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Semantic segmentation model for underwater cracks in concrete dams based on MobileNetV2-DeepLabv3+//HE
Wang' , NIU Xingiang®? , TIAN Jinzhang®*, ZHU Yantao'*( 1. College of Water Conservancy and Hydropower Engineering ,
Hohai University, Nanjing 210098, China; 2. State Key Laboratory of Water Resources Engineering and Management,
CISPDR Corporation, Wuhan 430010, China; 3. Research Center on National Dam Safety Engineering Technology, Wuhan
430010, China; 4. Changjiang Institute of Survey, Planning, Design, and Research Co. , Lid. , Wuhan 430010, China)
Abstract ;. To tackle the difficulty of detecting underwater cracks in concrete dams effectively with deep learning algorithms,
a semantic segmentation model for underwater cracks in concrete dams based on MobileNetV2-DeepLabv3+ was proposed.
The lightweight network MobileNetV2 was introduced into the model and the deep feature downsampling multiplier was
reduced to 8, so as to improve the recognition accuracy and inference speed under small dataset conditions. To alleviate the
problem of category imbalance, the combination of cross entropy loss function and Dice loss function was used as the loss
function of the model. The validation results from an engineering case show that the mean pixel accuracy and mean
intersection over union of the model on the test set are as high as 90. 87% and 86. 33%, respectively, meeting the
requirements for underwater cracks of high-precision semantic segmentation. Compared with other models, the proposed
model shows better segmentation effect of underwater cracks of concrete dams under typical conditions, with strong
generalization ability. With features of low memory usage and high inference speed, the proposed model is suitable for
underwater crack detection of concrete dams.

Key words: concrete dam; underwater crack; MobileNetV2-DeepLabv3+; semantic segmentation; machine vision
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