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Enhancement of blurred road-traffic images based on

generative adversarial network

CAO Jin’ gang, LI Jinhua, ZHENG Guping
(School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: To improve the quality of blurred road-traffic images and facilitate road traffic management, we propose a

multi-scale multi-path learning model based on a generative adversarial network, which solves the problem of enhan-

cing motion-blur images in road traffic scenarios. First, the model selects a neural network with a multi-scale convolu-

tion kernel to extract the eigenvalues of the input image in more detail. Then, by combining local and global residual

learning techniques and applying recursive learning with multi-path and multi-weight sharing, the model performs ad-

versarial training between discriminant and generating networks to optimize the network parameters. Lastly, an image is

generated directly end to end. The experimental results show that the proposed model can effectively enhance motion-

blur images in road traffic scenarios, and the details of the generated image are richer and have better visual effects.

Keywords: enhancement; road traffic; motion blur; multi-scale; multi-weight; residual network; neural network; gener-

ated adversarial network
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Fig. 2 Overall framework of the proposed model
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