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A De-hazing Algorithm Based on Cycle Generative
Adversarial Network

LI Xiao-wen',  YUAN Tai-sheng®

1. College of Computer and Information Engineering , Shanxi Technology and Business College , Taiyuan 030006, China ;

2. Department of Computer Engineering s Taiyuan University , Taiyuan 030006 , China

Abstract; Aiming at the problem that existing learning-based de-hazing algorithms need paired data to train
network parameters in the process of dehazing, a new algorithm based on Cycle Generative Adversarial
Network has been proposed. The algorithm constructs a generator network with an Encoder-Decoder (ED)
architecture, and then uses an unpaired image training method to train network parameters and estimate
the transmission map. Finally, based on the estimated transmission map and atmospheric light values, an
optical model is used to recover a haze-free clear image. The experimental results show that the proposed
method can restore the fog free scene without any color distortion for indoor and outdoor fog images, and
has obvious performance advantages over other methods in multiple evaluation indexes.

Key words: image de-hazing; Cycle Generative Adversarial Network; transmission map; optical model
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