TRACKING WITH BAYESIAN NETWORKS: EXTENSION TO ARBITRARY TOPOLOGIES
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ABSTRACT

It was recently proposed an object tracking method which
is able to deal with object occlusions and group tracking, us-
ing Bayesian networks. The Bayesian network (BN) tracker
has shown promising results in difficult situations but its ar-
chitecture is limited to a maximum of 2 parents/2 children
per node, in order to avoid the combinatorial explosion and
difficult network generation procedures from the video sig-
nal. This paper addresses the major limitation of the BN
tracker and presents a method to generalize the tracker to
cope with arbitrary topologies, allowing the tracker to oper-
ate in more complex scenes.

1. INTRODUCTION

Object tracking is a key operation in video surveillance ap-
plications. It aims to track all the moving objects present in
the scene, allowing the system to automatically follow and
recognize each object and to characterize human activities.

Unfortunately, this is not an easy task, even in the case
of static cameras, since the objects are often occluded by the
background or by other moving objects. To solve these dif-
ficulties, several solutions have been proposed based on dif-
ferent types of video analysis techniques e.g., multiple hy-
pothesis tree [1], particle filters [2], joint probabilistic data
association filter [3] or heuristic algorithms [4].

Another difficulty concerns the presence of groups of
people in tracking operations. This problem raises interest-
ing challenges since it is not easy to track a person inside a
group or to recover the track after the group is split. Works
in this area are described in [3, 6].

We have recently proposed a tracker which is able to
deal with occlusions and groups. This tracker uses Bayesian
networks (BN) [7] to model the interaction among multiple
trajectories and allows to correct errors when new informa-
tion is retrieved from the video signal [8, 9].

Although the tracker is able to disambiguate difficult
situations with occlusions and groups, the topology of the
Bayesian network has to be severely restricted, in order to
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keep the solution within reasonable complexity bounds. Na-
mely, each node of the network can only have a maximum
of two parents or two sons. This paper proposes a solu-
tion to overcome this difficulty and to consider more general
topologies.

The paper is organized as follows. Section 2 briefly re-
views the BN tracker proposed in [8]. Section 3 described
the extension of this tracker to arbitrary topologies. Section
4 presents experimental results and Section 5 concludes the

paper.
2. BN TRACKER

The BN tracker detects moving objects in the video signal
assuming a static camera and extracts a set of object trajec-
tories by associating regions in consecutive frames. Every
time there is an ambiguity (e.g., occlusion) a new trajectory
is created (see Fig. 1). Each trajectory is denoted in this
context as a stroke and it may represent a single person or a
group of persons.

In a second step we wish to recognize each stroke i.e.,
we wish to assign a label x; which characterizes the ob-
ject associated to the ¢ — th stroke, assuming that we have
observed a vector of features y; associated to the i — th
stroke. The set of all the labels associated to strokes de-
tected before an instant ¢ is denoted by x and the corre-
sponding stroke features by y. Therefore © = (x1,...,z,)
and y = (y1,-..,Yn), Where n is the number of detected
strokes.

If the stroke represents a single object, the label is an
integer number. Is the stroke represents a group of objects,
the label is a set of integers, each one representing an object.
For example, z; = (2, 3) is a group with persons 2 and 3.

The tracking problem can be formulated as follows. Gi-
ven the set of observations y extracted from the video signal
until time ¢, we wish to estimate the stroke labels z. Assum-
ing that x, y are random variables, the most probable label
assignment is given by

& = argmaxp(z, y) (1)

A Bayesian network (BN) is used to model the depen-
dence among the x;,y; variables; each label x; is repre-
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Fig. 1. BN tracker: a) Stroke detection, b) Bayesian net-
work

sented by a node in the network which depends on a set
of previous labels a; (ancestor nodes). These dependen-
cies account for temporal restrictions (interactions) among
the strokes. The observations are also represented by nodes
of the Bayesian network and each y; depends on the corre-
sponding stroke label x;. Therefore,

p(z,y) = Hp(wi/ai)p(yi/wi) )

Figure 1 shows two processing stages. First a set of tra-
jectories (strokes) is detected. Then a BN model is automat-
ically generated. Inference is then performed using standard
techniques. (75 is a restriction node which guarantees that
the same object does not belong to multiple trajectories after
a split, see [8] for details).

The BN tracker operates as follows: the Bayesian net-
work is automatically updated from the video signal and in-
ference (label assignment) is periodically performed using
Murphy toolbox [10]. To avoid an increase of the model
complexity as time grows, only a limited number of labels
(corresponding to the most recent strokes) are estimated at
each instant of time. This mechanism is a way of forgetting
past information which is not useful for the current decision.

The network generation involves the computation of the
network architecture, admissible labels and node distribu-
tion from the video signal. This can be done using the pro-
cedures defined in [8] when the number of connections as-
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Fig. 2. Occlusion, merge and split topologies.

sociated to each node is small (maximum of 2 parents and 2
children per node). However, this is not enough to process
complex interactions among different objects since it pre-
vents the formation of groups of more than 2 persons meet-
ing at the same time or group splitting with a simultaneous
separation of many objects.

Unfortunately, the approach followed in [8] can not be
easily extended to deal with these situations since it is not
possible to characterize all the admissible topologies and to
define a conditional probability distribution for each one of
them.

A different solution for these difficulties is presented in
the next section which provides algorithms for the genera-
tion of Bayesian networks with unlimited topologies.

3. EXTENSION

It is easy to deal with simple occlusions, group merges and
splits with an arbitrary number of objects (see Fig. 2). The
main difficulty lies in the analysis of nodes simultaneously
produced by two mechanisms: merge and split (see Fig. 3a)
since it is not possible to define rules for all the admissi-
ble merge-split topologies with an arbitrary number of par-
ents/children.

To overcome this difficulty we propose to add virtual
nodes between each merge-split node and the parents in-
volved in the split (See Fig. 3b). In this way, we convert
a network with an arbitrary number of local topologies into
an equivalent network with only tree types of topologies:
occlusion, merge and split (Fig. 2). Therefore only three
types of rules have to be defined for label propagation and
for the node probability distributions.

These rules are natural extensions of the ones used in
[8] to deal with limited networks. In the case of occlusions

P(xy/x;) = { ioccl Th = T

where P, is the occlusion probability and P, = 1 —
P, 1s the probability for a new label /¢4, -
In the case of a group split,

3)

T = lnew

Pt/ (2N —2)  zp € P(ai)\wi
P(Ik/xz) = Poccl T = T4 (4)
Pnew T = lnew
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Fig. 3. a) Merge-Split topologies (light gray circles repre-

sent merge-split nodes) and b) decoupled topologies with
virtual nodes (dark gray circles represent virtual nodes).

where N; is the number of individual labels in the set x;,
Pqp1i: is the split probability (all subgroups are considered
as equiprobable) and P(x;) is the partition set of ;.

The conditional distribution of merge nodes is

Pyt .’Ek:xi,iez
P(wk/{mzaz EI}) = Pnew Tk :lnew
Prierge/L  otherwise
®)
where L is the number of merged groups.
The probability distribution of virtual nodes are defined
in the same way as a split node.

4. RESULTS

The proposed algorithm was used to track all the moving
objects in video surveillance sequences. To illustrate the
performance of the algorithm we will consider a short seg-
ment of video sequence with 7 people which interact form-
ing 6 different groups with different types of group merges,
splits and occlusions. Figure 4 shows 6 frames of the video
sequence with the overlayed bounding boxes, detected by
background subtraction [11]. This figure shows the inter-
action among several pedestrians with group merging and
splitting.

The low level processing detected 18 strokes which are
shown in Fig. 5a. This figure, shows the evolution of the
mass center (column) of each active region, as a function
of time. To characterize each stroke, 3 dominant colors are
extracted from the active regions associated to the stroke us-
ing a clustering algorithm. The Bayesian network extracted
from the video signal has 32 nodes as shown in Fig. 6 (ob-
servations nodes y; are not represented).

Fig. 4. Campus sequence: labeling results.

Figures 5b,4 show the output of the tracker. Figure 5b
shows the labels assigned to each trajectory by the Bayesian
network. Different labels are represented by different col-
ors. We note that the algorithm manages to correctly iden-
tify each of the pedestrians which belong to the group (1, 2,
3,4) after the group is split. Fig 4 shows the numeric la-
bels assigned to each bounding box in the case of isolated
pedestrians and groups. Labels obtained by the proposed
algorithm are consistent.

The Bayesian network was automatically updated from
the video signal every 5 sec. Inference results are also up-
dated at the same rate using the Bayesian Network toolbox
[10]. In order to avoid the increase of the network complex-
ity during the experiment, only the most recent nodes are
considered in the inference step. Specifically, in this exam-
ple we have considered a maximum of 6 nodes from the past
plus all the current strokes being followed.

The processing time associated to the network creation
and update as well as periodic inference was faster than real
time (73%) in a PC Centrino (1.8GHz) programmed in Mat-
lab.

5. CONCLUSION

This paper presents an algorithm for object tracking using
Bayesian networks which is able to deal with complex in-
teractions among multiple pedestrians. The proposed algo-
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rithms extends the BN tracker described in [8] by allow-
ing the use of arbitrary network topologies. Specifically,
we have removed the restriction of 2 parents-2 children per
node assumed in [8].

Future work should concentrate on complexity issues
and the characterization of the detected strokes in the video
stream which have been poorly represented by three domi-
nant colors.
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