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Sketch-based Manga retrieval using deep features
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We present a method to extract feature vectors from sketches and Manga images by comining two CNNs for
sketch-based Manga retrieval. One is trained on a large amount of Manga face images and the other is trained on
without screentones. We showed that fine-tuning AlexNet pre-trained on ImageNet significantly improves accuracy
of Manga-to-Manga and sketch-to-Manga character retrieval.
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Table 1: REDX =7y b

character Manga #GT  #query
i BakuretsuKungFuGirl 140 50
~N)VEVR Belmondo 179 50
=N Belmondo 119 50
FEERXR GOOD_KISS_Ver2 125 50
i S K BB LoveHina_vol14 240 50
FPIHET YamatoNoHane 100 50
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FrEAVD. WREIZREZEGIL Fig. 4 DY THD.
BRH2XY 77X —%FBAED, A7y FHGE IR
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Table 2: ¥¥ 727X —Z% D mAP
¥y I727X— HOG BEMACNN (BEFiE)
)= 0.04 0.24
~NLEVER 0.04 0.52
=S 0.04 0.47
CEESN 0.04 0.25
TR FURER 0.07 0.47
FPIHET 0.04 0.34
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Table 3: MEBED X =7y b
character Manga #GT #query
N Arisa 258  Tx 2x 2
~)VE VR Belmondo 134 Tx 2x 2
TH B SR AR LoveHina_voll4 158 7x 2x 2




Table 4: ¥¥ 727X —Z & D mAP
¥y I727%— HOG A7 v FH CNN (fBEFIL)
7Y 0.09 0.26
~)LEV R 0.00 0.18
B FRER 0.07 0.05
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