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ABSTRACT apply [3] on our data failed mainly because obtaining good enough

In this work we present and evaluate a novel 3D approach to traClRackground subtraction was more challenging.

single people in surveillance scenarios, using multiple cameras, In [3, 7], 3D positions of humans are infered from multiple

The problem is formulated in a Bayesian filtering framework, andc@meras. However, experiments are restrained to small spaces, as

solved through sampling approximations (i.e. using a particle silthese methods rely more or less on volume intersection. In addition,

ter). Rather than relying on a 2D state to represent people, as {821 such approach have problems because they attempt at solving
most commonly done, we directly exploit 3D knowledge by track-an inverse problem (reconstructing 3D from 2D images), and they

ing people in the 3D world. A novel dynamical model is presenteacan Tardly be apphliedkwhenhusing ofnly two c:r ?Yen a sfingle carrll-

' ; - . a. In our case, thanks to the use of a particle filtering framework,
that_accu_ratel_y models thg coupling between people orientation a e inverse problem is avoided, and thgfusion of se\?eral cameras
motion direction. In addition, people are represented by three 3 Thformation |F')s straightforward '
elliptic cylinders which allow to introduce a spatial color layout In this paper, we propose .and evaluate a new method to address
useful to discriminate the tracked person from potential dlstractorsthe taq & track’ 'user scenario. The method relies on a particle fil-
Thanks to the particle filter approach, integrating background sub:- 9 : p

traction and color observations from multiple cameras is straightEer approach with a 3D state representation. People are represented

forward. Alltogether, the approach is quite robust to occlusion andSind 3 elliptic cylinders, allowing to introduce spatial layout infor-
large variations in people appearence, even when using a singﬁHat'on with respect to both background and more importantly color

camera, as demonstrated by numerical performance evaluation easurements, and which proved to be useful for distinguishing the

real and challenging data from an underground station racked person from distracting people, for instance before and af-
’ ter occlusion. Through thorough numerical experiments on real and

challenging data, we show that the approach is fairly robust, even
1. INTRODUCTION when using a single camera.

Person and object tracking is one of the most important tasks in _The reminder of this article is organized as follows. We de-

a surveillance system. It allows to extract and link the semantigcribe our method in Section 2. Section 3 presents our evaluation

content of streams of video data, and is at the basis of the majorififamework and numerical results. Section 4 concludes the paper.

of higher level analysis algorithms. Despite tracking being one of

the most studied topics in dynamic scene analysis, achieving good 2. 3D BODY MULTI-CAMER TRACKING WITH

tracking performance in adverse conditions, as is often the case with PARTICLE FILTER

indoor/metro surveillance settings, remains an important challeng?n this Section, we introduce the single person 3D tracking algo-

In this paper we address the specific problem of single objecfji, \, ased on a particle filter formulation. We will start by a quick

tracking over a network of cameras with partial overlap. While mul-y e nation of the Bayesian filtering framework and its particle fil-
tiple object tracking (MOT) is often desirable for automatic eventio pF) implementation, and then describe in more details the spe-
analysis, tracking single person is also a task that is requested I?: ,

o ; ' Yiic components that are involved in our implementation.
end-users. More specifically, surveillance operators would like to
be able to point at and 'tag’ some particular person (or group ob
people) and track them through the metro station, so that there is . . . )
always a monitor that displays a view of this person. This type off he Bayesian formulation of the tracking problem is well known
camera selection mechanism is very important for control room#8]. Denoting the hidden state representing the object configuration
where the number of monitors is much less than the actual numbét timet by ¥; and the observation extracted from the imagezhy
of cameras in the network (e.g. 24 video monitors for more tharthe objective is to estimate the filtering distributipf¥|Z1+) of the
500 cameras in the Torino metro). This task has been coined th@atet given the sequence of all the observatidng = (Z1,..., Z)
'tag and track’ task. upto the currenttime. Given standard assumptions, Bayesian track-

Several approaches have been proposed in the past for trackif effectively solves the following recursive equation:

people [1, 2, 3, 4, 5, 6]. Compared to 2D approaches [1, 2], meth-
ods relying on 3D state-spaces [3, 4, 5, 6] have been found to be pvi|Z,.) 0 p(Z |V / YilYe (Yo 11Z1+ 1)dYs_ 1
more effective at modeling occlusion in the MOT case [3, 4, 6], and P([Z12) U p(2 t)m 1p( -0 PO fZaa-g) s (1)
more robust in general, as they better constrain the solution space by
allowing the introduction of more accurate priors (for instance, bedn non-Gaussian and non linear cases, this can be done recursively
tween the image position of the object and its size). However, untilising sampling approaches, also known as particle filters (PF). The
now, a large majority of research relying on 3D state-space (and 3ilea behind PF consists of representing the filtering distribution us-
body representation) have been considered in closed indoor spadeg a set ofNs weighted samples (particle$y",w',n=1,...,Ns}
(e.g. a lab room) [3, 4, 5], which do not present the same diffi-and updating this representation when new data arrives. Given
culties than surveillance videos (viewing angle is usually smallerthe particle set of the previous time stepy” ;,w! ; = Nis,n =
more OVerIap betWeen cameras, etC). For |nstance, our a’[tempt ic’) NS}: Configurations Of the current Step are drawn from a pro_

- ) g)osal distributionY; ~ q(Y[Y;" ;,Z:). The weights are then com-
This work was supported by the European Union under the STRE PZ ) POV,
i

project CARETAKER (http://www.ist-caretaker.org). puted asw; O w{‘_lW. Finally, to avoid sampling im-

1 Bayesian tracking framework
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poverishment, it is necessary to apply an additional resampling step’ _
[8] whose effect is to eliminate the particles with low importance }
weights and to multiply particles having high weights. .
Four elements are important in defining a PF:
e a state model which is an abstract representation of the objectt==
we are interested in; |
e adynamical modeb(Y;|Y;—1) governing the temporal evolution \
of the state;
¢ alikelihood modelp(Z;|Y;) measuring the adequacy of the data @ ®
given the proposed configuration of the tracked object;

R S Figure 1: a) 3D body model consisting of three elliptic cylinders

n

° aopsrgel(zasvslc(:)ﬁinburg(t)iggl\g\i(rtﬁllf Zrt1)|itl?;i[%ce)(;)fr(\amilé)cnhslzl‘t?h%rg—tat representing head, torso and legs. b) projection of the body model
P gu 9 9 8n the image (after distorsion removal) for different state values.

space. In our current case, we used a standard approach, Notice the change of width due to variation of the body orientation.
ing the dynamics as importance function, so that the the weight

computation reduces o 0w ; p(Z[%).
These elements, along with our model will be described in the folfor height and orientation, the independence ofthady variables

lowing Subsections. is more questionable. In the future, we will investigate a coupling
between these two variables. The specific models are the following.
2.2 3D State Space and body mode!: The position (and speed) along the x and y axis has been modeled as

The selection of an adequate state space is a compromise betwethangevin motion, which corresponds to the motion of a free parti-

two goals: on one hand, the state space should be precise enOL@ﬁ in a liquid with thermla.l expltatlon. The payameter§ of this model

so as to model as well as possible the information in the image an@dr€ most naturally specified in terms of continuous time parameters

provide the richest information to further higher level analysis mod-Which have clear physical interpretation: the rate conggaiits 2,

ules. On the other hand, it has to remain simple enough and in ad#dicating the degree of friction in the liquid, and the stead-state

quation to the quality level of the data (in our case, low to mid-levelroot-mean square velocityparameter, expressed in cmts This

resolution) in order to obtain reliable estimates and keep the conmodel corresponds to the discrete dynamical model defined by

putation time low.

In the current situation, we decided to use a state space defined in X = a%_1 + bW, Xk = Xk_1+ TX (5)

the 3D space. This presents several advantages over a 2D approach

First, parameter setting, in most cases, will have a physical mearn which wy are.#’(0,1) random variablest is the time step be-

ing. For instance, we can define a default height, the speed of aween two frames, and

average walking person, etc. Besides, all prior information will au-

tomatically be ’built-in’: for instance, according to the 3D position,

we automatically know what should be the image size of the person a = exp(— 1) andb® = V¢, /1 (a¥)? ©

image projection. Finally, occlusion reasoning -when tracking mul-

tiple people- would be simplified when using the 3D position. By setting appropriate values f@ andv, using the above for-

In practice we modeled people using general cylinders, as illustratemtula, parameter setting becomes independent of the actual frame

in Fig. 1. Given the resolution of the images, we decided to use ongate (taken into account with).

cylinder for the head, one for the torso, and one for the legs. Td'he height model assumes that the height remains constant over

account for the 'flatness’of people (or in other words, the width oftime. In addition, it is constrained by a prior, to avoid large devia-

people is usually larger than their thickness), we decided to use elions towards too high or small values. The expression is:

liptic cylinders (i.e. the section of the cylinder is an ellipse). Utiliz-

ing this 3D human body model, one person standing on the ground P(HklHk-1) O Premp(Hk[Hk-1)Pprior (Hk) @)

plane with different orientation should produce different projected

models in which the main difference is the width of the projectedwhere the first term imposes some temporal continuity to the es-

human bodies. Thus, in summary, the state space is representeddiated height, and is simply modeled as constant model (i.e.

a 6-dimensional column vector: Premp(HilHk_1) = =/V(Hk;Hk—170|?|lemp)| where .4 (x;m,02) de-

X=[xxy,Yy,H,a] with 2) notes the value at of a gaussian with meam and variances?,

andoﬁtemp denotes the noise variance of the temporal term) and the
physical space. second term define.s a pri20r over the height values, and is defined as

e VV = [% y]' denotes the speed of the object. The speed is chara®prior (Hk) = 4" (HicHo, 05, ), whereHo denotes an average refer-

terized by its magnitudeexpressed in cm$, and its direction le:innca(lellhetiﬁgtl.nod orientation dvnamics is decomposed as:
v (angle with respect to the X coordinate axis); y: y y P ‘

¢ H denotes the height of the object (in cm), and v, 0 : v, 8
e o denotes the orientation of the human body. Plak|ak-1,Vi-1) p[mp(aklakfl)pm'on(aﬂ 1) &)

Figure 1 shows the body model along with the projection of the Premp(OklOk-1) = J’/(ak?akflﬂgmp) 9)
body model, for different state values, on one image.
y g Protion(@Vic1) = A (W 1,05, (1)) (10)

e (x,y) denote the ground plane position of the object in the 3D

2.3 TheDynamical Model ) )
Thus, on the one hand, the new orientation must account for the pre-

The _dynamical model governs the temporal evolution of the stateyious orientation value_1, with a variance otfg Onthe other
and is defined as ! . Ctemp” .
hand, the second term.g;o, COnstrains the orientation to align has
POIXk—1) = PO X X1, Xk—1)P(Yis Yk|Yk—1,Yk—1) (3) much as possible with the direction of moti@ﬁil, and this con-
xP(Hi|Hi_1)p(0tic| o1, Vie_1) (4)  straintis controlled by the velocity_;. Intuitively, when the per-

son is moving with a high enough velocity, one would like the body
where we have assumed that the evolution of state parameters argentation to be fully aligned with the direction of motion. At the
independent given the previous state value. While this is reasonabtgher end, when a person is not moving, the direction of motion



@ (b)

body model. Left: displayed on the original image (after distorsion%Igure 3: Initialisation (a) manually marked bounding box on the

Figure 2: The 3 bounding boxes associated with a projection of

original image, (b) the three bounding boxes from the 3D human
ody model corresponding to the initial state, projected on the
ndistorded image. Notice the strong specular reflections.

removal). Right: displayed on the foreground image. To build th
color histogram observations, only the visible foreground pixels are,
taken into account.

inside the candidate bounding boXgsassociated with the staxg.

should play (almost) no role. This behaviour is achieved by selecty; .o however that only the pixels labeled as foregroundirare

ing the variancesg, , (vi_1) according to: used to build the histograms. The use of different regions allows
to add spatial layout information in the model. Consequently, the
1 _ 1 ( b) (11) computation of the normalized multidimensional histogram results

04 (V1) o Viow in a vectorb(X,) = (b) (X)) j=1.n, whereN = 3 x (N x Ns x Ny )

) ) ) with Ny, Ns andNy representing the number of bins along the hue,
where Vo, denotes a small motion magnitude above which onesaturation and value dimensions respectivily£ Ns = Ny = 10).
wants to seriously align the body orientation with the direction ofat time t, the candidate color model %) is compared to a refer-
motion, andagmot is the default variance in absence of motion. ence color modeb,ef. As a distance measure, we employed the

Bhattacharyya distance measure [1, 2]:
2.4 Observation Model

The observation model(g|X) measures the likelihood of the ob- N
servation for a given state value, and is the main component of the Dpnat (D(Xt), bref) = [ 1- 3
tracker. In the following, we present its implementation in the single =1

camera tracking case as well as its extension to multiple cameras. o )
! ! . f >col and assumed that the probability distribution of the square of this
Singlecamera case: The observationz = (2", 2% are composed  gjstance for a given object follows an exponential law,

of two parts: a foreground binary map’ obtained from back-

N\ 12
bl (Xt)bﬂef> (16)

ground subtraction and color observati@® gathered in the form Peol (200' |zf,xk) 0 exp{—Aphat Dghat(bk(xk)7 bref)}- 17)
of multidimensional histograms. We have modeled the likelihood
as the product of two terms: We used the histogram computed in the first frame as reference
model [1, 2].
P(ZIX) = pe (2127, X)p1 (2" 1X) (12)

Multiple camera case: Due to the 3D state-space and particle fil-

ter approach, the only algorithmic modification to account for the

Q(Q/ailaibility of several cameras consists of modifying the likelihood

illustrated in Fig. 2 term. We have now observations for each of the camera view:

Back d i ) Z = (Zy)y=1..N,» Where each camera view observations are com-
ground component:

. f .
The foreground likelihood is modeled as: posed of foreground and color observatids= (Z,,2{), as in
the single camera case, aNgldenotes the number of camera views

which we now describe. In both cases, the measurements rely
the bounding boXR;,i = 1,2, 3 corresponding to each body part, as

3 where the object is visible. Assuming that the observation are inde-
ps (Z71X) = ps (mX) = |‘| p(1s) (13)  pendent given the state value, we can model the joint camera likeli-
b=1 hood as:
. ) Ny(X) WX)
whererr= [, Tb, 78]', 75 denotes the percentage of pixelsirthat p(ZIX) = |—| p(Zy|X) (18)
belong to the foreground. The individual likelihood are modeled as: V=1
1 f b where each (Zy|X) is itself defined according to Eq 12, aNgl(X
P(Th) = Ct—eexp(—)\bA ¢ (”5)) (4 genotes thetfulml))er of camera in which the object located a)lt state
X is visible. Importantly, in this model, we have normalized the
whereCte is a normalization factor, andl() is defined as: likelihood by taking the geometric mean of all the single view like-
lihoods, so that the overall likelihoods of states/objects which are
1—That, X < Tpot visible in a different number of cameras are still comparable.
¢(x) =< 1—exp(—A1-(Top—X)), X< Trop (15)
1—exp(—A2- (X—Thop), X>Tiop 3. RESULTS

where we defind; andA; values for different body parts. Alterna- The evaluation protocol is the following:

tively, p(s,) can be learned from training data. Notice thatin Eq 14,Data We used three 2h30 minutes of video footage captured by
the term in the exponential is weighted by the akaf the bound-  three different cameras in the Torino metro station (one camera view
ing boxRy. Thus, there will be less probability variations w.r.t. to is in Fig 2, Fig. 3 shows a second view. A third camera looks at the
observations for small regions than for large ones. scene from a symetric position at an opposite location w.r.t. the
Color model : camera of Fig. 3). The sequences are very challenging, due to the
As color models we used multidimensional color distributions rep-camera view points (small average people size and large people size
resented by normalized histograms in the HSV space and gathersdriations in a given view, occlusion), and the presence of many



specular reflections on the ground which in combination with cast 100-Pereentage of correct tracking up to T% of its duration
shadows generate many background subtraction false alarms. In ad-

dition most people are dressed with similar colors. The background
subtraction was obtained using a robust multi-layer algorithm [9].

In order to compare the single and multiple camera tracking cases,
we adopted the following annotation scheme. A set of ground truth
tracks was annotated. For each track, the corresponding person was
tagged from his entrance in the field of view of one camera until
his disappearence of the same view. This segment of the ground — iuitipie camera tacking
truth will allow us to measuren the same data the improvement ol—=Single camera tracking
of the tracking due to the use of multiple cameras (E1 scenario). ° 02 04 y 06 08 1
Then, the track ground truth was prolongated as long as the person
remained visible in any of the 3 views until the person completely
disappeared from the scene (E2 scenario). The annotation consisted
of the person’s bounding box and the camera number it appears in,
gathered every second. A representative set of people were tagged
in medium crowding situations, for a total of 36 people. We will
denote E1 the single camera tracking scenario, where only the first
part of the track is used (the person is visible in one given camera
only), and E2 the multi-camera scenario where the full track is used

as ground truth (the person is always visilsi¢he scene). The aver- e e ey
age duration of one track is 35 seconds in the E1 scenario, and 46s % 1o T bor 30 20
when considering the full length of the tracks in scenario E2, for a

total of around 8000 frames. Figure 4: E1 scenario. Comparison of the tracking results when us-

Performance measure: For each of the person, the bounding box ing one or multiple cameras. Top) the tracking success rates. Bot-
sequence of the ground truth is compared with the bounding box s Qm? for each ‘:rlatchk ]Eh$ average F measugg Fcomputed only on
quence produced by the tracker. A coverage test is passed to ass rames unti the tailure occurs.

whether the output region of the tracker matches that of the ground

B [} ®
o o [=]

Percentage of correct tracking

N
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Average F—measure for each tracking
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truth. It consists in computing the following measures: which the tracked person appears is changing (esp. increasing), i.e.
the person is about to appear in a new view. In this situation, the
|B NBY| BrnBY| 1 1/ 1 1 algorithm usually gives preference to particles with less measure-
Teoval = — 57 Pevad = gt = —5| — +— ments, as they may provide a better (geometric) average likelihood
B B 'Faal 2 \Peal Teval

(cf Eq. 18) since the current 3D state estimate might not allow for

where|.| denotes the set operator (the area), @ag and peval good person localization in the new vigwand the tracker is mo-
denote the precision and recall measures between the ground trJiiENtarily ‘locked to match a single view mesurements, and the
and tracker bounding boxe&% and3!", respectively. In order to track is lost. To address this issue, one approach could be to enforce
have a good match, both these measures needs to be high, and #iging all particles at each time step to rely on the same number of
is reflected in the Fmeasurag. Thus, if Fag is higher than a  VIEW measurements, or to exploit a proposal that would include in-
threshold , (in practice we used 0.2) we say that the tracker matcfiormation from the new view. Note however that multiple cameras
the ground truth, otherwise not. Note that as soon as the coveragdOWs o cover more space and track people for longer periods, and
test is not satisfied at one instant, the tracking is said to have failefiat from other qualitative experiments we conducted, it was shown
for the rest of the sequence. As performance measures, we rep at multi-camera improves the results and the robustness of the
the percentage of times the tracker was able to successfully tradk2cKing (€.9. we were able to correctly track a person for more than

the person up to T% of its full appearence duration in the camera? Minutes in the hall in presence of many simultaneous occlusions,
(scenario E1) or in the scene (scenario E2). which was not possible with a single camera). Also, while 2D local-

) ) ) ization was not improved in the 2D view that was ground truthed to
Thealgorithm: Currently, assuming a 'tag-and-track’ scenario, we evaluate the precision of the tracking (Fig 4b)), we could observed
assume that an initial bounding box is manually marked on the origa petter 3D localization on the ground plane (which is more difficult
inal image as shown in Figure 3(a). The bottom central point wasgg evaluate though).
used to initialize the person’s location on the ground plane. Therg study the compromise between computational ressources and
height of the transformed bounding box was used to compute initracking robustness, we evaluated the results by varying the number
tial person height. Based on this initial state, we project the usegf particles in the sampling approximation. As expected, there is a
3D human body model to get three bounding boxes projected ontgrop in performance when diminishing this number, but it is not dra-
the warped image as shown in Figure 3(b). These three projectgfiatic. Also, when using more than 200 hundred particles, we can
bounding boxes are subsequently used to compute the object refee that there is no specific improvements (differences can be due to
erence multi dimension histograrhmportantly, note that for the  random fluctuations since the tracking process is stochastic). With
multi-camera case, only this single reference histogram computegg particles, the algorithm runs at approximately 4 to 2 frame per
from the initialization view is Used, even if the person is seen fron’gecond for Sing|e camera tracking, and around 1 to 2 frame/sec in
another camera view in the initial state. Finally, all model param+the multi-camera case. Most of the time is indeed spent in the back-
eters were set to standard values and kept identical for all experground subtraction algorithm. Finally, Figure 6 shows than when
ments. tracking the people in the whole scene, the performance remains
Results: Figure 4a) presents the tracking results in the E1 scenarigdPproximately the same. One can notice a performance drop at the
Overall, the results are quite good, demonstrating the robustne€$id of the tracks. This is mainly due to the fact that most of the
of the algorithm, even with a single camera, and despite the predtacks end up beyond the gates (see camera view in Fig. 2): the per-
ence of full occlusions in the majority of the tracks. Surprisingly, Son is therefore very small, partially occluded (bottom of the legs
the use of multiple cameras is performing similarly to the singlenot visible), and visible only in one view.
camera case, although the errors do not appear for the same tracks. Finally, Figure 7 illustrates on one typical example the tracking
While the use of multiple cameras allows to correctly track severafesult with a single camera.
people that were missed when using a single camera, it also intra-
duces some rare and spurious errors when the number of views in Note also that the color model was not learned on the new vievelis




Figure 7: Single camera tracking result. Initialization at time Os in Fig. 3.ltesat time 4.6s, 28s, 29s, 31s, 32s, 34s. a) the person is
buying tickets at the vending machine, b) leaving the vending machinglgarclusion d) and e) before and after full occlusion.
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Figure 5: E1 scenario. Tracking performance in function of th
number of particles used. a) single camera tracking b) multiple
camera tracking.
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