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A Study on the Inverse Calibration of Industrial Robot(AM1)
Using Neural Networks
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Abstract
This paper proposes the robot inverse calibration
method using a neural networks. A highorder networks
has been wused. The
Pi-Sigma networks uses linear summing units in the

called Pi-Sigma networks
hidden layer and product unit in output layer. The
the
difference of joint variables only between measuring
analytic about the
pose(position, orientation) of a robot is proposed. The

inverse calibration model which compensates

value and value desired

compensated values are determined by using the
weights obtained from the learning process of the
networks  previously. To the
reasonableness, the SCARA type direct drive
robot(4-DOF) and anthropomorphic robot(6-DOF) are
that
method can reduce the errors of the joint variables
from £2° to £0.1° .

Keywords networks, Inverse calibration,
Digital signal processor, SCARA robot, AMI robot
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Fig. 1. Pi-Sigma neural networks architecture
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Fig. 2. Inverse calibration model

Fig. 2014 Pde 893sbe AAl, 6, Pdel gigt o 7]
T8+9] #(solution)ol™ ag = FE W wA g
ojt}, 18] Learning processolA Pme e53 3l
245 2R 2o, age ABG)A FE gholuy
86,2 A7 AZYPNN)Y st dAAM A" ol
=23

8452 Fig. 29 Leamning processol A &4 A( P,)9t
Aol de RAUAE BiF 22H aA0)E 4F dY,

133

2902 st ¢ 2%olM HdH Y Pi-Sigma 4174 =2
HINN)o digte] o]Fof A ojdf FFL o oF A
st guelgel A&l & e AFA W, WE AR
o

et o] gA ZAHE JHEAE ol8sdE awsle 2
2o Aol Wt 2UE W] QM 4008 AHA
o2 Hie) 7hsdtA €

4. v} 23

Zol AW A4 B A7ANN BAY F3 duy
Z8Q SM5st 43 ohibdd 2l AMICl disid A
Ntgch

41 291e 28

A48 SM5 2R AXEEE 71X = SCARAE A
% 9 (direct-drive type) 2302 I AL Fig 3
I
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Fig. 5. The results of learning of the SM5 robot
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Table. 1. The results of the inverse calibration in the
SM5 robot

unit : degree

. Before calibration After calibration
Joint
variable . . . .
Average | Deviation | Maximum | Average | Deviation | Maximum
61 0.480 0.320 1.276 0.097 0.075 0192
62 2.600 0.685 3.591 0.037 0.028 0.075
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Fig. 7. The results of the joint variables in the AMI
robot
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Table. 2. Comparison of the results of before & after
calibration in the AM1 robot

unit : degree

Before calibration After calibration

Joint
variable
Average | Deviation| Maximum | Average | Deviation | Maximum
61 1.188 0.851 2.810 0.019 0016 0.068

82 0.941 0.552 1.957 0.081 0.056 0.229

63 1.110 0.779 3.000 0.084 0.061 0.282

84 4834 0.686 6.064 0.090 0.070 0413 |

g5 5.247 0.830 6.89%5 0.055 0.047 0.255

[0 2433 1.062 4.611 0.075 0.059 0.381
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