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Quantitative Research on Functional Defects in Drainage Pipelines Based on
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Abstract: To address the interference caused by annotation information such as text and arrows,
as well as the insufficient quantification accuracy in images of functional defects in drainage pipelines, a
single model often fails to balance detection precision and segmentation robustness. Therefore, this study
proposed a method that integrated an improved YOLO11 detection framework with point prompts to
enhance the defect segmentation capability of Edge-SAM and improve defect quantification accuracy.
First, by optimizing the YOLO11 backbone network and introducing adaptive convolution and boundary
refinement strategies, the method achieved high-precision object localization under lightweight
conditions, increasing the mAP@50 to 0.826. Second, a clustering-based adaptive prompt fusion strategy
was designed to guide Edge—SAM in achieving superior pixel-level segmentation, reaching an mloU of
0.681 6. Subsequently, based on circular cross-sectional geometric constraints and weighted least squares

fitting, the pipeline contour was extracted, and precise quantification was realized by calculating the
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defect area ratio. Finally, a parameterized correction formula was employed to suppress numerical

deviation, resulting in accurate defect grade matching rates of 0.68, 0.73, and 0.77 for sedimentation,

scaling, and obstacles, respectively. The method proposed achieves excellent performance in detection

accuracy, segmentation quality, model deployment, and quantification reliability, providing an efficient

and feasible technical solution for the intelligent operation and maintenance of urban drainage networks.
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Fig.1 Workflow for creating quantification model of

functional defects in drainage pipelines
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improved CycleGAN
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MaskR-CNN 0.666 5 0.5532 44.5 231 365 14
YOLACT 0.702 6 0.606 8 28 60.6 117 29
SAM(ViT-H) 0.7752 0.6752 632 3072 2 460 5
Mt Edge-SAM 0.749 7 0.6357 5.52 20.67 37.01 34
Ptk + 3R Edge—SAM 0.780 5 0.681 6 5.52 20.67 37.01 33
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Fig.9 Visual comparison of segmentation model results
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Fig.10 Visualization of pipeline cross-section extraction
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