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Abstract As accessibility toward traditional cultural contents drops compared to its increase in
production, the need for higher accessibility for continued management and research to exist. For this, this
paper introduces an image classifier model for traditional images based on artificial neural networks, which
converts the input image'’s features into a vector space and by utilizing a RNN based model it recognizes
and compares the details of the input which enables the classification of traditional images. This enables
the classifiers to classify similarly looking traditional images more precisely by focusing on the details. For
the training of this model, a wide range of images were arranged and collected based on the format of
the Korean information culture field, which contributes to other researches related to the fields of using
traditional cultural images. Also, this research contributes to the further activation of demand, supply, and
researches related to traditional culture.
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[Fig. 1] Overall Model Structure
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<Table 1> Training Data
Catedo Number of Image 1D Number of
ooy Images 9 Keywords
Traditional Clothing 1608 900000 ~ 901607 4824
Traditional 68 901608 ~ 901875 84
Ornaments
Traditional Crown 268 901876 ~ 902143 804
Traditional Food 1072 902144 ~ 903215 3216
Traditional Buildings 670 903216 ~ 903885 2010
Traditional 5% 003885 ~ 904421 1608
Monument
Traditional kiln 263 904422 ~ 904689 804
Traditional Boat 402 904690 ~ 905091 1206
Traditional a2 | 905092~ 905493 | 1206
peninsula
Traditional Medicine 402 905494 ~ 905895 1206
Traditional 536 005896 ~ 906431 1608
Ceremony
Traditional 5% 90432 ~ 906967 | 1608
Literature
Traditional Music 670 906968 ~ 907637 2010
Traditional Paintings 670 907638 ~ 908307 2010

Traditional 2« 908308 ~ 908709 1206
Sculptures
Traditional Dances 670 908710 ~ 909379 2010

Traditional Ceramic

268 909380 ™ 909647

804
ware

Traditional Grave 268 909648 ~ 909915 804

Traditional Dolmen 134 909916 ~ 910049 402
80
60
20

1k 20k 73k 150k 200k 300k
[Fig. 3] Change of performance according to the

numbers of training
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<Table 2> Performance Comparison

Technique Error Rate

Inception-v3 model [13] 3.46%

GoogleNet model [14] 6.67%

Traditional Image Classifier 27.82%
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