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End-to—end Image Dehazing Algorithm Based on Joint Mapping of

Two—Branch Features

YANG Yan,CHEN Yang'

(School of Electronic and Information Engineering, Lanzhou Jiaotong University , Lanzhou 730070, China)

Abstract: To address the issues of high model complexity and poor feature extraction performance in
Convolutional neural network—based dehazing algorithms, this paper proposes an end—to—end image dehazing
algorithm based on joint mapping of two—branch features. Firstly, the atmospheric scattering model is transformed to
separate the mixed—parameter feature and the single—parameter feature model. Then two feature extraction networks,
MPFEM and SPFEM are designed according to the two—branch features and the outputs are weighted by two attention
mechanisms. Finally, the extracted two—branch features are sent to the restoration module to restore the clear image
and perform color—enhancing to obtain the final restored effect. To avoid the loss of texture details caused by using a
single loss function in the model training process, multi-scale structure similarity and mean absolute error weighting
are used as the loss function. Experimental results show that the proposed algorithm has a simple network structure ,
obvious dehazing effect, accurate color brightness restoration, and strong edge preservation.
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Fig. 1 Overall network architecture
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Fig.2 Mixed parameter feature extraction module
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Tab.1 MPFEM convolution kernel parameters
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Fig.5 Comparison of ablation experiment
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Tab.3 Comparison of PSNR and SSIM tested on synthetic hazy images
Jrik DCP'® GCA'™ AOD-Net! ™ DehazeNet' " FFA-Net!!” KTDNP Ak
Indoor PSNR 11.87 19.82 17.76 17.32 18.51 20.76 19.63
SSIM 0.745 5 0.934 6 0.8919 0.873 8 0.903 6 0.9337 0.942 5
Outdoor PSNR 14.12 21.04 18.30 19.36 20.28 21.63 22.18
SSIM 0.889 5 0.961 1 0916 4 0.9339 0.947 9 0.966 7 0.9732
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