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Underwater image enhancement method based on improved
conditions generate adversarial networks
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(School of Electronic and Information Engineering, Liaoning Technical University,
Huludao 125105, China)

Abstract: The propagation of light in water severely uates red light, this leads to green or blue color differ-
ence of the underwater image. Against this red light attenuation phenomenon, a method of improved
conditional generation adversarial network is proposed to enhance the underwater images. Raw images are
firstly corrected for preliminary color using a dynamic threshold. Then, the color recovery of the underwa-
ter image is achieved by generating confrontation network using the condition and introducing the link
block to learn the mapping relationship between the underwater image and the normal image. The image
denoising 1s performed using a two-sided filtering algorithm to improve image visibility. The combination
of L, with L, loss is introduced to learn image color, and the focus loss is added to solve the high imbalance

of the sample proportion. This method has an excellent enhancement in both color distortion and blur of
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underwater images, and good visual effects are obtained.

Key words: underwater optical images; image enhancement; conditions generate adversarial network;

residual network
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Fig.3 Image pre-processing. (a) Original underwater image; (b) Underwater image after dynamic threshold

pre-processing.
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Fig.7 Image comparison before (a) and after (b) processing
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