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Abstract: To explore the dehazing priors and constraints among the physical parameters during imaging
under haze conditions and improve dehazing accuracy, we propose a decomposition = composition and re-
current refinement network based on the physical imaging model for image dehazing. Unlike existing de-
hazing methods, it contains a transmission prediction branch and a clear image prediction branch. Both
branches are built based on the multi-scale pyramid encoder - decoder network with a recurrent unit that
can utilize multiscale contextual features and has more complete information exchange. Considering the
transmission map is related to the scene depth and haze concentration, the transmission map can be regard-
ed as a haze concentration prior and guide the clear image prediction branch to estimate and refine the de-

hazing result recurrently. Similarly, the clear image that contains the scene depth information is regarded

W is B H#:2021-05-21; 84T H #§ : 2021-06-28.
E2TB TR R EE RS K IR A B2 3030 H (No. 2021011046) ; H Je 85 4% FE AR AL 55 9% & 300 7% 45
AHT A A B i35 B (No. 2Y20180125)



5511 4] T e R , 55 W) PR A AG AR A G 43 A UG A 40k 25 55 T 4% 2693

as a depth prior and guides the transmission map prediction branch to predict and refine the transmission

map. Then, the predicted transmission map and clear image are further synthesized as the haze image that

serves as the input of the network in each recurrent step, enabling the predicted transmission map and clear

image to meet the constraints of the physical imaging model. The experimental results demonstrate that

our method not only achieves a good dehazing effect on both synthetic and real images, but also outper-

forms existing methods in terms of quality and quantity. The average processing time for a single hazy image

1s 0. 037 s, indicating that it has potential application value in the engineering practice of image dehazing.

Key words: image dehazing; transmission map estimation; recurrent refinement network; decomposition-

composition; physical imaging model
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Fig. 2 The architecture of decomposition-composition and recurrent refinement network based on physical imaging model
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Fig.5 The comparison of dehazing results on synthetic images ( The PSNR/SSIM values are marked under each image
with best results in bold)
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Tab.3 Dehazing results by different algorithms

DADN"Y DCPDN'™ GCAN™ DNPAB™ RDPN'" Ours

PSNR 25.04 28.67 24.10 28.81 28.94 30. 23

TestO SSIM 0.9307 0.942 8 0.929 6 0.961 0 0.974 9 0.9759
PSNR 27.76 17.89 26. 28 27.36 23.24 31.22

SOTS SSIM 0.9300 0.8312 0.944 6 0.949 0 0.9285 0.976 1
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(a) Original sE gk R et R gt (2) Results of our
image (b) Results of (c) Results of (d) Results of (e) Results of (f) Results of method
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Fig. 6 The comparison of dehazing results on synthetic images
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Tab.4 Dehazing results by different algorithms

DADNY DCPDN!™ GCAN™ DNPAB RDPN' Ours

CG 0.289 0.347 0.296 0.274 0.254 0.412
VCM 46.195 55.196 49.680 47.988 44.526 60. 114
ENT 15.015 16.024 15. 896 15.672 14. 896 16. 515
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Tab.5 Average running time of different methods processing single image

Methods DADN" DCPDN" GCAN"™ DCPAB"™ DCP'? Ours
Time/s 0.167 0.056 0. 009 0.048 1.426 0.037
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