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FNN MODEL FOR MULTI-FONT CHARACTER RECOGNITION’

WANG Lei QI Fei-Hu

{Department of Computer Seience and Engineenng. Shanghai Jtaciong University , Shanghat 200030 China!

Abstract A novel fuwzy neural network (FNN) model for multi-font character recagnition
was presented . which can efficiently process the fuzzy pattern classification problem. This
FNN model is built by fuzzifving the input layer, curput layer and the training algerithm
of a conventional multilaver perceprron (MLP). The simulation with a lot of multi-font
character samples shows that the FNN presented here can get a high recognition rate. and
has low sensitivity for different character fonts in comparison with classical MLP, Alsc,

this FNN is proved to have a good rohustness.

Key words fuzzy neural metwork (FNN).,multi-font character recognition. recognition

rate,
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