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Fog Simulation Method Based on Depth Estimation

Li Liang, Ye Qing’, Liu Jianping, Liu Yuze
School of Electrical and Information Engineering, Changsha University of Science and Technology,
Changsha 410114, Hunan, China

Abstract A fog simulation method based on depth estimation is proposed, aiming at the lack of foggy image datasets.
The brightness and saturation are adjusted adaptively to preprocess the clear original image, self-supervised monocular
depth mining network is used to generate the depth map and which is optimized by guided filtering. Transmittance map is
obtained with setting the visibility of the simulated image, the dark channel map is used to distinguish sky area to estimate
the atmospheric light value, and simulated foggy image with visibility is generated through the atmospheric scattering
model. According to the experimental data, the problems of unclear targets in simulated images and sharpening of fog
edges are improved effectively. The effect is stable when simulated foggy visibility is below 2000 m, which average error
rate of feature evaluation index between simulated foggy image and real foggy image is 6.28%, which shows that the
proposed method is feasible. It can simulate clear images in natural environment to solve the problems of lack of foggy
image dataset and visibility data.
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Fig. 1 Self-supervised monocular depth estimation framework
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Fig. 3 Images without improvement. (a) Clear image; (b) depth map; (c) fog simulation image
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Fig. 4 TImages with pretreatment. (a) Clear image; (b) depth map; (c) fog simulation image
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Fig. 5 TImages with improvement . (a) Clear image; (b) depth map; (c) fog simulation image
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Table 1 Image evaluation mean

L

Evaluating indicator BRISQUE NIQE PIQE

Original 28.8 3.1 52.4
Pretreatment 25.7 1.9 21.7
Improvement 25.3 1.9 21.4
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Table 2 Relationship of visibility and fog concentration
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Fig. 8 Visibility at 250 m
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Fig. 6 Clear image without fog simulation Fig. 9 Visibility at 550 m
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10 1200 m fig W&
Fig. 10 Visibility at 1200 m

E 605 FE 10H/2023 £ 5 B/HAEBFEHRE

I B8 5 55 AR A A R BE UL B X b AR — B0, 1B
P PR UL AT AR e 25 R RIMR Y BLSERE WL
4.3 EXREMEGHFEITEHR

R B8k 55 R AR AU R B A 0 kg5 R AU EIHR
H5HEEREEHEITIT . B 11 R4 BoR a8 WL E
200,600, 1700 m B 1) L 55 25 K B &, 5] 12 2 7] —
Y 5 J0 55 B 55 R BLH0L 2 A9 i I B R 200,600, 1700 m
B RS . AR RS 0 3 WA R F AR 55 K
BE AL, X G ARR AR 24T T SDE AN, R TE 2 2% SO
BhT 5 TTA H8 bR 04T RS LR

BI11 B9 % KR () BE WL 200 m; (b) B WL BE 600 m () AE WLEE 1700 m
Fig. 11 Real fog image. (a) Visibility of 200 m; (b) visibility of 600 m; (c) visibility of 1700 m

B2 B0 % KIS . (a) 8L 200 m; () fE LA 600 m; () AEILJE 1700 m
Fig. 12 Simulated fog image. (a) Visibility of 200 m; (b) visibility of 600 m; (c) visibility of 1700 m
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Table 3 Comparison of evaluation indicators

Visibility /m Category Laplacian SMD /10 SMD2 /10 Entropy E. /%

Real fog 97.5 0.445 1. 266 4.511

200 Simulated fog 92.3 0. 449 1.314 4.009
E, /% 5. 33 0.89 3.79 11.13 5. 28

Real fog 170. 2 0.925 2.191 4.939

600 Simulated fog 159.7 0.873 2.9522 4.979
K, 6.17% 5.62% 15.11% 0.81% 6.93

Real fog 591.4 1.214 5.693 5. 206

1700 Simulated fog 586. 6 1.342 5.972 4.726
E. 0.81% 10. 54 % 4.90% 9.22% 6. 36
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Fig. 13 Curve of simulated fog error rate varying with visibility
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