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Performance Analysis of Fog Removal Models Based on Fog Density
Using Synthetic Fog Images
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Abstract: Adverse weather conditions such as fog can severely impair object detection performance in autonomous driving systems.
Therefore, research on improving visibility through efficient fog removal is being conducted. However, excessive fog removal can
result in losing image details or introducing artificial artifacts, while insufficient fog removal may obscure important objects. This
study compares various synthetic fog image techniques and analyzes the performance of fog removal models trained with different fog
densities to evaluate their performance based on fog density. Models trained with light fog show significant performance degradation,
while those trained with dense fog experience less performance loss. In the future, we plan to develop a fog density estimation algorithm
for optimal fog removal and will compare the performance of various fog removal algorithms to maximize their effectiveness.
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Fig. 1. Depth estimation using Monodepth2.
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Fig. 2. Framework for generating synthetic fog images.
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(b) Fog effect applied uniformly - atlnosphérié séattenng coefficient

B 1.0.

(c) Fog effect apphed based on depth atmosphenc scatterlng
coefficient 5 1.0.
W N Edel #d FE < &
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Fig. 3. Comparison of fog effects based on depth estimation and
uniform distribution with an atmospheric scattering coefficient
of 8 1.0.
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Table 1. Average number of object detections under uniformly
distributed fog effect.
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Table 2. Average number of object detections under fog effect based
on depth estimation.
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environments.
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Example images from the Foggy Zurich dataset.
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Object detection performance comparison based on fog
removal models using the Foggy Zurich dataset.
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Table 5. Object detection performance comparison based on fog

environments. removal models using the light Foggy Zurich dataset.
Qb7 ANA A HE A ANA A A= 5
p1.0 10045 B1.0 2902
p15 10318 P15 2880
p2.0 10426 p2.0 2919
B2.5 10231 B2.5 2824
p3.0 10349 p3.0 2717
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Table 6. Object detection performance comparison based on fog

removal models using the medium Foggy Zurich dataset.

A AA 2 WA A& T
B10 2455
B15 2434
B20 2468
B2.5 2405
B30 2335
B1.0-30 2454
Original 2286

¥ 7. Heavy Foggy Zurich Blo]E1 Al 71 Hll AlA Edl
mhE A A& S

Table 7. Object detection performance comparison based on fog
removal models using the heavy Foggy Zurich dataset.
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Fig. 6. Example images from the DAWN dataset.
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Table 8. Object detection performance comparison based on fog

removal models using the DAWN dataset.
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