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Research on Leakage Detection and Location of Sand—filled Glass
Fiber Reinforced Plastic Pipe Based on YOLOv3

ZHANG Jianghong
(Anhui Water Conservancy and Hydropower Survey and Design Research Institute Co., Lid., Hefei 244061, China)

Abstract : To overcome the increased difficulty in leak detecting and positioning of sand—filled FRP pipes due to the pipes” multi
—layer composite structure and irregular surface, this study proposes a leak detection model improving " You Only Look Once
Version 3" ( YOLOv3 ), and a leak location model based on accelerated robust features. YOLOv3 introduces strategic
improvements such as polygon bounding boxes, feature map fusion, and parallel maximum pooling. The accelerated robust
features introduce descriptor dimensionality reduction, nearest neighbor ratio method and purification algorithm of disparity
gradient constraint. The performance test displayed the feature point matching rate and feature point repetition rate of the
positioning model under a 60° viewing angle as 67.2% and 58.9% respectively, the simulation test indicated the leakage
detection model s highest accuracy as 94.3%, and the positioning error of the positioning model merely as 2.07 px. The
experimental results demonstrate the significant improvement of detection accuracy of the proposed leak detection and positioning
model.
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