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Calligraphic Font Recognition Algorithm Based on Improved DenseNet Network

MALI Gen-Ting, LIANG Yan, PAN Jia-Hui, HUANG Jia-Lin, CHEN Xi-Lin, SHE Yi-Cong
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: Chinese calligraphy is one of the representatives of Chinese traditional culture. However, the different styles,
complex structures, and various distortions of calligraphic fonts have brought great obstacles to learning and appreciating
calligraphy for the public. A calligraphic font recognition algorithm based on an improved DenseNet ‘ne"twork is proposed
to solve the difficulty of ordinary people in interpreting calligraphy works. A regional weight ratio pooling rule is
designed to replace the maximum pooling and average pooling rules of the tra&itional DenseNet network. The Nadam
algorithm is used to adjust the adaptive learning rate and optimize the model training effect. In addition, a model pruning
strategy based on the pruning technology is proposed, which ensures a strong recognition performance and improves the
training efficiency of the model. The experimental results show that in a mixed font data set composed of four types of
fonts, namely the standard script, the running script, the clerical script, and the seal script, the proposed algorithm obtains
a recognition rate of 96.13%, which isﬂ better than those of the other five deep learning models.

Key words: deep learning; DenseNet; calligraphic font recognition; pooling rules; model pruning
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