in iterationsof the  lter . The
object is stableat the initial positionuntil 30th iteration,and
then moves to a new location 2 metersaway. To avoid the
effect of noise in the observations while studying the  lter
dynamics,in this experimentthey were simulatedand set to
the groundtruth 3D positionof the pink ball.

As can be seenin Fig. 6, it takes 5 iterationsto the  lter
to converge at the initial position of the object. At the 30th

Fig. 6 Time evolution of the positionerror

iteration the error reaches2 meters,just the distancethat the
object hasmoved. Then the  lter needsaround15 iterations
more to converge at the new object location.

Theconvergencespeedof theparticle lter hasbeenstudied
for different � m values,in order to determinethe right value
for suchparameter. In Fig. 7 theevolution of thepositionerror
is displayed.Thehorizontalaxis representsthe time, from the
initial iterationat the left and increasingnumberof iterations
to theright. Theverticalaxisrepresentsdifferentvaluesof � m ,
from 0.001(m) to 0.3 (m) at regular incrementsupwards.The
pixel color representsthe positionerror, the darker the higher.
Colorscloseto black meanthe  lter estimationof position is
far away from real one,colorssimilar to white meanthey are
close. The tracked object moved suddenlyat 30th iteration.
This way, eachrow shows an evolution like that in Fig. 6, but
encodedin color.

Fig. 7 Evolution of positionerror at different � m values

Theexperimentsin Fig. 7 show thathighvaluesof � m speed
up the convergence.The time neededto  nd the new object
location is the dark gap after the 30th iteration, inside each
row. As � m increases,suchtime asymptoticallydecreases.For
very low valuesof � m , the particle  lter is not able to  nd
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the new object position before70th iteration,as can be seen
in the left sideof the Fig. 7.

Fig. 8 Spatialevolution of the particleset

But suchimprovementin convergencespeeddoesnot come
for free. We have observed that for high valuesof � m the
typical deviation of the particlecloud increases.In Fig. 8 the
evolution for two particle set is displayed,with snapshotsof
the particle clouds at six different instants.The samecolor
meansthesameiterationin both  lters. With small � m values
(left), the populationslowly approachesto the locationof the
object,keepingitself compact.With high � m values(right) the
cloud reachessoonerthe new position of the tracked object,
but it is spreadover a wide area.

IV. CONCLUSIONSAND FUTURE L INES

Thework presentedheresummarizesthepreliminaryresults
on particle  lter for object3D trackingbasedon color infor-
mation.The algorithmdoesn•t needany explicit triangulation
or stereomatchingatall, andit scalesto anarbitrarynumberof
cameras.Theobservationmodelusedavoidsthecolor  ltering
of the whole imagesand looks at the vicinity of the particle
projectionsto estimatethe particle•s likelihood.

Theresultsarepromisingasconvergencehasbeenvalidated
in realexperimentsandthealgorithmimplementationexhibits
real time performance.The real location of the object is an
stablepoint for the particle cloud, and the particlessuccess-
fully track smoothmovementsof the object. An interesting
systematicdrift in the particle behavior hasbeendiscovered
andexplained.

The experimentscarried out are just a proof of concept.
More experiments are necessaryin order to validate the
algorithm.Furtherimprovementsof thealgorithmarecoming.
First, theuseof morethan2 camerassimultaneously, in order
to expand the volume inside which objects are succesfully
tracked. Second,we are also exploring some proposaldis-
tributions inside the  lter which hopefully would increase
convergencespeedof the cloud and its recovery capacityin
caseof losing the object.
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