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Fig. 6 Detected players of the black and white team.

use of more complex detectors would increase the track-
ing performance. Figs. 5 and 6 show the output of every
detector for an image of the dataset. Notice that there
are missing and false detections due to object occlusions
and clutter.

Fig. 7 shows a simple cross between two rival play-
ers, who keep their trajectories along the occlusion event.
The first row shows the original frames with a blue square
that encloses the players involved in the simple cross.
The second row shows the image regions inside the previ-
ous blue squares and the object detections marked with
crosses. In the last row, the computed tracked objects
have been enclosed in rectangles and labeled with identi-
fiers. Since the objects belong to different categories, the
data association is simpler because the detections can be
only associated to objects of the same category. A conse-
quence is that the marginal posterior pdfs of the trajec-
tories of the involved objects are unimodal rather than
multimodal. This fact can be observed in Fig. 8, where
the samples represent the means of a mixture of Gaus-
sians that approximate every marginal posterior pdf.

In Fig. 9 a complex cross involving three players, two
of them from the same team, is shown. In this case, the
object trajectories change their direction during the oc-
clusion event. This situation is more complex than a sim-
plex cross since there are several feasible hypotheses for
the object dynamics and for the data association. The
presented tracking model achieves to successfully track
the objects because it is able to compute and manage
several hypotheses of object behaviors and data associ-
ation. In this case, the marginal posterior pdfs of the
involved object trajectories are multimodal, as it can be
observed in Fig. 10.

Fig. 11 shows an overtaking action involving three
players, two of them belonging to the same team. In
this situation, the object trajectories keep their direc-
tion during the occlusion like in a simple cross. But, the
duration of the occlusion is usually much longer than
that for a simple cross. This fact implies more missing
detections and a higher uncertainty in the object behav-

ior, and consequently a greater complexity. This leads to
multimodal marginal posterior pdfs, as shown in Fig. 12.

The proposed tracking algorithm has been compared
with the Rao-Blackwellized Monte Carlo data associa-
tion (RBMCDA) method [18], a state-of-the-art tracking
algorithm for multiple objects. Its main characteristics
are the ability to handle false and missing detections, and
the use of the Rao-Blackwellization technique to achieve
accurate estimation in high dimensional state space. The
main difference with the algorithm proposed in this pa-
per is the lack of an interacting model, which limits its
ability to handle object interactions.

Table 1 shows the tracking results for both algo-
rithms, the RBMCDA method and the one presented
in this paper, which will be called by analogy Inter-
acting Rao-Blackwellized Monte Carlo data association
(IRBMCDA) method. The results show the number of
tracking errors in a set of interacting situations extracted
from the camera 3 in the ‘VS-PETS 2003’ dataset. Situ-
ations not involving object interactions or occlusions are
not considered since they are handled almost perfectly,
avoiding in this way that the good results obtained in
non-interacting situations obscure the real performance
in interacting ones. A tracking error is considered to oc-
cur when the distance between the object positions of
the estimation and the ground truth is greater than a
specific threshold determined by the object size. There
is no tracking reinitialization in the case of tracking fail-
ure, which allows to test the failure recovery capability
of the considered techniques.

The results show that the proposed algorithm clearly
outperforms the RBMCDA method in complex crosses,
which are the most challenging interactions. The reason
is that the RBMCDA method cannot handle trajectory
changes during occlusions, since it assumes that the in-
volved objects keep invariable their trajectories. On the
other hand, the proposed IRBMCDA method explicitly
considers this situation computing several object behav-
ior hypotheses. In overtaking actions, the performance
of the proposed method is slightly better, and the im-
provement is more noticeable when the duration of the
interaction increases or the object velocities vary during
the occlusion. In simple crosses, both algorithms cor-
rectly estimate the object trajectories since there are no
changes in the object trajectories.

The main source of errors arises from situations in-
volving players of the same team, since there is not
enough information to reliably estimate the data asso-
ciation. A more sophisticated object detector would be
needed, which provides richer information such as pose
and shape. In spite of this fact, the tracking algorithm
is able to identify when the trajectory estimation is not
very reliable, since its variance is significantly higher in
these cases.


