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Image-to-Image Translation Based on U-Net with R2 and Attention
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ABSTRACT

In the Image processing and computer vision, the problem of reconstructing from one image to another or generating a new image
has been steadily drawing aftention as hardware advances. However, the problem of computer-generated images also confinues to
emerge when viewed with human eyes because it is not natural. Due fo the recent active research in deep leaming, image
generating and improvement problem using it are also actively being studied, and among them, the network called Generative
Adversarial Network(GAN) is doing well in the image generating. Various models of GAN have been presented since the proposed GAN,
adllowing for the generation of more natural images compared to the results of research in the image generating. Among them, pix2pix
is a conditional GAN model, which is a general-purpose network that shows good performance in various datasets. pix2pix is based on
U-Net, but there are many networks that show better performance among U-Net based networks. Therefore, in this study, imoges are
generated by applying various networks fo U-Net of pix2pix, and the results are compared and evaluated. The images generated through
each network confirm that the pix2pix model with Affention, R2, and Attention-R2 networks shows better performance than the existing
pix2pix model using U-Net, and check the limitations of the most powerful network. It is suggested as a future study.
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(Figure 1) Network structure. (a) Attention U-Net, (b) R2 U-Net,
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(Figure 5) Generated Image applied by Network. (a) edges, (b) Ground Truth, (c) pix2pix, (d) Attention,
(e) R2, (f) Attention-R2
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(Figure 6) Noise of Generated images (a) pix2pix, (b) Attention, (c) R2, (d) Attention-R2
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