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Fig.1 Diagram of a three — layer neural network
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Fig 2 'The output of the neural network Fig 3 'The errors versus the training
trained by LM or SBP respectively time by using IMPR and SBP

[ 1 BUURMAN J, BIERHUIZEN D J] W. A two stage object identification system in the deft intelligent assembly cell
[J] . SPIE, 1990, 1386 185~ 196.

[2] BESLP J JAN R C. Three-dimensional object recognition| J] . Computer Surveys 1995, 17C 1. 75~ 145.

[ 3 HUANG S H, ZHANG H C. Neural-expert hybrid appmwach for intelligent manufacturing: A survey[ J] . Computer in
Industy, 1995 26; 107 ~126.

[4 XUH Y. BRIRD C R. Synergisn of neural network and expert sy stems for system identification] J] . Expert System
with Applications 1992, 5. 25~ 33.

[ 55 ROTH M W. Survey of neural network technology for automatic target recognition| J| . IEEE Transactions on neural
networks 1990, 1(1). 28~ 43.

Learning Mechanism for Parts Recognition
in Stereoscopic Neuro-vision System

XIONG Yin-gen X

Abstract: A learning mechanism for parts recognition (LMPR) in a stereoscopic nuro-vision system is
pesented. It differs from the mechanism used in the standard back propagation (SBP) neural network
in two ways. First, the searching direction is changed from the negative gradient direction to the vari-
able metric direction. Secondly, the constant learning rate is changed to a variable optimal learning
rate. With the combination of variable metric direction and variable optimal learning rate, the speed of
the training pocess is greatly impoved and the convergence is assured. Application examples are pre-
sented. The results have indicated that the poposed IMPR is superior in wmparison with the SBP in
the areas of learning speed, convergence and stability.
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