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ABSTRACT

Today many researchers use neural networks which simulate the
human ability +to help in data processing about learning, recognition
and patternA classification. Because it is flexible and can adjust
itself to learn +the changed environment. This paper employs the
back propagation princfple in learning to recognize the pattern of
characters with multilayer perceptron structure, one kind of neural
networks. It can apply for OCR to achieve formore accurately outcome.
The preliminary result of neural ﬁetwork by back propagation has shown
the ability to recognize well although the acquired input—-characters.

have bheen distorted due to noise or bad quality.
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