108 &% A

olr‘

g A A 54y AAHETY FEH o] A7 34 Aejde B4 HRE M

X 95-32B-12-12

S Al NS N8 2R ARz T olg) A7 37
Alelols) 24

(Implementation of Hybrid Neural Network for
Improving Learning ability and Its Application to
Visual Tracking Control)

& B, FNEHEHT, MAEFE
(Kyong-Min Kim, Joong-Jo Park, and Gwi-Tae Park)

o ok
P-4 =

B =TlMe AlAE 2] < A8 NAE] $1%t B8 (hybrid) A3l 25e] Ajgt=|eizln). #}7]
zA)5} A7z 2de] BAnl AAa gl AMEE oS AEE 2de] A4S Zgksle] A A
tElE 2dd SpAzte] ©@Ee Ehpells] ] AE R gloh AR By AR g
Ak A7re &) el 2R xE4E HA Soh i, aelx #2] A&3E AMRY o] |3k
Z742o| 4] 7} x=o] ubg- W4 (responding region)S ¥ o AMESIct B =FoAE, At B34y
AAZ 2ke] F84S 23] 9a XOR <9} 3Bit Parity?] ¥-& ul$, J2ln 2% 2R ee] or|pst
o} sell whal Hgsted rjEe] dAdw) gaubE(BP) Y wlaseizlct, awly oz Algkl A=
PUMA5S60 2R E vhjEdolele] AztAgAlofo] -85z},

Abstract

In this paper, a hybrid neural network is proposed to improve the learning ability of a
neural network. The union of the characteristics of a Self-Organizing Neural Network model
and of multi-layer perceptron model using the backpropagation learning method gives us the
advantage of reduction of the learning error and the learning time. In learning process, the
proposed hybrid neural network reduces the number of nodes in hidden layers to reduce the
calculation time. And this proposed neural network uses the fuzzy feedback values, when it
updates the responding region of each node in the hidden layer. To show the effectiveness of
this proposed hybrid neural network, the boolean function(XOR, 3Bit Parity) and the solution
of inverse kinematics are used. Finally, this proposed hybrid neural network is applied to the
visual tracking control of a PUMAS560 robot, and the result data is presented.
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Fig. 1. The structure of backpropagation
neural network.
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Fig. 2. Block diagram of backpropagation
learning algorithm.
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Fig. 6. A two-link planar robot used in the
experiment.
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Table 9. Specification of PUMA 560 Robot.

Joint iJ 8, a; a; l d; Joint range
1 90 90 0 J 0 -160 to 160
2 0 0 431.8mm | 149.09mm | -225 to 45
3 t 90 90 | -20.32mm 0 -45 to 225
4 I 0 -90 0 433.07Tmm | -110 to 170
5 0 90 0 0 ~100 to 100
6 | 0 | 0 0 | 56.26mm | ~266 to 266 |
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Fig. 8. Tracking error of randomly moving
object.
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Case 3 Object is in third qua-
drant.
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