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Dam Crack Detection Method Based on Universal Target Detector

ZHAO Fan'?, LI Linyun"?, WEI Renjie"*, ZHANG Zhiwei'?

(1. School of Printing, Packaging and Digital Media, Xi’an University of Technology, Xi'an 710054, China;2. Shaanxi Provincial Key
Laboratory of Printing and Packaging Engineering, Xi’an University of Technology, Xi'an 710054, China)

Abstract: Aiming at the problem that the existing dam disease detection methods can only roughly locate
the area where the crack is located, a dam crack extraction method based on a universal target detector is
proposed. Firstly, a two-target detector is designed to detect the crack area and the water stain area as two
independent targets on the image at the same time. Secondly, the geometric position relationship between
the crack area and the water stain area associated with the same crack is established. Finally, the upper
boundary of the water stain frame contained in the crack frame is uniformly sampled, and the curve fitting is
performed on the sampling points to obtain the crack curve. The experimental results show that the
proposed algorithm can not only accurately detect the crack frame and water stain frame, but also fit the
crack curve completely, and it has been effectively verified in the detection of dam diseases with
millimeter-level width.

Key words: universal object detector; dam crack; disease detection; deep learning; curve fitting
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(a) Manually annotated (b) Third-order polynomial (c) Fifth-order polynomial (d) Seven-order polynomial (e) Nine-order polynomial
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Fig.5 Crack curve fitting results by polynomials with different orders
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(a) Manually annotated images (b) The ground truth of crack curve
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(c) Curve extraction results based on Faster R-CNN detector (d) Curve extraction results based on YOLOv3 detector
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(e) Curve extraction results based on U-net™ detector () Curve extraction results of our method
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Fig.8 Comparison results of crack curves
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