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Research on unsupervised clustering method of Korean ancient
book character images based on DeepCluster

LIU Xiaotong, ZHAO Mengling, WANG Guirong, JIN Xiaofeng
( College of Engineering s Yanbian University s Yanji 133002, China )

Abstract: An unsupervised clustering method based on DeepCluster for Korean ancient text images was
proposed for improve the tagging efficiency of ancient Korean text images. Firstly, the AlexNet convolutional
network was simplified based on DeepCluster. Secondly, the linear transformation of Sobel filter was used to
eliminate the color in the image domain and increase its local contrast. Finally. data enhancement methods were
used to enhance the model for feature learning of Korean ancient text samples. Experiments on unlabeled
Korean ancient text images dataset show that the accuracy and NMI metrics of the method improve 15.32
percentage points and 0,180, respectively, compared with the DCN method, thus indicating that the method
can effectively improve the efficiency of text image labeling and can be further applied to the construction of
Korean ancient character annotation dataset.
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