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Research on crack segmentation algorithm of asphalt pavement
based on GSO-Kmeans

LIN Tao, LI Xianpei, SHENG Wenda, REN Yiqing, ZHANG Wei, SUN Meng
(School of Engineering Machinery, Chang “an University, Xi ‘an 710064, China)

[ Abstract] The traditional K — means clustering algorithm only considers the specific gray value of the image in image
segmentation, and the random selection of the initial clustering center will lead to a lot of interference in the segmentation results. In
the complex background of asphalt pavement with high noise, the clustering extraction effect of cracks is not ideal. In this paper,
GSO-Kmeans algorithm is proposed to segment asphalt pavement cracks. The algorithm firstly uses GSO algorithm to search the
asphalt pavement crack image and determine the initial clustering center, and then uses K—means clustering algorithm to segment the
asphalt pavement crack image. The results show that GSO - Kmeans algorithm has good precision in asphalt pavement crack

extraction, and has the advantages of fast convergence speed and accurate segmentation results.
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Fig. 1 Basic flow chart of GSO—Kmeans algorithm
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Fig. 2 Comparison before and after GSO-Kmeans clustering
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Tab. 1 Comparison of algorithm iteration times and target running

time
K~-Means GSO-Kmeans
SRR AL 7.267 3.733
3B AT HE AL/ ms 64.762 42.119
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Fig. 3 Comparison of pavement crack segmentation test
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