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Abstract: To address issues such as incomplete dehazing and distortion in image dehazing, a multi-depth
adaptive fusion dehazing generation network is proposed using generative adversarial training. Firitly, the
network utilizes U-Net—+ + architecture and haze perception units to learn the haze features. Secondly, a
vector mixed attention module is proposed to expand the bottom—layer information and supplement details
in the dehazed image. Thirdly, adaptive weights are constructed from partial and global dimensions to
select features at different depths and improve the utilization of effective information in the network.
Finally, a mixed loss is employed to ensure the quality of the generated image, and Wasserstein distance is
introduced into the adversarial loss. To validate the effectiveness of the proposed algorithm, objective

quantitative comparisons are conducted with 10 popular dehazing algorithms on the RESIDE and Hazedk
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set, showing superior dehazing performance.
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datasets, followed by subjective evaluations on real images. The experimental results demonstrate that the

proposed algorithm achieves a PSNR of 36.20 dB and SSIM of 0.988 4 on the SOTS Outdoor validation
depth feature; adaptive feature fusion
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Fig. 1 Training framework
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Fig.2 Multi-depth adaptive fusion network structure
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Fig.3 Multi-depth feature extraction module structure
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Fig.4 Haze perception block structure
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Fig.5 Vector mixed attention module structure
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Fig. 6 Vector mixed attention module structure
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GridDehazed 32.16 0.9836 30.86 0.9819 23.29 0.9312
FFA-Net 36.39 0.9886 33.57 0.9840 26.96 0.957 3

SADNet 23.85 0.9023 26.97 0.9274 21.40 0.9078
GANID 32.52 0.9367 33.96 09491 — -
A3 34.20 0.9851 36.20 0.9884 27.67 0.9689
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Fig. 10 Comparison of different algorithms on the synthetic data set
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Fig. 11 Comparison of different algorithms on the real dataset
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Table 2 Different module ablation experiments

i VMAM AWM  HPB  PSNR/dB  SSIM/%
FEHY 2 NG N N 36.20 0.988 4
R b N N 35.04 0.9853
TR ¢ N, 33.22 0.984 3
R d 32.41 0.9839

TE X401 2R R RS TF S 6 v, Y8R AR ) 1Y
W L& i, R F LI 3 EE O E TR
B Loy s QG0 BAIR Ly ; @ 5] A Wasserstein )
XFHLAR 2R Wloss.

AN ] 451 2% ok B5CTH Rl S 06 45 2R DL AR 3, 4 Y
T A 450 B RE 3 9 X 4% 1 25 55 OR  H Wloss
R 4 T IR K #E 48 Wloss i , PSNR 2T T
2.06 dB,SIM #£ T+ T 0. 02, 1 %F Il 25 114 il 28
(W& 9) AT 41, Wasserstein JF 55 A 0 ok 1 51 9]
i 2k 5 A B A 59 i ke B e LI 2 Y [n) A, ] LA
AR B A B — 50 A U 25 b AR 2 B0 AT R HRRAE
M PR B, 25 A 3 2 Nk 345 SR nT A1, AN W]
B R R 1 %) 2 %5 38 A ok — 8 i T Tk
TR R A R

R3 AEMKEMEE

Table 3 Different loss ablation experiments

Method PSNR/dB SSIM/ %
Baseline 27.98 0.938 2
Wloss 30.04 0.960 1
Loy+ Wloss 30.89 0.969 8
Lo+ Ly +Wloss 32.41 0.9839
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