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Abstract. We present an algorithm for the tracking of a variable number of 3D
persons in a multi-camera setting with partial eld-of-view overlap. Thdtimu
object tracking problem is posed in a Bayesian framework and reliesjainta
multi-object state space with individual object states de ned in the 3D world.
The Reversible Jump Markov Chain Monte Carlo (RJ-MCMC) method id tse

ef ciently search the state-space and recursively estimate the multitaijee
guration. The paper presents several contributions: i) the use arehgrn of
several key features for ef cient and reliable tracking (e.g. theaishe MCMC
framework for multiple camera multiple object tracking; the use of powéni-

man detector outputs in the MCMC proposals to automatically initialize/update
object tracks); ii) the de nition of appropriate prior on the object state, ke tato
account the effects of 2D image measurement uncertainties on thej @ state
estimation due to depth effects; iii) a simple recti cation method aligning people
3D standing direction with 2D image vertical axis, allowing to obtain better object
measurements relying on rectangular boxes and integral imagegprgsent-

ing objects with multiple reference color histograms, to account for \ititiab

in color measurement due to changes in pose, lighting, and importantly multi-
ple camera view points. Experimental results on challenging real-wodgiirg
sequences and situations demonstrate the ef ciency of our approach.

1 Introduction

Multiple object tracking (MOT) in video is one of the fundantal research topics in
dynamic scene analysis, as tracking is usually the rst bedpre applying higher level
scene analysis algorithms. While fairly good solutions t® titacking of isolated ob-
jects or small number of objects having transient occlusiave been proposed in the
past, MOT remains challenging with higher densities of peomainly due to inter-
person occlusion, bad observation viewpoints, small teiwl images, entering/leaving
of people, etc. These situations are often encountere@ ivisiial surveillance domain.
There is an abundance of literature devoted to MOT. In pastsystate-space mod-
els [1-3] have been shown to be the most successful. Altheagte methods choose
to use a single-object state-space model [3], only a moraig formulation of the
MOT problem using a joint state space model allows objeetattions and identity to
be properly de ned. In general, interactions is de ned lthea proximity, occlusion
being so far the most studied problem. Tracking a variabiebar of objects with par-
ticle lters (PF) has been addressed in [1,4-6]. These wbigklighted the need for
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a global observation model to deal with multi-object conrgtions varying in number,
in order to obtain likelihoods of the same order of magnitémtecon guration with
different number of objects.

To alleviate the occlusion problem in medium to crowded ssethe use of mul-
tiple cameras and the fusion of the information between theoomes almost neces-
sary [7-9]. Fleureet al.[9] proposed an algorithm that can reliably track multipés-p
sons in a complex environment and provide metrically adeupasition estimates by
combining a probabilistic occupancy map. Du and Piater [8fent a novel approach
to ground-plane tracking of targets in multiple cameras &ing collaborative particle
Iters. This method performs very well and can handle theliegise foot positions and
some calibration uncertainties. Regretfully, the curmgmproach is available only for
single object tracking.

In this paper, we propose a novel algorithm to automatiadigct and track a vari-
able number of people in a multi-camera environment withiglaeld of view over-
lap. More precisely, we adopt a multi-object state spacesBiay formulation, solved
through RJ-MCMC sampling for ef ciency reasons [4, 6]. Theposal (i.e function
sampling new state con gurations to be tested) used in tthese takes advantage
of a powerful machine learning human detector allowing toiefitly update tracks
or initialize new tracks. We adopt a 3D approach where oljeates are de ned in
a common 3D space allowing to represent people with a bodyemadd to facili-
tate occlusion reasoning. The multi-camera fusion is sbhyeusing global likelihood
models over foreground and color observations. Our cantidhs are to combine and
integrate ef cient algorithmic components in our framewavhich have been shown
in the past (often separately) to be essential for accurateeficient tracking, and to
propose additional techniques to solve speci c issues taldd below.

One issue in multiple object tracking is object interactiondeling. This can be
done by de ning priors over the joint state space. Such pgarsually based on ob-
ject proximity, which prevents objects of occupying the sastate space region or ex-
plaining twice the same piece of data. In our case, we profmse ne such priors
by exploiting both the body orientation in the de nition ofgximity, and by using the
prediction of the future object state to model that movinggde tend to avoid colliding
each other.

Multi-camera tracking in surveillance scenarios is uguallite different than track-
ing in indoor rooms. Larger eld-of-view (FOV) cameras arged to cover more phys-
ical space, the overlaps between the FOV are smaller, angegappear with dramati-
cally different image resolutions due to their placements goints of views. As a con-
sequence, a small and seemingly not signi cative 2D pasitibange (e.g. one pixel)
in one view can correspond to a large position change in theratiew, as illustrated
in Fig. 2. This is particularly problematic &tansitionsbetween FOV cameras, when
a person enters a new view which has much higher resolutamttie current one. As
due to this uncertainty, the projection of the current eataxdoes not match at all the
person in the new view. As a result, the tracker will assuragttie person remains only
in the rst view, and will initialize a new track in the new we To solve this issue, we
propose to integrate in the 3D object state prior a compowaith models the effects
of the image estimation uncertainties according to the siewwhich the object is vis-
ible, and to use a proposal taking into account the humarctigteoutput per view to
draw samples at well localized places in the new view.

One nal novelty of the paper is an image recti cation stefpaling to reduce peo-
ple geometric appearance variability in images due to teefisf large FOV cameras.
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Figure 1: Vertical vanishing point mappind.eft: after distorsion removal and before the map-
ping. We can observe people slant according to their posi@entral: after the mapping to the
in nity. Bounding-boxes will t more closely the silhouette of peopRight: another example.

More precisely, in these cases, people often appear slanted border of an image,
even after the removal of radial distorsions, as illusttate=ig. 1. This is a problem for
human detectors which often consist of applying a classerectangular regions, or
in other tasks (e.g. tracking) when integral images are teseficiently extract features
over boxes, as the variation of people orientation in thegiengill affect the consistency
of the extracted features (with respect to an upright stay)daind will ultimately harm
the detection or tracking processes. To remove this vditiahve propose a simple rec-
ti cation scheme which is applied to the input image as ajre@sessing step. It consists
of mapping the 3D vertical lines into 2D vertical image linas illustrated in Fig. 1.
The method is shown to introduce negligible image distmisi@nd can be applied in
any scenarios where an initial calibration step is feasible

The rest of this paper is organized as follows. Section 2gmtssour slant removal
recti cation procedure. The multi-camera multi-persaacking framework is described
in Section 3, along with its main features. Experimentalitson real data are reported
in Section 4, followed by the conclusion in Section 5.

2 Calibration and Vertical Vanishing Point Mapping

Camera Calibration: Cameras were calibrated using the available informatiah an
exploiting geometrical constraints [10], like 3D lines sltbappear as undistorted, or
vertical directionZ is obtained from the image coordinates of the vertical fang
pointv-, , computed as the intersection of the image projections et @s3D world
parallel vertical lines. The image-to-ground homographyvas estimated using a set
of manually marked points in the image plane and their 3Despondences in the 3D
ground plane.

Removing Slant by Mapping the Vertical Vanishing Point to In nity: In Fig. 1, we
observe that standing people appear with different slantise image. This introduces
variability in the feature extraction process when usirgaegular regions. To handle
this issue, we propose to use an appropriate projectivefoamationH , of the image
plane in order to map its vertical nite vanishing point to @it at in nity. As a result,
the 3D vertical direction of persons standing on the grouadgwill always map to
2D vertical lines in the new image, as illustrated in Fig. hisTtransformation should
thus help in obtaining better detection results or extragathore accurate features while
still keeping the computation ef ciency, e.g. by using igitel images.

Our goal is to nd a 2D homographki » that maps the image vertical vanishing
pointv, = (X»;Yy-;1)> to a vanishing point at in nity(0;y; ;0)> wherey; can
be any non-zero value. As the above mapping alone is notigumt¢o fully de ne the
homography, we must enforce additional constraints inraimavoid severe projective
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distortions of the image. To obtain a resampled image tioédslas much as possible like
the original image, we enforce that the transformatibn should act as far as possible
as a rigid transformation in the neighborhood of a givenctetépointxo of the image.
This means that the rst order approximation of the transfan the neighborhood of
Xo should be a rotation rather than a general af ne transformappropriate choice of
Xo to enforce such as constraint can be the image center.

For the moment, assume theg is the coordinate system origin, and that is
located on the axis, i.e.v, =(0;y; ;1)”. Then we can consider the homograghy
which maps the vertical vanishing point to a point at in n{¥;y; ;0)” as required,
and maps a 2D poirf; y) into a 2D point(x% y% according to:

2 3

100
G:401O5.X0_y;x_@x0,y°)_ Y1 Yy y X

orll Y Ty oy Y T@xy) (v vi)? 0 v
1

The last part above provides the Jacobian of the transfodmeasdels the linear dis-
torsions. It shows that, at the origf; 0), the Jacobian is equal to the identity matrix,
which means that no linear distorsions are introduced byrémesform at this point.

In the general case, it is easy to show that for an arbitratdged point of interest
Xo = (Xo;Yo;1)> and vertical vanishing point, = (x»;y»;1)”, we can reach the
above special case by applying rst the translationhat maps the origin of the coor-
dinate system to the selected paint and then the rotatioR which brings the trans-
lated vertical vanishing point on theaxis. The required mappirtd , is then given by
H-, = GRT , and can be used to warp the undistorted image and obtainghted
image (central image in Fig. 1). Accordingly, the new imagesround homographi
can be updated (e.§l = HH , ).

3 Multi-Camera Multi-Person Tracking

In this section, we introduce the multi-camera multi-per$b tracking algorithm
based on a Markov Chain Monte Carlo (MCMC) sampling method, then provide
the main elements of the model, focusing on the main aspéots @pproach.

3.1 Bayesian Tracking Framework and 3D Multi-Person State Rpresentation

In the Bayesian framework, the goal is to estimate the candit probabilityp(XjZ 1)
of the joint multi-person con guratiotX; at timet given the sequence of observations
Zy.¢ =(Zq;:::;Z¢). This posterior probability(XjZ1.¢), known as the Itering dis-
tribution, can be expressed recursively using the Bayes dfjuation:

Zz

. 1 . . .
P(XtjZ1:t)= Ep(Zt]Xt) P(X Xt 1)p(Xt 1jZ1e 1)dX¢ 1; (1)

Xt 1
where the dynamical modgd(XjX; 1), governs the temporal evolution of the joint

stateX; and the observation likelihood modg(Z.jX ;) measures the tting accuracy

of the observation datd; given the joint stateX;. C is a normalization constant. In
non-Gaussian and non-linear cases, the Iter equation eapproximated using Monte

Carlo methods, in which the posteriptXjZ1.;) is represented by a set Nf samples
f X“Er)g{\‘zl . For ef ciency, in this work we use the Markov Chain Monte @giMCMC)
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method, where the set of samples have equal weights and f@oacalled Markov
chain. Consequently, we obtain the following Monte Carlpragimation:

- 1 7. Xow e (D)
P(XijZet)  EP(ZijX1) oy PORGX ) @

Single Object 3D State and Model:We modeled people using general cylinders, as
illustrated in Fig. 3. Given the resolution of the images,deeided to use three cylin-
ders: one for the head, one for the torso, and one for the\égsised elliptic cylinders
(i.e. the section of the cylinder is an ellipse) to accoumtdeople ™ atness' (people
width is usually larger than their thickness), which allowsproduce different image
projected models depending on people's orientations. whetcamera. The state space
of a human persohat timet is represented by a 6-dimensional vector:

X = (Xi 3 Vit s Xe 5 Yt s hie s i) (3)

whereu;: = (Xt ;Vit)~ denotes the person ground plane position in the 3D physical
spaceu;: = (Xit;Vit) ,hand ;i denote the speed, the height, and the orientation
w.r.t. theX -direction on the ground plane, respectively.

The Multi-Object State Spaceis de ned as:
Xt =(Xt;ke); 4)

whereX; = fXi{ gi=1.:m , M is the maximum number of objects appearing in the
scene at any given time instant, akd = fki; giz1.:m IS @ M -dimensional binary
vector. The boolean valug,; signals whether the objectis valid/exists in the scene
at timet (kix = 1), or not ki; = 0). The identi er set of existing objects is thus
represented d§; = fi 2 [1;M]jkiy =1g,andK; = f1;2;3;:::;MgnkK;.

3.2 Dynamical Model
The dynamical model governs the evolution of the state betviene steps. It is respon-

sible for predicting the motion of people as well as modelirigr-personal interactions
between the various people.

The Joint Dynamical Model for a variable number of people is de ned as follows:
- . Y M . .
P(XtjXt 1) 1 po(Xijke) oy PR X arkeke 1) plkike 15X 1) ()

8
< p(Xi jXip 1) if i 2Kyandi 2Ky g5

with p(Xi;t th 1, kt;kt ]_) = . Poirth (Xi;t) if i2 Kt andi 2 Kt 1(b|rth),
" Pdeath (Xix) if i 2K andi 2K jdeath)

The termp(X ¢ jXi: 1) denotes a single person dynamics, as discussed later, while
Poirth  @nd pgeath  denote prior distributions over the state space for newbortead
objects. The last term(kjk; 1;X: 1) in EQ. (5) allows to de ne a prior over the
number of objects which die and are born at a given time steys tisfavoring for
instance the deletion of an object and its replacement byvéyreeated object.

Shape oriented and person avoidance interactions peoson interactions are modeled
by the the ternpy in Eq. (5) and de ned by pairwise prior over ti@nt state space:

n X

Y
Po(Xtjkt) = 2K 6] (Xt ;X ) I exp g

)
i 2K ;6] 9K Xje )
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Figure 2: Left imagesDue to depth effects, very similar positions in the rst camera view cor-
responds to dramatically different image locations on the other Rayht graph.for the same
scene, oor map of localization uncertainties, propagated from imagsifation uncertainties.
In green, oor locations visible in both cameras. In blue/red, locationiblgi®y only one camera.

whereg(X iy ; Xj¢ ) is a penalty function. In papers [4, 6] which used such a prior
authors de ned this penalty function based on the currenv?&lap between the object
projections, or on the euclidian distance between the twecblzenters, for instance,
0(Xit; Xt )= (Kuix  uje k). Inour case, we propose two improvements: rst, as
people are not “circular', we replaced the above euclidiatadce by a Mahalanobis
distance, i.egp(Xit ; Xjt ) = (dmi (Uix U )+ (dmg (Uix  Uje ) wheredy,
(resp.dm; ) is the Mahalanobis distance de ned by the ellipsoid shapdeperson
(resp.j ). Qualitatively, this term favors the alignment of peopléentation (of close
by people) in contrast to people with perpendicular origéos. People following each
other is a typical situation where this term can be useful.

Secondly, when people move, they usually look forwardvoid collisionwith
other people. We thus introduced a prior as well on the Steﬁ{el predicted from the
current state valu¥ ;. , by de ning the penalty function ag(X i ; Xt ) = Gp(Xit ; Xjit )+
O (Xt 413Xt 41). This term will thus prevent collision, not only when peoplee
coming close, but also when people are moving together igdhee direction.

The Dynamical Model of a Single Persoris de ned as:
P(Xit jXit 1) = p(Uit; Ui jUie 13U 1)PC(hig jhie 0)PC i) it 1:Uie);  (6)

where we have assumed that the evolution of state paramisterdependent given
the previous state values. In this equation, the heightr p(b;; jhix 1) assumes a
constant height model with a steady-state value, to avegeldeviations towards too
high or small values. The body orientation dynang€sitj i+ 1; Uit ) is composed of
two terms which favor temporal smoothness and orientatigmaent with the walk-
ing speed (which depends on the speed magnitude) as we hsagbee in the single
person tracking algorithm [11].

In addition to prior terms which prevent invalid oor positis for people and reduce
the likelihood of the state when the walking speed exceedgesmrede ned limit, the
position/speed dynamics is de ned by

ur = Aur 1+ Bwyy and ug=ug 1+ ur+ C(ur 1)woy (7)

wherewq;; = (WE;;‘t);Wé’;'t))> is a Gaussian white noise random varialgje=(1; 2), and

is the time step between two frames. First assumeGi{at ;) = 0. In this case,
Eqg. (7) models a Langevin motion, with 7y al andB = bl (I denotes th 2
identity matrix) anca = exp( Yandb=v 1 a2, where accounts forthe speed
damping and’ is the steady-state root-mean square speed.

Introducing 2D-to-3D localization uncertaintiés.multi-view environments with small
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overlapping regions between views, and important deptheseffects with large image
projection size variations of people within and across ei¢see Fig. 2), the Langevin
motion is not enough to represent the state dynamics umugrt&ig. 2 illustrates a
typical problem at view transitions: a person appearingsahall scale in a given view
enters a second view. Observations from the rst view araefiogent to accurately
localize the person on the 3D ground plane. Thus, when theopenters the second
view, the image projections obtained from the state pregiadf the MCMC samples
will often results in a mismatch with the actual localizatiof the person in the sec-
ond view. This mismatch might be too high to be covered (in time step) by the
regular noise of the dynamical model. As a result, the allgorimay keep (for some
time) the person track so that it is only visible in the rsew, and create a second
track to account for the person's presence in the second Viewolve this issue, we
added the noise teri@(u; 1)wz: on the location dynamics, whose covariance mag-
nitude and shape depend on the person location. The covarérthis noise, which
models 2D-to-3D localization uncertainties, is obtained@lows. The assumed 2D
Gaussian noises on the image localization of a person'sfifert the different views
are propagated to the 3D oor position using an Unscentedsfcam, and potentially
merged for people positions visible from several cameesslihg to the pre-computed
noise model illustrated in the right image of Fig.2. Quailgly, this term guarantees
that in the MCMC process, state samples drawn from the dyesawill actually spread
the known uncertainty 3D regions, and those samples drawexplpiting the human
detectors will not be disregarded as being too unlikely ediog to the dynamics.

3.3 Observation Model

When modelingp(ZjX ), which measures the likelihood of the observatianfor a
given multi-object state con guratioR , it is crucial to be able to compare likelihoods
when the number of objects is changing. Thus, we paid greattogpropose a formu-
lation that provides likelihoods of similar orders of matuies for different number
of objects. For simplicity, we dropped the subsctijit this section. Our observations
aredened a&Z = (ly;Dy)v=1:n,, Wherel, andD, denotes the color and the back-
ground subtraction observations for each of khecamera views. More precisely,,

is a background distance map obtained from the backgrountdastion of [12], with
values between 0 and 1 where 0 means a perfect match with¢kgroand. Assuming
the conditional independence of the camera views, we have:

_ Y on, _ .
p(ZjX) = - p(lyjDyv; X)p(DvjX): (8)

These two terms are described below (where we dropped tiserdoty for simplicity).

The Foreground Likelihood of one camera is modeled as:

Y Y Y
i - fg 1 D(x)) fg D (X) c1(D(x) c2)
p(DjX) s BXP s EXP / s BXP 9)

wherex denotes an image pixeh denotes the object regions of the ima§ejenotes
its complement, as illustrated in Fig. 3, aod= ( g + g) andc; = g =C. In
Eqg. (9), we can clearly notice that the number of terms ispedeent of the number
of objects, and that the placement (for track or birth) ofeats will be encouraged in
regions wheré® (x) > c».
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[ Non-Obiject Region § [ ] object Region S

Figure 3: Left: (a) the 3D human model consisting of three elliptic cylinders. (b) projeciidhe
body model in the recti ed image for different state valuRgght: Object and non-object regions.

The Color Likelihood in one camera is modeled as:
Y 3

Y S Y
p(IjD;X‘)= ) ~ exp im R jp jDc(I;D;Rip ) exp im D min
! =1 x2S

/ exp im IR ip J(Dc(I;D;Rip ) Dmin ) (10)
whereR ., denotes, for an existing objeictisible in the camera view, the image part of
its body regiorbwhich are not covered by other objects (see Fig. 3),jBndj denotes
the area oR . The above expression provides a comparable likelihoodifterent
number of objects, and will favor the placement of trackej@cis at positions for which
the body region color distand2.(l; D ; R, ) is high, and favor the object existence if
this distance is (on average) higher than the expected ramidistance , .

Obiject color representation and distarfeéem the visible part of the body regiéty, of

an object, we extract two color histogranhg;, which uses only foreground pixels (i.e.
for whichD (x) > c¢»), andH ,, which uses all pixels iR ,. While the former should be
more accurate by avoiding pooling pixels from the backgthtime latter one guarantees
that we will have enough observations. To ef ciently accoian appearence variability
due to pose, lighting, resolution and camera view changespmwpose to represent
each object body region using a setkofautomatically learned reference histograms,
H = fH«df.; . The color distance is then de ned as:

De(I;D;Rp)=(1  )DZ (Hp;H)+ ;D2 (hp;H) with Dy (H;H)=min « Dpn H;Hy

whereDy, denotes the standard Bhattacharyya histogram distaneaufdating of the
reference histograms is conducted in a similar way to baxkgt modeling methods
[12]: observed histograms (extracted from the mean objatt)sare matched against
the reference histograms and used to update the best mdidtegram, or create a
new reference histogram if the best match is not close enough

3.4 Reversible-Jump MCMC

Given the high and variable dimensionality of our state sptte inference of the Iter-
ing distributionp(XjZ1.¢) is conducted using a Reversible-Jump MCMC (RJ-MCMC)
sampling scheme which has been shown to be the very ef acrestich cases [4-6]. In
RJ-MCMC, a Markov Chain is de ned such that its stationarstdbution is equal to
the target distribution, Eq. (2) in our case. The Markov @haisampled using the
Metropolis-Hastings (MH) algorithm. Starting from an drary con guration, the al-
gorithm proceeds by repetitively selecting a move typ&om a set of moves with
prior probabilityp, and sampling a new con guratiok { from a proposal distribution
gn(X%X ). The move can either change the dimensionality of the séatén(birth or



Title Suppressed Due to Excessive Length 9

Figure 4: Detection results at the same time instant in the 3 views.

death) or keep it xed. Then, either the proposed con guratis added with probability
(known asacceptance ratip

gz PRUZ1d) P Gep(Re XD
P(XtjZ14)  Pm  gn(XX4)

to the Markov Chain, whergPis the reverse move af, or the current con guration is
added otherwise. More details on de ning typical moves amesponding acceptance
ratios can be found in [4]. In the following, we describe theves and proposals we
used and highlight the key points.

(11)

Human Detection: Good and accurate automatic track initialization is crifoiamulti-
object tracking, in particular since it is the phase wheeeitfitial object model (color
histograms) is extracted. In addition, being able to pre@axurate positions to update
current tracks is important. To this end, we have develop&diraan person detec-
tor [13] which builds on the approach of Tuzstl al. [14], and takes full advantage of
the correlation existing between the shapes of humanségfound detection maps and
their appearance in the RGB images In multi-view calibraedronment, the detec-
tor was applied on each view separately, on windows i) wharhespond to plausible
people sizes; ii) for which the corresponding windows in ¢ifeer camera views (ob-
tained thanks to the calibration) all contained enough (R¥eground pixels. Note
that appart from this latter constraint, we did not try to geethe detection output in
the different views. The main reason is that such fusiondeediuce the number of de-
tection (e.g. as the object might be too small, occluded @myria a given image). Also
it appeared to be better to keep the best localizations in ebihe camera views when
initializing or updating track states in the MCMC trackinguinework. Fig. 4 provides
an example of obtained detections.

Move Proposals We have de ned six move typeadd, delete stay, leave switch, and
update The proposal of each move type is de ned as follows.

adddelete the add move uses the output of the human detector, and proposes-to ra
domly add one of the detected humans whose positions araedagé from the existing
objects in the current con guration (where the distance éasured on the ground plane
using the uncertainty Mahalanobis distance, cf SectiomBFg. 2). Thedeletemove

is the reverse move of thedd move (reverse moves are required to potentially move
the chain back to a previous hypothesis). In this move, ¢bj@bich have been added
with the addmove are randomly selected for being removed.

staylleave the add deletemoves enableewobjects to enter the scene, and is driven by

a human detector. Thetay/leavemoves are the equivalent atid delete but allows to
decide on the fate of objects that were already present @iréwéous time instant. The
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Figure 5: Tracking results on the metro scene.

leavemove allows to remove one such object from the current coratian, while the
stayallows to bring it back, by sampling from the state dynamifis [

switch: This move allows to randomly exchange states between tipsdjects, which
in practice allows to check whether the exchange of coloretwldetter ts the data.
update This is an important move which allows to nd good estimatesthe object

states. It works by rst randomly selecting a valid objectfrom the current joint con-
guration (i.e. for whichk; = 1), and then propose a new state for update. This new
state is drawn in two ways (i.e the proposal is a mixture)hén tst case, the object po-
sition, height and orientation are locally perturbed adoway to a Gaussian kernel [4].
Importantly, in order to propose interesting state valbes inay have a visual impact,
the noise covariance in position is de ned agu; ) = C(u; )C> (u; ), whereC(u; )

is the noise matrix in Eq. (7) which is used to de ne the noigeaciance in Fig. 2. The
second way is to update the object location by sampling thheloeation around one of
the positions provided by the human detector which are doseigh from the selected
objecti . Here again, closeness is de ned by exploitingu; ), and the perturbation
covariance around the selected detection is given fy; ).

4 Experimental Results

Two datasets captured from two different scenes were usedaoate our proposed
multi-person tracking system. The rst one consists of 2830 minutes video footage
captured by three wide-baseline cameras in the Torino ns&tmn scene as shown in
Fig. 4. These sequences are very challenging, due to thergariesv points (small

average people size and large people size variations inea giew, occlusion, partial

eld of view overlap), crowded scenes in front of the gatesi éhe presence of many
specular re ections on the ground which in combination wédst shadows generate
many background subtraction false alarms. In addition,trpesple are dressed with
similar colors. The second dataset comprises 10 minuteislebyootage also captured
by three wide-baseline cameras in an outdoor scene. Indéiges people often appear
slanted in the left or/and right borders of an image (seeBigrhe camera view point
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Figure 6: Tracking results on the metro scene: (a) without integrating the groume [laise
model in dynamical model; (b) with integration.

issues mentioned above for the metro scene also exist indtd®or scene. The follow-
ing experiments were obtained using a total of 1500 movesaiRiJ-MCMC sampling
with 500 in the burn-in phase.

Fig. 5 shows some tracking results on the rst dataset. I élample,our tracking
system performed very well, successfully adding peoplegigie human detector me-
diated birth move, and ef ciently handling inter-persorchusion and partial visibility
between camera views.

The bene t of using the 2D-to-3D ground plane noise in oumaliym, and espe-
cially in the dynamics, is illustrated in a simple exampli. . In the rst two rows,
this component was not used, i@(u) = 0 in Eq. (7). As can be seen, the estimated
state from the rstview lags a little bit behind, resultinga mismatch when the tracked
person enters the second view. As a consequence, a newigljesdted. The rsttrack
stays for some time, and is then removed, resulting alltegen a track break. On the
other hand, when using the proposed term, the transitiomd®st cameras is success-
fully handled by the algorithm, as shown in Fig. 6(b).

On the second dataset, our approach performed very weli,akitost no tracking
errors in the 10-minute sequences. Results on four franeeshewn in Fig. 7. Anec-
todically, our human detector was able to successfullyadet@erson on a bicycle and
our tracking system was able to track him/it robustly.

5 Conclusions

In this paper, we presented a novel multi-camera multiggeBD tracking algorithm.
The strength of the approach relies on several key factoegotnt multi-state Bayesian
formulation, appropriate interaction models using sfaediction to model collision
avoidance, the RJ-MCMC inference sampling scheme, andhaédihced observation
models. The use of a fast and powerful human detector pravbd essential for good
track initialization and state update, as was the use ofegoned 2D to 3D geometric
uncertainty measures on the state dynamics. In additiomyval simple recti cation

scheme was proposed to remove people slant from imageslendla¢ use of ef cient
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Figure 7: Example of multi-preson tracking on the outdoor sequence.

human detector and feature extraction based on integrgem#&uture work is oriented
towards the de nition of more powerful learned object likelod models, esp. to handle
partial occlusion, on the use of longer term constraintsherdynamics.
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