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Proposal for AnimeGAN improvement based on HSV color space
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In this paper, we propose a method to improve the discoloration problem of the model AnimeGAN that
transforms a real photo into an anime style, and to maintain the color of the original image based on the HSV
color space. In the HSV color space, the three components are independent of each other, so the hue can be
maintained as it is. In addition, natural saturation is introduced to give an animation-like color. Natural saturation
is different from normal saturation, and it is adjusted only in areas where the saturation is relatively low.
Avoiding unnatural images. In the verification experiment, the same dataset as the AnimeGAN model is used
and compared. From the experimental results, the discoloration problem of AnimeGAN was repaired, and the
HSV-based AnimeGAN was able to maintain the color of the original image. and it can generate more

animation-like images.
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