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Supporting Famous Painting Habruta

=8, ddw
SHgsta B ZYAITHER S

Hyeyoung Moon(data@kookmin.ac.kr), Namgyu Kim(ngkim@kookmin.ac.kr)

20

StHge m8L A4S Aof Hafhn EEsky Asks WA0 AE F4 meoln, 53] W} suseis
Wolol oje B UL ol 190 B 5AL SUST BAYS FRp 3] 9% BHo= A9
39tk B ATolNE B qwoz o 9o} shusets AUsl] 98, H4l geld 714S B8t
53} %xo Q120) 8 BN AEES 45O Gk Y ANTT FAHOR B AL A
AotEudel VGG16S HoR 548t A2 F49 nHEgE suste] U 9E A aido
= 29w ¢ Qe B ARt B YT 4L W} StEFElA ASEE A AR, AN FE,

a9 A8 AF) 37H 9RO BRI, 24 AES 540 thet ABskstel § 97149 WE wE
2 &9t m SHES] 8 AL SIS A8 A SEste) 54U 3004 BAT AL
sastglon, A9 27 Aok e hE 4 BR ndo] /)& 5l Hg) £ AYES Ui
selstoiet.

W S0 ;| Ha} SIESE | OMZY | VGG16 | 98 27 | 2 44 |

Abstract

Habruta is a question—based learning that talks, discusses, and argues in pairs. In particular, the famous
painting Habruta is being implemented for the purpose of enhancing the appreciation ability of paintings
and enriching the expressive power through questions and answers about the famous paintings. In this
study, in order to support the famous painting Habruta for oriental paintings, we propose a method of
automatically generating questions from the gender perspective of oriental painting characters using the
current deep learning technology. Specifically, in this study, based on the pre-trained model, VGG16, we
propose a model that can effectively analyze the features of Asian paintings by performing fine—tuning.
In addition, we classify the types of questions into three types: fact, imagination, and applied questions
used in the famous Habruta, and subdivide each question according to the character to derive a total
of 9 question patterns. In order to verify the feasibilityof the proposed methodology, we conducted an
experiment that analyzed 300 characters of actual oriental paintings. As a result of the experiment, we
confirmed that the gender classification model according to our methodology shows higher accuracy than
the existing model.
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