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Image defogging algorithms based on multiscale
convolution neural network
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Abstract: Aiming at the problem that the traditional fogging algorithm, which is mostly based on
prior knowledge and hypothesis can hardly be satisfied in practice, a kind of end-to-end convolutional
neural network is proposed, by learning the mapping relationship between foggy images and clear im-
ages, image defogging can be realized directly. First, the algorithm is adopted by multi-scale mapping.
Through multiscale convolution, it can extract haze features with more detailed information.

Secondly, deconvolution is used to reduce the complexity of computer training network. Finally,
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Combining the the parallel algorithm of shallow layer and deep layer, the pseudo-pixels in the feature

map will be deleted so as to improve the quality of image restoration without fog. The experimental

results show that the proposed algorithm is superior to other algorithms in both natural fog images

and composite fog images, and the composite fog images have achieved good performance on two im-

portant image evaluation indexes of SSIM and PSNR.
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Fig.1 Fog image formation
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Fig.2 Network structure of this paper
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Tab.1 Network model parameters

Net depth Input size Filternum Filter size pad stride

Convl 3X21X21 12 3X3 0 1
ConvZ 12X19X19 12 3X3 0 1
Conv3 12X17X17 12 3X3 0 1
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Net depth Input size Filternum Filter size pad stride

Convd-1 12X15X15 1 1X1 0 1
Convd-3 12X 15X15 4 3X3 1 1
Convd-5 12X 15X 15 4 5X5 2 1
Convd-7 12X 15X 15 4 X7 3 1
Convs 16X15X15 12 1X1 0 1
deConv 12X15X15 12 5X5 0 1
Conv6 24 X19X19 3 3X3 0 1
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Tab.2 Comparison results of PSNR and SSIM with different algorithms

Method
image Evaluation index
He Meng Li Zhu Ren Ours
PSNR 21.326 5 22.582 8 17.172 7 27.320 5 19.718 8 23.236 8
Cones
SSIM 0.882 3 0.683 0 0.760 4 0.864 5 0.801 8 0.893 8
PSNR 19.318 9 14.816 8 15.075 7 22.282 5 21.381 0 24.097 0
dolls
SSIM 0.839 0 0.035 6 0.729 1 0.921 3 0.830 3 0.860 4
PSNR 15.824 6 12.596 2 15.251 0 19.870 2 20.602 2 23.700 2
teddy
SSIM 0.778 2 0.609 7 0.757 2 0.876 9 0.879 7 0.823 4
PSNR 24,753 8 8.984 0 15.168 5 24.955 8 22.325 9 25.421 7
Reindeer
SSIM 0.864 8 0.433 9 0.680 3 0.898 2 0.858 3 0.903 1
PSNR 15.887 8 14.643 4 13.211 8 21.123 5 22.310 2 25.304 9
Moebius
SSIM 0.749 4 0.414 3 0.649 8 0.799 8 0.786 2 0.864 9
PSNR 17.507 2 20.000 9 14.678 8 17.326 1 17.358 8 24.290 5
Alone
SSIM 0.734 2 0.498 3 0.739 5 0.885 4 0.792 0 0.804 8
PSNR 18.156 1 22.645 6 14.056 1 23.702 9 23.360 8 23.521 6
Art
SSIM 0.817 3 0.901 2 0.639 2 0.924 5 0.923 0 0.852 2
PSNR 17.256 9 15.324 4 14.768 6 19.707 1 19.812 7 30.101 7
bowling
SSIM 0.640 7 0.489 5 0.623 3 0.915 0 0.906 5 0.960 6
PSNR 24.238 5 16.269 8 15.250 2 23.495 8 21.210 2 24.865 1
Cloth
SSIM 0.856 7 0.735 7 0.727 9 0.946 2 0.897 5 0.868 2
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