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Fig.3 Comparison of image color restoration effects based on CLAHE, Gray World, White Balance and the method of this study
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Fig.4 The processing results of the unblurred underwater image
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Fig.5 The processing result of the blurred images
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Table 1 Image quality evaluation based on different methods
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Underwater Image Enhancement Technology Based on Deblur GAN

WANG Hong-gui''*, SHI Xian-peng'
(1. National Deep Sea Center , Qingdao 266237, China;
2. School of Automation s, Hangzhou Dianzi University » Hangzhou 310018, China)

Abstract: Due to the instability of underwater environment, underwater images may have degradation phe-
nomena such as color deviation, low color contrast and motion blur. To solve these problems, this paper
proposes an enhancement algorithm for underwater images, which needs to go through two stages of color
restoration and deblurring. In the first stage, gaussian filtering and mean shift are used to sharpen the im-
age. Then, the image color is corrected by comparing the mean value of each color channel. Finally, the
contrast of the image is adjusted by linear stretch. In the second stage, the Generative Adversarial Net-
works (GAN) with residual are used to extract the features of the image. With nine continuous residual
networks, blurring effect is eliminated and image features are enhanced. When the proposed algorithm is
used to process underwater images, it is found that it cannot only remove the image blur, but also elimi-
nate the color deviation of the image without carrying red artifacts. Also, by comparing the two indexes of
Underwater Image Quality Measures (UIQM) and Underwater Color Image Quality Evaluation (UCIQE) ,
it is found that the proposed algorithm has a better image processing effect.

Key words: underwater image; color restoration; Generative Adversarial Networks (GAN) ; deblurring
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