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A night traffic scene enhancement algorithm based on double fusion
Unet light suppression curve estimation
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Abstract: The existing enhancement methods were found to be inadequate for dealing with night traffic images
characterized by multiple and complex light sources and uneven brightness distribution, and were prone to
overexposure and image blurring. To address this problem, a night traffic image enhancement algorithm for light
suppression curve estimation based on double fusion Unet was proposed. First, the glow decomposition model was
introduced to suppress the light of the input image, suppressing the noise of the image while removing the influence of
artificial light sources. Secondly, the double fusion Unet network was utilized, where the designed double fusion
module could integrate more layers in the encoding and decoding process. The feature information preserved more

image details when extracting illumination information, thereby predicting the illumination distribution map better
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suited for the input image. Finally, the suppression image, the original night traffic image, and the illumination

parameter map extracted by the network served as input, and the improved curve estimation algorithm was applied,

thus enhancing the input night traffic image and improving visual quality of the image. Experimental results showed

that the proposed algorithm could outperform its counterparts in both subjective and objective comparisons, proving

its effectiveness, particularly in the cases of many light sources with uneven distribution.
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Fig. 5 Comparison of image enhancement effects in monochrome light source scene ((a) Original image; (b) Literature [26];
(c) Literature [21]; (d) Literature [25]; (e) Literature [27]; (f) Ours)
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Fig. 6 Comparison of image enhancement effects in multi-color light source scenes ((a) Original image; (b) Literature [26];
(c) Literature [21]; (d) Literature [25]; (e) Literature [27]; (f) Ours)
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