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Transformer-Based Detection and Facial Expression Recognition
of a Pansori Singer

Wengin Wu®, Hyejeong Lee’, Joonwhoan Lee’
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ABSTRACT

Our work aims to recognize the singer’s motions and facial expression of Pansori, a traditional Korean
music. In order to achieve our goal, the region of a singer is at first detected from every video frame, then
the motion and facial expression are classified based on still image analysis in the detected region. In order to
overcome the difficulty due to insufficient labelled data, the person class of MS COCO data is mixed up with
the collected Pansori dataset for detecting Pansori singer, and ViT(Visual Transformer) pre-trained backbone is
adopted to construct a singer’s facial expression classifier after self-supervised training in MAE model with
ImageNet and RAF-DB dataset. For singer detection, 91.2% of AP has been achieved under 75% of IoU
threshold. Also, 78.44% of accuracy has been obtained in Pansori singer’s facial expression classified into 4
categories. The results of this study are expected to be meaningful for preservation or education of cultural

content.
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Fig. 1. Pipeline of Proposed Facial Expression Recognition of Pansori Singer
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Table 7. An Integrated Analysis Example of Pasori
Video for Singer’s Motion
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% =zl & 4,442
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F-S(sitting) 23
2] BZ(opening the fan) 826
kg F e & 087
(holding the fan with two hands)

A F(raising the fan) 265
g+ #2(opening arms) 342
2]u} %}7)(grabbing the skirt) 657
H-A) 2 Z]A(pointing with the fan) 655

E 8. ¥ AY AdE 5 4F 24 R 29
Table 8. An Integrated Analysis Example of Pasori
Video for Singer’s Facial Expressions
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A N 4,442
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Fig. 11. Integrated Result of Pansori Singer’s Motion and Facial Expression
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