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Crack detection method based on clustering segmentation
WANG Sen

(Department of Assets Management, Shenyang Institute of Engineering, Shenyang 110136, China)

Abstract: Aiming at the serious interference of particle noise on road surface, the crack contour extracted by traditional clustering
algorithm is incomplete and has poor continuity. This paper proposes a superpixel and fast fuzzy C—means clustering method for
pavement crack extraction. Firstly, histogram equalization is used to improve the contrast between normal pavement and pavement
cracks. Then, Gabor texture features are combined with simple linear iterative clustering method to generate superpixels. Finally,
the fast fuzzy C-means clustering algorithm is used to calculate the membership matrix according to the histogram information, and
the crack superpixel blocks are aggregated into a complete crack area. The superpixel segmentation method based on fusion feature as
similarity measure can improve the initial segmentation effect and obtain more accurate superpixel edge. By introducing the
histogram information into the objective function, the fast fuzzy C—means clustering algorithm reduces the computational complexity
of clustering segmentation and improves the computational efficiency. In order to prove the accuracy of the proposed algorithm, it is
compared with the other three methods on the public datasets Crack Forest Dataset and DeepCrack. The experimental results show
that the proposed algorithm can effectively detect and extract pavement cracks, which can provide effective information for road
disaster detection.
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Fig. 1 Different image gray histograms
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Fig. 2 Contrast enhancement gray histogram difference
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Fig. 3 Texture feature extraction
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Fig. 4 Crack image superpixel segmentation results
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Fig. 5 Experimental results comparison
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Fig. 6 Accuracy evaluation results on Crack Forest Dataset
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Fig. 7 Accuracy evaluation result on DeepCrack dataset
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Fig. 8 Crack image extraction effect
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