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Image-to-image Translation from Apparel Item Image Placed Flat to Image Put on
Using Deep Neural Networks

Y T DANE B LA HE fi™ i e
Saki Tsumugiwa Yoshiaki Kurosawa Kazuya Mera Toshiyuki Takezawa

2R R R e a2
Graduate School of Information Sciences
Hiroshima City University

B R: HRE
School of Information Sciences
Hiroshima City University

This paper deals with image-to-image translation of apparel items. The images are difficult to be translated because the items
are variously set, when they are took photos: being placed flat, being put on the mannequin and so on. We try to investigate
and improve the previous work also known as ‘pix2pix’ based on deep neural networks, especially deep convolutional
generative adversarial network (DCGAN). We propose a new two-stage procedure. Some experimentation revealed that our
proposed method was superior to the previous work, evaluated using structural similarity index. Moreover, we confirmed it
generated item details (zipper, button) and patterns (dot) as the result of visual confirmation. This knowledge is very important
because the fault image of the item without buttons should be completely different from the original item image.
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6 EBr1 item002: epoch BAERKEER (EH 5 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

7 FEB1 item215: epoch BAERKER (£5>5 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

8 ZER 1 item200: epoch HAER (Z£5>H 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

9 B 2 item002: epoch HARLES: (Z£5>5 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

X 10 32B% 2 item226: epoch A RKE#: (05 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

X 11 =Bk 2 item200: epoch A KE B (225 50, 100, 200, 400, 600, 800, 1000 epoch, ground truth)

X 12 328k 3 item226: epoch A REE (205 50, 100, 200, 500, 550, 600, 800 epoch, ground truth)

13 2Bk 3 item200: epoch EARLE B (£S5 50, 100, 200, 500, 550, 600, 800 epoch, ground truth)
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