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Abstract:  Urban sewer inspection plays a crucial role in city management and is of great
significance for ensuring the safe operation of cities. In response to the high complexity and low accuracy
issues associated with existing models for sewer inspection, a lightweight YOLO-Pipe model was
developed by optimizing YOLOv5n with the C3_PConv structure, PloUv2 loss function, and layer
adaptive amplitude pruning algorithm. The YOLO-Pipe model was then integrated with the ByteTrack
tracking algorithm to propose a Pipe—Track defect tracking algorithm based on sewer inspection video
data. Results indicated that the YOLO-Pipe model achieves a mAP@50 of 94.8% for defect detection
with an inference time of 28.2 ms. Compared to other models, YOLO-Pipe achieves higher detection
accuracy while maintaining real-time detection. The integrated Pipe—Track algorithm has achieved
detection on video datasets, with an average defect locking rate of 92.3%, demonstrating excellent defect

detection performance.
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Tab.1 Ablation experiment

i A C3_PConv | PIoUv2 | LAMP | FLOPs/G | Parameters/10° | Model size/MB mAP@50/% Inference time/ms
YOLOv5n - - - 7.1 2.5 5.0 93.2 272
YOLO-Pipe-a N - - 7.0 24 4.8 93.2 27.0
YOLO-Pipe-b - N - 7.1 2.5 5.0 93.8 27.2
YOLO-Pipe—c N N - 7.0 2.4 4.8 94.1 27.1
YOLO-Pipe—d N Voo [Vx13)| 52 1.9 3.8 93.9 27.7
YOLO-Pipe N Voo [Vix12)] 58 2.0 4.1 94.8 28.2
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Tab.2 Comparison of different model performances

Parameters/| Model | mAP@ |Inference
Model  |FLOPS/G| " o | 5 /MB| 50/% | time/ms
YOLOvSn 7.1 25 50 | 932 | 272
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YOLOV3 18.9 12.1 233 | 947 | 372
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YOLO-Pipe| 5.8 2.0 4.1 | 948 | 282
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Fig.6 Schematic of defect tracking performance
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