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3 Bayesian tracking model for multiple

interacting objects

The aim is to track several interacting objects from a
static camera. From a Bayesian perspective, this is ac-
complished by estimating the posterior probability den-
sity function (pdf) over the object trajectories p(xt|z1:t)
using a sequence of noisy detections and the prior in-
formation about the object dynamics. This probability
contains all the required information to compute an op-
timum estimate of the object trajectories at each time
step. The information about the object trajectories at
the time step t is represented by the state vector

xt = {xt,i|i = 1, . . . , Nobj}, (1)

where each component contains the 2D position and ve-
locity of a tracked object. The number of tracked objects
Nobj is variable, but it is assumed that entrances and ex-
its of objects in the scene are known. This allows to focus
on the modeling of object interactions.

The sequence of available detections until the cur-
rent time step is represented by z1:t = {z1, ..., zt}, where
zt = {zt,j |j = 1, . . . , Nms} contains the set of detections
at the current time step t. The number of detectionsNms

can vary at each time step. Each detection zt,j contains
the position of a potential object, and a confidence value
related to the quality of the detection. Detections are ob-
tained from each frame by means of a set of object de-
tectors, where each detector is specialized in one specific
type or category of object. Detections have associated an
object category identifier according to the object detec-
tor that created them. In addition, some of the computed
detections can be false alarms due to the clutter, and also
there can be objects without any detection, called miss-
ing detections, as consequence of occlusions and changes
in the object appearance and illumination.

The detections at each time step are unordered and
partially unlabeled. The object category of a detection
is known, but its correspondence with a specific object
inside a category is unknown. Consequently, the data
association between detections and objects has to be es-
timated. The data association is modeled by the random
variable

at = {at,j |j = 1, . . . , Nms}, (2)

where the component at,j specifies the association of the
jth detection zt,j . A detection can be associated to one
object or to the clutter, indicating in this last case that
it is a false alarm. The association of the jth detection
with the ith object is expressed as at,j = i, while the
association with the clutter is expressed as at,j = 0.
Fig. 1 illustrates the data association process between
detections and objects.

The prior knowledge about the object dynamics is
used to improve the estimation of the object state, as
well as to reduce the ambiguity in the data association
estimation. The proposed interacting dynamic model pre-
dicts different object behaviors depending on the events

Fig. 1 Illustration depicting the data association between
detections and objects.

of occlusions. This fact implies that the object occlusions
must be estimated. The object occlusions are modeled
by the random variable

ot = {ot,i|i = 1, . . . , Nobj}, (3)

where each component stores the occlusion information
of one object. To express that the ith object is occluded
by the lth object, ot,i = l is written. And, if the object
is not occluded, it is expressed as ot,i = 0.

Fig. 2 Graphical model for multiple object tracking.

The variables at and ot are necessary to estimate the
posterior pdf over the object trajectories. This fact can
be observed in the graphical model of Fig. 2, which shows
the probabilistic dependencies among the different ran-
dom variables involved in the tracking task. According
to this, the posterior pdf is expressed as

p(xt|z1:t) =
∑

at

∑

ot

p(xt,at,ot|z1:t), (4)

where the joint posterior pdf can be recursively expressed
using the Bayes’ theorem as

p(xt,at,ot|z1:t) =

=
p(zt|z1:t−1,xt,at,ot)p(xt,at,ot|z1:t−1)

p(zt|z1:t−1)
, (5)


