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Dehazing algorithm based on mixed attention and multi-feature interaction

YANG Yan, ZHANG Quanjun, LIANG Haobo

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract; In order to solve the problems that the current deep learning dehazing algorithm being ineffective in using
multi-scale features when processing non-uniform foggy images, resulting in color distortion and incomplete detail
recovery of the restored images, this paper proposes an image dehazing algorithm with mixed attention and multi-
feature interaction. Firstly, the coding module is used to extract features at different scales. Secondly, a mixed
attention module is constructed to globallay perceive the image fog weights to different fog concentrations using
channel attention mechanisms. Then, a multi-feature interaction module is designed to facilitate information
exchange between features of different scales, effectively use the semantic information in low-resolution features,
retain the spatial details and color information of high-resolution features, and use the gated fusion module to
aggregate features of different scales. Finally, the decoding module reconstructs the fused features to obtain a fog-
free image. Experimental results show that the dehazing images recovered by the proposed algorithm not only have
natural colors and clear details subjectively, but also outperform the existing mainstream algorithms in objective
indicators. These research findings offer novel approach for both research and application of deep learning-based
image dehazing.
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Fig.1 Network structure of the algorithm in this paper
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Fig.6  Comparison of restoration results of different algorithms on real images in sky regions
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Fig.7 Comparison of restoration results of different algorithms on real images in non-sky regions
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Fig.8 Comparison of restoration results of different algorithms on I-HAZE dataset
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Fig.9 Comparison of restoration results of different algorithms on O-HAZE dataset
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Fig. 10 Comparison of restoration results of different algorithms on NH-HAZE dataset
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Fig. 11 Comparison of restroation results of different algorithms on SOTS testset
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Fig. 12 Comparison of restoration results of different algorithms after partial amplification
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Tab.1 Mean PSNR and SSIM of the selected test sets on different algorithms

. RESIDE I-HAZE 0-HAZE NH-HAZE
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

pcpt2! 15.327 0.751 15.731 0.679 15.786 0.653 11.236 0.596
AOD-net! ') 13.847 0.851 16.740 0.652 15.503 0.673 14.137 0.672
FFA-net! ') 28.301 0.937 26.745 0.865 24.078 0.813 19.396 0.761
SGID-net! !¢ 20.456 0.836 25.401 0.826 23.861 0.793 18.896 0.732
LKD-net!'”! 26.762 0.897 22.437 0.793 21.117 0.704 18.736 0.692
DEA-net''®) 27.843 0.916 24.639 0.816 22.468 0.783 17.169 0.756

AR 30.028 0.943 27.893 0.836 25.769 0.857 21.825 0.787




591 e, %, RE

EREN S 2R L R E Rk - 63 -

2.4 HRLEIG
T UE A SR BT A R, i T
4 NTHARSEES 1) PR s as i S R 2 Y
NERAE B RN —F 50 2t ) 25 1 By o 4 i ]
T T IRE REE, DL AE R FE AR F A Model A
2)Model BTE Model A FUILA 1 IR A 1B I
3)Model C 7E Model B HMA ZFFEAZ B, HIH
LR TR T SR 2R AIE 28 B B v i) il
AR FANZARES ;4 ) Model D 7E Model C Fhfin AR
AR S 5) Model E( ASCH L) 7E Model D
NSy 75

TH RS 0 L WLE 13, R 13 Al E
BARAG TR IBIS Z5HE A HABHA Model A

FEAWE, MG B8 A 1 IR A=
Heft) Model B REWS 45 i 3 22 55, (H 2 i (0 5 HL AL K]

(c) Model B

(b) Model A

(a) Hazy image

(d) Model C

B2 R, RS X LSRR LG W T IX
W AN INA ZRHIE S BRI Model C
FEERRAS AT e s R I EUR S HAC
1B AR IR A TR I Model D 7525 1
5K P ]z e A 2555 SIS s I AT T4 il A
BEHLY Model E &2 5 H 19 BG5S B S R i b 3%
AT, B AR 4 5 R T BT

22 R IR LI R AR FR X L, AT AE L
A TIREGHEE YIS Model B A1 Model D $2£7F
T A MERE, HR IR e A 20 (5 B T
AZHEAE H AL Model C BHHAZHFH T AR
REMFHEE S, LS BRR R e/ o b vrh
T AN R SRR A B JJMTI‘H*%&M%E%E@
Model E & A RE R REE B, #2572 H
it

(e) Model D (f) Model E

13 HRASKIE EMXTLL
Fig. 13 Subjective comparison of ablation experiments
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Tab.2  Objective comparison of ablation experiments
Kl Model A Model B Model C Model D Model E
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
RESIDE 16.735 0.795 18.167 0.764 23.705 0.792 26.028 0.865 30.028 0.943
I-HAZE 16.531 0.736 17.768 0.734 20.853 0.746 23.658 0.756 27.893 0.936
0-HAZE 15.983 0.687 17.534 0.726 18.273 0.733 21.768 0.743 25.769 0.857
NH-HAZE 15.894 0.653 16.732 0.695 17.846 0.718 19.745 0.735 21.825 0.747
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