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Abstract: Abstract (English) The prevalence of pirated manga and unauthorized manga videos,

infringing on intellectual property rights, is increasing significantly. To address this issue, we aim

to develop methods for preventing manga piracy by identifying key information such as the author,

work title, volume number, and episode number from manga page images, as well as by classifying

character images. Our previous work focused on character face part extraction from manga page

images. Using the Mangal09 dataset, we trained a machine learning model to extract face part

and evaluated its accuracy in identifying character face parts.

In this paper, we attempt to cluster characters that appear in unknown manga page images using

the face part extraction model which we created. We apply these models to manga page images, and

the extracted face images are clustered using unsupervised learning to separate characters. This

study contributes to advancing automated character analysis and character-based identification in

manga images.

1 ELC®IC

AR, FEHE R S U 2R~ > T A b ekt
Y YA DRAT A FEEHRESHEICZR > TWS, <
VHDR—IEZDEEHND D DOLANC, EEHER
EERHET S AL 2 LKL 7292 HE{§E BERPNICS
5L, —#A720 20D L CGEREINICER RS %
FECTHEHT2bDHELTVWE, BEDISRTR
MR 7B REFEGS X CEEZ BT 21213,
ST UHEBRICEEN 28Xy 7 7 X2 HHIL, X5
WIEF ¥ 77 2405 XA D AZBRMEE OB A E
THd, ¥y 77 XDOEGNEL SBIHHE T 238K
REOFFE D AIHED D LA,

Wik~ > THED /-0, FaxlZ~ > T DOR—IJH
B TDRA ML« B - SRR HEE T 2 5

*ERESE L JUNRE LA E AR LR
T 819-0395 M TPHIX T 744
E-mail: soeda.aoto.467@s.kyushu-u.ac.jp
PHIGSE | SN R GBI e T > & —
T 819-0395 1R ) SR PG X T 744
E-mail: ito.eisuke.523@Qm.kyushu-u.ac.jp

FEEZHRLTEL (1], SBETOR—JHEGHH] %2
FHLThEd, BREFEEIRAD~ 7 OHHIT
RV, ZITRIZ, R=YHBHERT L F v 77
2 OH R R AT, ~ > HEIER ZRAER L 7o/ hil—
REDPHBNRDZ X122, vV H BV THES X v 527
RFIEWICEHETDH 2, EBE AU TDF Y T2
XTHHUX, vV HOmBFF—HRLLZIT T, 2an
HETHEHIHBINTETVD, ANBHDESF ¥ I £
HRItkRE 2 R oM 2 BT E X, RO~ A
E{RDHIH B AIREIC TR 5o
ZITRUYHR=VHEIRD DX ¥ T 7 X
ZIRATZ [3]o BT VOB TYE S X OFHIICIE Mangal09
T—=&ty 4] BV, ZDREER. #80%DFEET
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Method Prec. Rec. Fl-s. Acc.
af-VJ 0.9813 | 0.1502 | 0.2648 | 0.1865
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