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Abstract

Recently, the image processing field has been attracting attention due to the development of autonomous driving
technology. Severe weather conditions, such as foggy weather, reduce object recognition performance and image
visibility. Research on fog removal algorithms for overcoming bad weather environments is actively being conducted.
Since machine learning-based algorithms solve problems based on data, they are superior to methods that rely on
image processing/computer vision. In this paper, we propose a method to improve training efficiency by applying an
adaptive learning rate function that helps reduce the learning time compared to the existing machine learning
algorithm. In addition, when comparing with existing machine learning-based methods, the superiority of the proposed
algorithm has been proven through equal or better results in the quantitative numerical evaluation.
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Fig. 1. Training model
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Algorithm

Input: Saturation, Value, and Depth map of 500
synthetic Hazy images
Output: Parameter 6,, 6;, 8, values estimated by
machine learning model
Auxiliary functions:

1. mle : Maximum likelihood estimates

2. mle_diff)) : Maximum likelihood difference

3. Min_value : Minimum learning rate

4. Max_jter: Maximum iteration

5. Stop_condiition : Training stop conditions
Begin

1: for fferates from 1 to Max_iter do

1: for /mg = from 1 to 500 do

1: parameter & m/e update
if (mle_diff>0)

Do not update paramter & m/e

The parameter and m/e use previous value
learning rate= learning rate*0.9
if (learning rate*0.9) <Min_value)
learning rate=Min_value

parameter & mle update

- A a4 a4 A A

else

1. endif
1. else
end if

Update paramter & mle
if(mle_diff < Stop_codlition)

break

1: end for

1: end for

End
% 4 Hokst uho| Ziatsl ® mc
Fig. 4. Code of the proposed method
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Table 1. Result of executing time comparison.

Method
Parameter User Ir Adaptive Ir
Executing timel(s) 3469 337
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Table 2. Evaluation results for O-HAZE database

Method SSIM ™QI FSIMc
Zhu [6] 0.6647 0.8118 0.7738
Ngo [9] 0.7110 0.8544 0.7915
Proposed 0.7245 0.8709 0.8218
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Table 3. Evaluation results for I-HAZE database

Method SSIM T™QI FSIMc
Zhu [6] 0.6864 0.7512 0.8252
Ngo [9] 0.7528 0.7657 0.8407
Proposed 0.7630 0.7830 0.8628
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