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Selective Attention Mechanism for Mobile Robot based on Information Theory
o Takashi Minato and Minoru Asada
Dept. of Adaptive Machine Systems, Graduate School of Engineering, Osaka Univ.
Abstract— For autonomous robots, the visual attention is important problem. In this paper, we propose

a method which enables robots to learn to which features they should attend to accomplish the task. The
method is based on information theoretic criteria that seek to maximize information gain. We apply the

method to a mobile robot navigation problem.

Key Words: selective attention, information theory, navigation
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(a) Feature patterns

(b) Detected images

Fig.1 Robot view
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Fig.2 Successful trajectory

Table 1 Selected features

t | features act t features act
1 fcfd arf 40 fc arf
2 fe fa ar 48 fe fn af
3| fe fa ar || 49 | £ as
11 | fe fa fo ar || 54 | fe fo fa af
12 | fe fa fu fo ap 55 fe fo af
22 | fe a; 77 fe fo a;
23 fc arf 78 fcfh Ay
24 | fe ay 83 | fe fu [n ar
25 | fe fo ar 85 Je fa fn af
30 | fe fo ar 86 fe fo fn fa ar
31| fe fo af 93 | fe fa ar
39 | fe fo fn ar 104 | fe fu fo as
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