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Fig. 2 The flow diagram of the visual network training algorithm
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Fig. 5 (a) nimage through neighborhood interconnection, (b) the first layer output of the visual network
with the threshold value equal to 4/5¢i. (¢) the pattern of LC panel 2, (d) the pattern of L.C panel
3, (e) the output of the visual net
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A Visual Pattern Recognition Network and Optoelectronic Implementation

Wang Ning Liu Liren
( Shanghai Institute of Opiics and Fine Mechanies, The Chinese A cademy of Sciences, Shanghai 201800)
(Received 30 October 1995; revised 4 M arch 1996)

Abstract A visnal pattern recognition network and its training algorithm are
proposed. The network is constructed of a one-ayer morphology network and a
two-ayer modified Hamming net, which can implement invariant pattern recog—
nition corresponding to image translation and size projection. After supervised
learning, the visual network can extract image features and classify patterns.
More over an optoelectronic architecture for real-time pattern recognition is pro—
posed.

Keywords visual pattern recognotion network, training algorithm, opto—

electronic architecture.



