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Tab.1 Composition of the divided defect dataset
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Fig. 4 Schematic diagram of a sample defect dataset
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Surface Defect Detection of Hydraulic Concrete Structures

Based on Deep Learning
CAO Guo-jin',SU Chao*, WANG Wen-jun®

(1. Guangzhou Liuxihe Irrigation District Management Center, Guangzhou 510920, Chinaj;
2. College of Water Conservancy and Hydropower Engineering, Hohai University, Nanjing 210024 ,China)

Abstract: Early and timely defect detection is essential to ensure the safe operation of hydraulic concrete structures.
The deep learning-based computer vision method does not require complex manual feature engineering, and can automati-
cally determine the category of structural defects in remote images, overcoming the shortcomings of traditional manual vi-
sion that are labor-intensive, subjective and prone to errors. Inspired by this, this paper proposes a deep learning-based
defect detection method, which introduces attention mechanism into the ResNeXt50 network to adaptively recalibrate the
channel-level feature responses, so that the model can pay more attention to the defect information in the image and en-
hance the feature extraction ability. Test results show that the proposed method can achieve an F1 score of 88. 0%, and
realize a good classification effect for common concrete defects.

Key words: hydraulic concrete structure; defect classification; deep learning; convolutional neural network; attention

mechanism





