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Research on hazy image sharpening algorithm based on dual atten-
tion mechanism

WANG Yannian® , LIU Yanyan, YANG Hengsheng, ZHENG Fangliang
(School of Electronic Information, Xi'an Polytechnic University, Xi'an, Shaanxi, 710048, China)

Abstract ; Aiming at the problem that the traditional dehazing algorithm is easy to rely on prior knowledge
and the restored clear image produces color distortion,this paper proposes a haze image clarity algorithm
based on dual attention mechanism. Firstly,the haze image is input into the encoder,and the feature im-
age is obtained after down-sampling. The feature extraction module connects several basic blocks of fea-
ture extraction together,and each basic block is composed of local residual learning and feature attention
module, which improves the image quality and the utilization rate of image feature information,and in-
creases the stability of network training. Then feature images are processed by parallel structure of chan-
nel attention and multi-scale spatial attention, which makes the network pay more attention to detail fea-
tures, extract more key information,and improve network efficiency. Finally, the fused feature image is
input into the decoder,and the haze density image matching the input size is obtained by multi-level map-
ping. The experimental results show that the algorithm presented in this paper can effectively remove
haze and get more natural and clear images no matter for synthetic or real hazy images.
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Fig.1 Haze removal network based on dual attention mechanism
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Fig. 2 Feature extraction basic block network structure
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Fig. 5 Comparison example of dehazing results for O-HAZE dataset
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