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Unsupervised Dehazing Algorithm Based on Multi-Scale Features

Sun Xiangsheng, Wang Guozhong

School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China

Abstract In order to solve the problem of dehazing a single image, a new end-to-end network is proposed, which
uses an improved multi-scale feature loop to generate a confrontation network. Unlike previous models, the
proposed network does not rely on traditional atmospheric scattering models, and does not need to correspond to
matching images during the training process, which greatly simplifies the training process. Next, a new type of
multi-scale generator is designed, which uses a dual-channel fusion feature pyramid structure to extract the features
in the image to the greatest extent, and introduces multiple global and local discriminators to improve network
performance and image quality. Experimental results show that the proposed model can achieve good results on
different datasets.

Key words image processing; image dehazing; generative adversarial network; multi-scale features; local
discriminator
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Fig. 1 Overall structure of MFC-dehaze removal network
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Fig. 4 Dehazing results of different algorithms in NYU-Depth dataset. (a) Original images; (b) Ref. [4]; (¢) Ref. [7];
(d) Ref. [16]; (e) Ref. [17]; (f) proposed algorithm; (g) ground truth images
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Fig. 5 Dehazing results of different algorithms in FHAZE and O-HAZE datasets. (a) Original images; (b) Ref. [4];
(¢) Ref. [8]; (d) Ref. [15]; (e) Ref. [11]; (f) Ref. [14]; (g) proposed algorithm; (h) ground truth images
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Table 3 Comparison of results of different algorithms in O-HAZE dataset
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Table 4 Results of ablation experiments for

network structure

Index
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cycleGAN four Ours

normalization discriminator

PSNR /dB

SSIM

22.71 23.63 25.88 26.92
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Table 5 Results of ablation experiments with
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Fig. 6 Real data comparison results of different algorithms. (a) Original images; (b) Ref. [4]; (c¢) Ref. [8];
(d) Ref. [15]; (e) Ref. [11]; (f) proposed algorithm
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