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Fig. 2 Preprocessing results
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Fig. 3  Clustering results of STING algorithm
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Fig. 4 Local gray level variance extraction results
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Fig. 5 Rough segmentation results and denoising results
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Bridge Crack Detection Based on Local Feature Clustering
Combined with Regional Growth

HE Fu-qgiang, PING An, LUO Hong, YAO Xue-lian
('School of Mechanical Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Aiming at the problems such as weak anti-interference ability of traditional crack detection algorithm
and easy misjudgment of shallow cracks, a local feature clustering combined with area growth algorithm for bridge
crack detection was proposed. Firstly, in order to solve the problem of crack segmentation affected by the concrete
cuticle shedding and water seepage, the Gauss-Frangi dual filter was used to blur the image, degrade the character-
istic information of noise, and enhance the linear structure in the image. Secondly, aiming at the problem of shal-
low cracks with weak features that could not be recognized by conventional algorithms, according to the spatial cor-
relation between crack points in local regions, a new algorithm based on grid clustering combined with regional
growth algorithm was proposed to realize the dynamic segmentation of local regional cracks. Finally, a method
based on shape feature and structure similarity principle was proposed to eliminate the pseudo-crack noises in the
image segmentation. Experiments show that the proposed algorithm can detect more details of cracks, maintain a
high accuracy rate, and improve the quality of crack image segmentation.

[ Key words| image denosing grid clustering regional growth structural similarity crack detection



