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The Seal script is a one of the widely used ancient Chinese typeface in nowadays. However, most people today
cannot read the Seal script unless they have expert knowledge to read the glyph form. Moreover, there is virtually
no OCR system for Seal script due to the limited availability of historical documents in the Seal script and a small
number of image dataset. In this paper, we propose a method to employ generated image data as training data in a
character recognition model of handwritten Seal script, and aim to construct a retrieval system to support further
search of handwritten characters of the Seal script. This research focuses on typeface of the Seal script and, we
build augmented image data by inputting 1) the characters of the Seal script in Shirakawa font, a typeface based
on the results of Emeritus Shirakawa Shizuka’s ancient Chinese characters’ research, and 2) the corresponding
characters in Shuowen Jiezi font; into the zi2zi, a Conditional Adversarial Networks model. We conducted
experiments in the recognition of handwritten characters by using the generated images as training data.
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Figure3  Flow chart of proposed method
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Figure 5 A Seal script character extracted from a font
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