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Trajectory Recovery Using Goal-directed Tracking

Seon Ho Ohf, Soon Ki JungH

ABSTRACT

Obtaining the complete trajectory of the object is a very important task in computer vision applications,
such as video surveillance. Previous studies to recover the trajectory between two disconnected trajectory
segments, however, do not takes into account the object’s motion characteristics and uncertainty of
trajectory segments. In this paper, we present a novel approach to recover the trajectory between two
disjoint but associated trajectory segments, called goal-directed tracking. To incorporate the object’s
motion characteristics and uncertainty, the goal-directed state equation is first introduced. Then the
goal—directed tracking framework is constructed by integrating the equation to the object tracking and
trajectory linking process pipeline. Evaluation on challenging dataset demonstrates that proposed method
can accurately recover the missing trajectory between two disconnected trajectory segments as well as
appropriately constrain a motion of the object to the its goal(or the target state) with uncertainty.
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Fig. 1. Flowchart for goal—directed tracking framework.
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Fig. 3. Qualitative result of trajectory recovery.'dot’on
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truth and recovered location, respectively.
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Table 1. Quantitative comparison of the mean of mean absolute error (MMAE) of trajectories and the mean absolute
error over all points on the trajectory.

MMAE(pixel) MAE (pixel)
[15] [19] GDT [15] [19] GDT
X 2.2540 2.3148 1.9138 2.7902 2.8402 2.4105
Y 1.1667 1.2107 0.7731 1.2427 1.2817 0.8458
Total 2.7655 2.8411 2.2068 3.3165 3.3803 2.7045
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