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Research on pavement marking based on SAID

noise cancellation algorithm

Chen Peng, Wang Bin
(College of Information Science and Engineering, Wuhan University of Science and Technology, Wuhan 430080 )
Abstract

Denoising of pavement marking images is an important part of the smart network technology. The de-noising
effect is poor, and the structural details are difficult to realize because the double-domain filtering is affected by the
gradient factor. According to the combination of the characteristic values of the Hessian matrix, a spatial adaptive
gradient factor is adopted to obtain a spatial double-domain denoising algorithm. The experimental results show that
compared with the existing PID method, the proposed method not only can effectively eliminate the noise in the road
direction image, but also can retain more structural details, which can provide algorithm material for the processing
of pavement marking images.

Key words: dual domain filtering, gradient factor, adaptive
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