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Learning of Discrimination of Aperture Widths by Back

Propagation Through Time Based on Visual Information

god o 0o oo, od g

o Takuya ANABUKI and Yoshiaki KATADA, Setsunan University

Abstract: Raw visual sensory signals are desirable for visual pattern recognitions in some kind of task.

However, either general mechanisms or methodologies to extract invariants from raw visual signals have

not been proposed in ecology and engineering. In this paper, recurrent neural networks were employed

using back propagation through time. Two types of visual signal were used. One was a binarized image

and the other was a full-color image. We conducted a series of real experiments with a cognitive problem

in order to investigate whether a robot can learn to judge the passability of openings relative to their own

body size using visual sensory signals.
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Fig.1 Unrolling a reccurent network in time to obtain a feed-

forward network
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Fig.2 Humanoid robot: HOAP3



(a) Full-color image

(b) Binarized image

Fig.3 CCD camera image plane
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Table 1 Observed aperture width by binarized image for the

distance between a robot and walls [pixel]

d, do 100 150 200 250 | 300
10 376 | 254 | 18.2 14.2 | 11.7
15 57.0 | 38.7 | 28.7 | 226 | 18.7
20 73.1 | 498 | 369 | 293 | 244
25 95.5 | 64.1 | 477 | 382 | 31.6
30 1153 | 780 | 586 | 479 | 39.1
35 135.1 | 91.7 | 69.0 | 55.3 | 46.1
40 155.1 | 105.0 | 79.4 | 63.5 | 53.5
45 174.6 | 1184 | 89.2 | 72.3 | 59.9
50 190.4 | 128.2 | 964 | 77.3 | 64.5
55 213.0 | 143.8 | 109.4 | 87.6 | 73.2
60 228.8 | 154.6 | 117.2 | 94.2 | 79.0
65 2524 | 1704 | 129.5 | 104.0 | 87.1
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Fig.4 Observed aperture width by binarized image for the

distance between a robot and walls
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Fig.5 Experimental setup for a real robot
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Table 2 Parameters of learning for the real experiment with

binarized image

w Ul
833 x 1077 | 1.04 x 1073
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Fig.6 Learning curves for the real experiment with binarized

image
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Fig.7 Generalization ability of the obtained ANN with bina-

rized image for each aperture width
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Table 3 Parameters of learning for the real experiment with

full-color image

w n
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Fig.8 Learning curves for the real experiment with full-color

image
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Fig.9 Generalization ability of the obtained ANN with

full-color image for each aperture width
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