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Abstract . This paper proposes an image dehazing algorithm based on multi—scale convolutional neural network and high—frequency
information fusion ( HF—MSNet) to address the issues of poor restoration of image edge regions and residual haze in existing
dehazing algorithms. Using Laplace operator to separate high—frequency information as an additional prior for improving image detail
restoration. Firstly, multi-scale CNN is used as the backbone network to extract the main texture features of the image. Secondly,
the high—frequency feature fusion branch extracts high—frequency information step by step and integrates channel attention modules,
using attention mechanisms to constrain unimportant features. Finally, a high—frequency attention module is used to adaptively filter
global features, integrating the distribution of high—frequency and texture features, and obtaining a fog free image of the target. The
experimental results show that the algorithm proposed in this paper can generate more natural and realistic dehazing images, and
achieves ideal results in both peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) metrics.
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Fig. 1 Network structure diagram of the HF—MSNet
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Fig. 2 High frequency attention module structure
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Fig. 3 Comparison of defogging results of different algorithms
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Table 1 Comparison of experimental results

) SOTS %M SOTS %4k
Bk
PSNR SSIM PSNR SSIM
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