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Dividing Occluded Humans Based on an Artificial Neural Network
for the Vision of a Surveillance Robot
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Abstract: In recent years the space where a robot works has been expanding to the human space unlike traditional industrial robots
that work only at fixed positions apart from humans. A human in the recent situation may be the owner of a robot or the target in a
robotic application. This paper deals with the latter case; when a robot vision system is employed to monitor humans for a
surveillance application, each person in a scene needs to be identified. Humans, however, often move together, and occlusions
between them occur frequently. Although this problem has not been seriously tackled in relevant literature, it brings difficulty into
later image analysis steps such as tracking and scene understanding. In this paper, a probabilistic neural network is employed to learn
the patterns of the best dividing position along the top pixels of an image region of partly occlude people. As this method uses only
shape information from an image, it is simple and can be implemented in real time.

Keywords: video surveillance and monitoring (VSAM), security robot, occlusion, probabilistic neural network
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Fig. 1. Robot vision system targeting humans.
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Fig. 2. Line connecting the utmost pixels: (a) Original image, (b)
Foreground image region, (c) Line extracted.



Journal of Institute of Control, Robotics and Systems Vol. 15, No. 5, May 2009 507

T
|I
¢!
p !
i
L
1!
1!
1!
il
p!
Il
!

Y

k k+1

T 3 AR sk AN FRA 7127,
Fig. 3. Partial slope of a line connecting the utmost pixels.
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Fig. 5. Procedure of dividing occluded people using a PNN.
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Table 1. Test results (Input vector size=7, o =1.1).
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