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Multi Feature Image Dehazing Algorithm Based on Attention Mechanism

WANG Sihong
(College of Information Science and Engineering , Hunan Normal University , Changsha 410081, China)

Abstract: In environments with significant changes in scene depth and uneven distribution of haze concentration, traditional deep learning
dehazing algorithms often struggle to accurately evaluate image depth, resulting in poor dehazing performance for distant objects and loss of de-
tails for nearby objects. To this end, a multi feature image dehazing algorithm based on attention mechanism is proposed, which uses multiple
attention mechanisms to focus on different feature regions of the image, achieving the goal of removing deep haze and improving image details.
The algorithm first introduces an efficient preprocessing module to extract the primary features of the image ; Then, the multi feature extraction
module extracts key feature information at different levels in the image by integrating multiple attention mechanisms ; Finally, the image recon-
struction module utilizes feature fusion gate technology to integrate multiple features to restore images with higher clarity. The experimental re-
sults show that the proposed algorithm can effectively remove distant haze and restore clear images, with significant improvements in quantita-
tive evaluation indicators such as structural similarity and peak signal-to—noise ratio.
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Fig. 1 Flow of multi—feature image dehazing algorithm based on attention mechanism
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Fig.4 Qualitative experimental results
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Fig. 5 Partial qualitative results of ablation experiment
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