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Abstract: Aiming at the problems that the restored images of existing dehazing algorithms are prone to
color distortion and details lost,an end-to-end image dehazing method based on cycle-consistent genera-
tive adversarial networks (CycleGAN) is proposed, which does not rely on the constriction of atmos-
pheric scattering model. The whole network generator adopts the Encoder-Decoder framework, and in
order to effectively learn the mapping relationship between hazy images and clear images, the enhanced
high-frequency loss and feature loss functions are constructed in the training optimization objective by
combining the image attributes, which realizes the feature identification of different data domains and
further ensures the texture structure of images. In addition,a two-stage learning strategy is proposed to
constrict the color consistency between restored images and their corresponding clear images. Firstly, the
improved CycleGAN is learned by weakly-supervised training with unpaired datasets. Then in the second
stage, the forward generator network is trained in a strongly-supervised manner with some paired data-
sets, which improves the stability of dehazing network while making the restoration effect closer to the

real clear image style. The experimental results show that the peak signal to noise ratio (PSNR) and
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structural similarity (SSIM) of the proposed dehazing method are improved by 12. 43% and 5. 53 % ,re-

spectively, compared with the similar CycleGAN algorithm, and the effectiveness of the proposed method

is also verified by comparing the results of visual effect and quantitative index with other methods.

Key words: image processing; image dehazing; cycle-consistent generative adversarial networks (Cy-

cleGAN) ; supervised learning; color correction
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Fig. 1 Atmospheric scattering model
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(b) Architecture of strongly-supervised forward generator network
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Fig. 8 Comparison of dehazing results on synthetic hazy images: (a) Hazy image; (b) DCP; (c¢) CAP;
(d) AOD-Net; (e) GCANet; (f) Cycle-Dehaze; (g) Ours; (h) Clean image
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Fig. 9 Comparison of dehazing results on real-world scenes: (a) Hazy image; (b) DCP; (c¢) CAP;
(d) AOD-Net; (e) GCANet; (f) Cycle-Dehaze; (g) Ours
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Fig. 10 Comparison of color histogram on Rain image: (a) Clean image; (b) Hazy image; (c¢) DCP; (d) CAP;
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3.3.3 FBUWLE RS
N WL 5T i VE A AR RE AT ST A R TR RE

SCAE SOTS B % 4 48 vh B AL 2 B 200 5K % 9 &
HNA Z5 R AE S IR 9] — o8 HSTS %48 8 4E by
WAL — 430 o F 5 6 A B30k o 1 ) 4 Ak B 45
B9 4 {H {5 e H (peak signal to noise ratio, PSNR)
FgE #4948 2L P (structural similarity, SSIM) Fj I %%
WLAE bR AH S R LA %5 RMRAE S oSk 2 i 2 2%, 15
FlnFE 1 58 2 Fros X a8, HE 2= b BdE e A,

Ye BB X - B S 20234 ¥k

AR SCEEVE Y PSNR $5 b5 78 76 3500 32 4 1) 4 311 45
By i 3 W1 b BT 2 05 1 Ak AR B 1Y 2 55 R R
Ji 46 3 B AR R BLBE T IR, BUAR SSIM 45 bR H AE
HSTS i 4E AU T GCANet 2545 & R #1453
WL 2% S T L) 8% 3, GCANet 5 H A ) 74 )3
B €8, LI 42 Tl 2ok AR SO AR B L 25 KR
RENE IR F — 2 I J5ER PG S5 40, Rl B e Bl 6 L R
XF E BE 5 A A 0 3 B, BIAR EE R TE
HK.

F 1 SOTS #HIEEITLER
Tab.1 Comparison results on SOTS dataset

Method Hazy DCP CAP AOD-Net GCANet Cycle-Dehaze Ours
PSNR 11.194 16. 221 19. 415 13.843 20.033 19.092 20.978
SSIM 0. 640 0.813 0. 861 0.752 0. 858 0. 840 0. 896

R2 HSISHUREXLLER
Tab.2 Comparison results on HSTS dataset
Image Hazy DCP CAP AOD-Net GCANet Cycle-Dehaze Ours

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

1 17.146  0.872 13.402 0.852 21.867 0.951 19.395 0.879 22.458 0.925 18.465 0.874 20.503 0.893

2 18.619 0.912 12,977 0.815 22.366 0.931 20.674 0.899 24.896 0.951 19.583 0.904 21.450 0.896

3 10.455 0.615 14.448 0.856 22.760 0.943 16.299 0.717 13.142 0.843 15.437 0.871 28.955 0.945

4 11.843 0.675 18.837 0.795 24.930 0.887 17.467 0.714 23.699 0.934 28.144 0.918 26.543 0.899

5 11.115 0.668 21.457 0.864 20.568 0.873 16.849 0.734 24.205 0.948 23.714 0.878 25.126 0.963

6 14.578 0.801 20.727 0.866 25.335 0.923 23.244 0.822 26.241 0,940 25.304 0.877 27.291 0.948

7 13.192  0.679 20.870 0.823 24.508 0.882 17.840 0.726 27.006 0.915 23.905 0.882 26.791 0.948

8 16.254 0.863 18.729 0.894 23.204 0.956 20.866 0.869 21.295 0.907 23.582 0.905 21.537 0.886

9 21.091 0.938 17.699 0.872 21.303 0.930 16.578 0.858 28.134 0.962 17.475 0.877 26.252 0.950
10 14.618 0.842 17.287 0.853 27.046 0.961 19.395 0.850 23.275 0.940 19.626 0.869 23.036 0.920
Mean  14.891 0.787 17.643 0.849 23.389 0.924 18.861 0.807 23.435 0.928 21.524 0.886 24.748 0.925

4 7 B ARSI A5 BN 2% 55 B AR B T 5t 4k 17 i ARk |1

ASCH T — M5 T il CycleGAN 1 I 21 Sy
FIMR R0 %07 i e 5 R CycleGAN 4=
%M 4 Encoder-Decoder ZEH4 3847 T e ot , [7 i 45 &
KGR B B g 5| A AL J5 0 e 4508 R0 45 % 5 R AE 45
2% PRI, S B0 A G IR 24 o8 AN [ K54k 8RS RE i 28 5L O
HE— 20 PR UE AR B R 5 T R AR SO 2 ) — 3R
PE. AME T — B Z B BeaE 2 g BNAE S — B
Bas B T b I iy A Eul NI B G
B B 2 R 2 55 I 2% Y A E M Ta] B O
SRR 5 D h i T SO A ) — BohE, SEA 5
G ) 25 %5 EAR S g 1K 09 52 D, O 38 3 9 il 43 A
UET T B By ) SR A Ak . SRR A R R W,

JEE UG, RE 6 A7 RLOR B S0 BN 2 45 4 L ) I 7E 68
S 5 F H R D5 R A2 AR AT T R AR T

553k 0 9k 5 w25 58 0 A A 2 2] PR 9 Ak B
RENAIR, EEMCRIA it — 28T, fERMT
VB FRCRE B3 o 1] 8 4R R AT 8 A 8 9 Oy 36
BT B ER S RUT7 ik DL o8 36 AR Bk X 2 2R 9 5
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