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Few -shot optical characters recognition method of Korean
historical document based on transfer learning

XUE Chunhan, JIN Xiaofeng
( College of Engineering s Yanbian University , Yanji 133002, China )

Abstract: To solve issue of low recognition accuracy in Korean historical document characters recognition with
lacking samples, a novel method of transfer learning based few-shot optical character recognition is proposed.
First, data augmentation fusing traditional and CDCGAN methods is exploited to expand scale of character-
segmented image samples. Second, for few-shot training task implementation with homologous-source tactics,
transfers the pre-trained model which is obtained by using abundant dataset to accomplish few-shot optical
character recognition of Korean historical document. Experimental results show that proposed data augmenta-
tion method meets the requirements of pre-training and few-shot learning. VGG16, ResNet18 and ResNet50
outstand performance on test dataset, and ResNet50 achieves the top accuracy at 99.72%. Therefore, the
proposed method is aeffective solution to solveisuue of few-shot Korean historical document optical characters
recognition, and the method is valuable for same issue in other languages.
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