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Multi-stream selective kernel dehazing network

HOU Ce, YANG Yizhong, LIU Xueqing
(School of Microelectronics, Hefei University of Technology, Hefei 230601, China)

Abstract ; Although current image dehazing algorithms have achieved high indicators, the restored ima-
ges still have problems such as color distortion, haze residue, and image artifacts. Therefore, this pa-
per proposes an end-to-end multi-stream selective kernel (MSSK) dehazing network, which can opti-
mize the dehazing effect by using the low-frequency and high-frequency information of the image. The
color fidelity of the image is improved under the guidance of low-frequency information, and the edges
details of the image are optimized under the guidance of high-frequency information. The network is a
multi-branch structure, and the information interaction between branches is realized by branch guid-
ance blocks. It uses the selective residual block to adaptively adjust the size of the receptive field ac-
cording to the haze concentration. A comprehensive evaluation was carried out on multiple benchmark
datasets. The experimental results show that the proposed network has high structural similarity
(SSIM) and peak signal-to-noise ratio(PSNR), which can solve the problems of color distortion, haze
residue and image artifacts.
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