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Study on recognition method of crown word number

for RMB paper money

CHEN Zhengwei, ZHU Jianhua, ZHOU Lii, LIU Liu

(Center of Engineering Practice, Zhejiang University of Science and Technology, Hangzhou 310023, China)

Abstract: Slant correction method and pattern recognition algorithm are two key techniques in
the RMB crown word number automatic recognition technology. According to the advantages of
Hough transform method and the least squares method in line detection, a method combining
Hough transform and the least squares is proposed to detect the edge line of the paper money
image and find the angle parameter of the edge line. Image rotation algorithm is used to rotate
the slanted image to get the correction image. Hopfield neural network, based on its function of
association and memory, is designed to reduce the difference between the unknown pattern and
the standard pattern. Pattern match method is programmed to recognize the output of the Hopfield
neural network. Experiments show that RMB crown word number automatic recognition technology,
based on Hopfield neural network and pattern match algorithm, has high recognition rate.
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Fig.2 Comparision (a) image before slant correction; (b) image after slant correction
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Fig. 6 Flow chart of pattern recognition combining Hopfield neural network with pattern match algorithm
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