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Super - resolution Reconstruction Algorithm for

Chinese Font Image Based on CNN
LI Xin'”*, LEI Yu - qing'”*, YAN yu'”’
(1. School of Computer Science and Engineering, Dalian Minzu University, Dalian Liaoning 116650, China;
2. Dalian Chinese Font Design Technology Innovation Center,Dalian Liaoning 116605, China)

Abstract; A super — resolution font reconstruction method for Chinese font generated images is
proposed to improve the accuracy of font image vectorization. In this paper, 9169 font images
generated by the network are reconstructed by combining the domain knowledge of font industry
and image processing technology. This method optimizes all network layers, uses bicubic inter-
polation to enlarge a single low — resolution font image to the desired size, and outputs a higher —
resolution font image by fitting nonlinear mapping with convolution neural network (CNN). The
experimental results show that the font generated by this method has higher resolution and can
assist font designers in font design better.
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