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Fig.1 Architectural modifications to the YOLOVS5 object detection model
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Fig.3 UAV-based imaging of dam body defects.
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Fig.4 Visual results from the improved YOLOVS architecture
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Fig.5 Concrete crack detection results.
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Tab.2 Comparison of detection performance among different models

i mAP@0.5/% mAP@0.5:0.95/% HEHEE /(frames™)
gk YOLOvS 93.29+0.41 74.39+0.38 34.3£0.5
RetinaNet 87.16+0.67 63.32+0.59 29.8+0.4
CornerNet 83.13+0.92 56.72+0.84 27.3+£0.6
YOLOX 90.06+0.35 72.59+0.46 32.5+0.4
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Research on Intelligent Crack Detection Method for Concrete High Dams Based on

Computer Vision

YE Fei', WANG Yun!, WANG Cheng!, ZHONG Hongxing', SHI Yan?, BAO Tengfei?, LI Yangtao?

(1. Luquan Wudongde Power Plant of Three Gorges Jinsha River Yunchuan Hydropower Development Co., Ltd., Kunming
651512, China; 2. Three Gorges Geotechnical Consultants Co., Ltd., Wuhan 430074, China)

Abstract: [Objective] Concrete dams are critical structures in hydraulic engineering systems and play essential roles in
flood control, irrigation, and power generation. To address the challenges of slender crack morphology, large scale variation,
complex background interference, and the low efficiency and subjectivity of manual inspection in UAV images of concrete
high dams, this study proposes an intelligent crack detection method based on computer vision, aiming to provide technical
support for dam safety inspection and defect identification. [ Methods] UAV-acquired crack images of concrete high dams
were used as the research object, and structural improvements were made to the YOLOVS object detection model. Specifically,
the Swin Transformer was introduced to replace the original CSP module to enhance global contextual modeling capability;
a 4x downsampling detection head was added to improve the detection of fine cracks and multi-scale targets; and the CBAM
attention mechanism was embedded to strengthen key crack features while suppressing complex background interference.
[Results] Experimental results show that the improved YOLOv5 model achieved stable training convergence and superior
performance in concrete high dam crack detection, with mAP@0.5, mAP@0.5:0.95, and FPS reaching 93.29%, 74.39%, and
34.3, respectively. Compared with classical detection models, the proposed model performed better in detection accuracy
and real-time capability, effectively reducing missed detections of fine cracks and false detections caused by complex
backgrounds. [ Conclusion] The improved YOLOvVS5 model can enhance feature representation, multi-scale detection, and
background interference suppression for concrete high dam cracks in UAV-based inspection scenarios. The proposed method
demonstrates favorable detection accuracy, real-time performance, and engineering application potential, and can provide a
reference for intelligent inspection and safety assessment of concrete high dams.
Key words: concrete dam; deep learning; machine vision; crack detection



