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Multi-scale Feature Fusion Image Dehazing Algorithm Combined with Attention Mechanism

FAN Xin-nan',ZHAO Zhong-xin*, YAN Wei' , YAN Xi-jun® and SHI Peng-fei'
1 College of Internet of Things Engineering, Hohai University,Changzhou,Jiangsu 213022, China

2 School of Computer and Information, Hohai University, Nanjing 211100, China

Abstract Aiming at the problems that traditional image dehazing algorithms are easily restricted by prior knowledge and color
distortion,a multi-scale feature fusion image dehazing algorithm combined with attention mechanism is proposed. The algorithm
first obtains feature maps of multiple scales through down-sampling operations,and then uses skip connections between feature
maps of different scales to connect the feature maps of the encoder part and the decoder part for feature fusion. At the same time,
a feature attention module composed of channel attention submodule and pixel attention submodule is added to the network to
control the importance of different channels and pixels. This feature attention module allows the network to pay more attention to
detailed information and important features,therefore,a better dehazing effect can be achieved. In order to verify the effectiveness
of the proposed algorithm, qualitative and quantitative comparative experiments are carried out on the RESIDE dataset with five
popular dehazing algorithms. The experimental results show that the proposed algorithm can more completely dehazing,and the
preservation of image color is better. At the same time, the average values on the two evaluation indicators PSNR (Peak Signal to
Noise Ratio) and SSIM (Structure Similarity) are 28. 83dB and 0. 957 5,respectively, which are 2. 23dB and 0. 017 2 higher than
the second-performance model in the comparison algorithm. Then.qualitative comparison experiments are performed between the
proposed algorithm and five comparison algorithms on the MSD data set and real images. The experimental results further prove
that the proposed algorithm has good dehazing performance and color retention.
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Fig. 1 Network structure diagram of the method in this paper
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Fig. 7 Dehazing effect of each algorithm on real hazy images
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Table 3 Average dehazing time of each algorithm

VS it 8 /s

DCP 1.53
DehazeNet 0.30
MSCNN 0.26
AOD-Net 0.08

GFN 0.37
AR 7 0.20
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