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The Improving Method of Characters Recognition

Using New Recurrent Neural Network
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ABSTRACT

In the result of industrial development, largeness and highness of techniques, a large amount
of information is being treated every year. Achive informationization, we must store in computer,
all informations written on paper for a long time and be able to utilize them in right time and
place, There is recurrent neural network as a model reusing the output value in learning neural
network for characters recognition. But most of these methods are not so effectively applied to it.

This study suggests a new type of recurrent neural network to classifyeffectively the static patterns
such as off-line handwritten characters. This study shows that this new type is better than those of
before in recognizing the patterns, such as figures and handwritten characters, by using the new J-
E (Jordan-Elman) neural network model in which enlarges and combines Jordan and Elman Model.
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