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Research on ancient ceramic type recognition based on deep learning
JU Wenhui, YU Xiyuan, ZHU Yuzhou, QIAN Wenquan, ZHENG Shengnan

(School of Computer Engineering, Nanjing Institute of Technology, Nanjing 211167, China)

Abstract; Ceramics have a long history in China and are of great significance in terms of culture, art and economy. The research
and appreciation of ancient ceramic cultural relics has always been a hot spot in related research, and various new technologies are
constantly being applied to them. Different eras have different characteristics of artistic expression, and the shape of ancient ceramics
is the most intuitive and significant feature of ancient ceramic cultural relics. With the rapid development of artificial intelligence
technology, using the existing ancient ceramic pictures as a dataset, the deep learning network VGG16 is proposed to realize the type

recognition of ancient ceramics and identify the type of porcelain, and the results demonstrates that the accuracy of the method could

reach 84%.
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Table 1  Statistics on the number of samples of each ancient
ceramic vessel type dataset
eSSl % UIGRERAL SiRERAR Bt
0 188 23 211
7 1 101 14 115
i 2 298 34 332
RN 3 229 27 256
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Fig. 2 Comparison before and after resizing
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Fig. 6 Accuracy of validation set
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Table 3 Results of test set %
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