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A Design of a Massively Parallel Model and its Learning
Algorithm for a Self-Organization Neural Network
Pattern Recognition System
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ABSTRACT

We propose a neural network model and an unsupervised learning algorithm for pattern recognition
of a task easily accomplished by human being. Our learning algorithm is based on modified
Scofield’s learning algorithm in order to calssify nonlinear patterns as well as binary patterns.

Training patterns for evaluarion of recognition ability consist of numbers (2, 4), alphabets(A, B,
F) and consonants of Hangt:. -1, v). As a result of learning, our learning algorithm recognize
training patterns correctly e 2n "vnlinear patterns.
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Fig.2. The Neural network model for recognition a visual patterns
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Fig.4. The result of recognition for test patterns
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