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The Robot Inverse Calibration Using a Pi~-Sigma Neural Networks

Jae Won Jeong*, Soo Hyun Kim*, Yoon Keun Kwak*

ABSTRACT

This paper proposes the robot inverse calibration method using a neural networks. A high-order networks
called Pi-Sigma networks has been used. The Pi-Sigma networks uses linear summing units in the hidden
layer and product unit in output layer. The inverse calibration model which compensates the difference of

joint variables only between measuring value and analytic value about the desired pose(position, orienta-

tion} of a robot is proposed. The compensated values are determined by using the weights obtained from
the learning process of the neural networks previously. To prove the reasonableness, the SCARA type
direct drive robot(4-DOF) and anthropomorphic robot(6-DOF) are simulated. It shows that the proposed
calibration method can reduce the errors of the joint variables from +5 to +0.1 .

Key Words: Robotics(Z2% 38}, Pi-Sigma neural networks(Pi-Sigma 417 329 Inverse calibration(d 24).
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Table 1 The results of the inverse calibration in the KIRO-3

robot unit:degree
Joint Before calibration After calibration
variable Average | Deviation | Maximum | Average | Deviation | Maximum
[ 04750 0.3179 1.2758 0.0971 0.0746 0.1921
6, 26125 0.6760 3.5895 0.0372 0.0283 0.0748




R e e L e

x 10

- -
SRS

Energy function {degree)
o
o

0.8
0.4
0.2 4
c A A A A . |
[] 500 1000 1500 2000 2500 3000
Epochs

(a) Joint variable 1

x10°

~

o o L

Energy :‘:mcﬁon (degree)

)

0
<] 500 1000 1500 2000 2500 3000
Epochs
(b) Joint variable 2

Fig. 5 The results of learning of the KIRO-3 robot.
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Table 2 Comparison of the results of before & after
calibration in the KIRO-4 robot

unit:degree

Joint Before calibration After calibration
variable Average | Deviation | Maximum | Average | Deviation | Maximum
6 1.1876 0.8509 2.8072 0.0191 00161 0.0683
8 0.9398 0.5516 1.9469 0.0807 0.0559 0.2292
8 1.1101 0.7793 3.0000 0.0835 0.0611 0.2816
6, 4.8342 0.6857 6.0643 00901 0.0701 04134
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0 24334 1.0621 46107 00752 0.0594 0.3813
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