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Single Image Defogging Based on Bright and Dark Channel CycleGAN Network

CHEN Ping
(Department of Electronic Information, Huishang Vocational College, Hefei 230022, China)

Abstract: To address the problems of the existing deep-learning defogging algorithm such as the various parameters, long
training time, and inability to apply to real-time computer vision systems, this study proposes a bright and dark channel
CycleGAN network (BDCCN). BDCCN, based on the CycleGAN, improves the cyclic perceptual loss and achieves
image defogging by combining the fixed parameters with training parameters and drawing on the R}riqri theory of bright
and dark channels. The experimental results show that the algorithm proposed in this paper, with a'small amount of
calculation and a fast convergence rate, performs well on both synthetic data sets and real data sets.
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