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A study on the characteristic analysis and correction of non-linear bias
error of an infrared range finder sensor for a mobile robot

Yun-Su Ha' - Hon-Hui Kim"

Key words : Non-linear bias error(¥ 43

e1x] #¢l), Mobile robot

(el

Hg 234, Infrared range-finder sensor(& &4 4l
Z22), Neural network(Al73 29

Abstract

The use of infrared range-finder sensor as the environment recognition system for
mobile robot have the advantage of low sensing cost compared with the use of other
vision sensor such as laser finder, CCD camera. However, it is not easy to find the
previous works on the use of infrared range-finder sensor for a mobile robot because of
the non-linear characteristic of that. This paper describes the error due to non-linearity
of a sensor and the correction of it using neural network. The neural network consists
of multi-layer perceptron and Levenberg-Marquardt algorithm is applied to learning it.
The effectiveness of the proposed algorithm is verified from experiment.
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Fig. 1 Structure of PB9-01

Object

PB9-01

Fig. 2 Scanning range and direction of PB9-01

Table 1 Specification of PB9

Item Specification
Power source DC24V
Response time 160msec
Detection distance 10 to 300 Cm
Scanning angle 162°
Interface RS-232C
Weight 500g
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Fig. 3 Experimental environment to analyze the
characteristic of PB9-01
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Fig. 4 Results of distance measurement using
PB9-01
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Fig. 5 Probability density function of measured
data (50cm)
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Fig. 6 Probability density function of measured
data (100cm)
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Fig. 10 Structure of Neural network
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