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Study on Concrete Surface Crack Recognition in Complex Scenario
Based on Deep Learning

LEI Si-da, CAO Hong-you, KANG Jun-tao
(School of Civil Engineering and Architecture, Wuhan University of Technology, Wuhan Hubei 430070, China)

Abstract: In order to more conveniently and reliably classified collection of crack images and identification of
these cracks in bridge health monitoring, improve the crack identification effect, which is greatly affected by
the selection of the initial clustering center of the extraction algorithm and the image background environment,
an image recognition method suitable for concrete crack detection under various scene conditions is proposed.

Convolutional Neural Network (CNN) is one of the representative algorithms of deep learning. The algorithm
has the ability to characterize learning and can classify the input information according to its own hierarchical
structure. Relying on the inspection project of a bridge in Wuhan City, after collecting the image data on the
spot, an image classification model suitable for concrete crack image classification is built by using CNN, and
the classification of concrete structure images in complex scenes collected during the inspection project is
realized. Meanwhile, considering the large local cluster density and Euclidean distance of the clustering
center in the traditional K-means algorithm, combining with the characteristics of statistical principles and

morphological methods, the traditional K-means algorithm is improved, which can complete the crack
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skeleton segmentation extraction and crack width calculation of crack images in complex scenes.

Subsequently, through the identification of 600 images sampled from the surface of the bridge in the

inspection project site, the effectiveness of the proposed method under the complex environmental conditions

where concrete surface peeling, stains, moss, etc. which will seriously interfere with the extraction effect of

the image crack skeleton is verified, and the proposed method has higher crack detection efficiency compared

with traditional methods.

Key words: bridge engineering; crack identification; deep learmning; crack image; crack width
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Tab.3 Calculation result of crack width (unit: mm)
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