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Abstract: A drainage pipeline defect detection algorithm based on improved YOLOvS8s is proposed to address the problem of large parameter
and computational complexity in urban drainage pipeline defect detection algorithms, as well as the difficulty of defect detection caused by the
complex internal environment of pipelines. The algorithm first uses the MobileNetV3 feature extraction network as the backbone and introduces
an ECA attention module to improve the inverse residual structure, enhancing the model’s feature extraction ability; Secondly, utilizing the
Slim Neck architecture to improve the original neck structure further enhances the lightweight level of the network ; Finally, by combining
adaptive spatial feature fusion, the detection head is improved to effectively filter out conflicting information and enhance scale invariance. The
experimental results show that compared with the original YOLOv8s model, the improved YOLOv8s model performs better on the pipeline de-
fect dataset, the mAP@0.5 and mAP@50:95 has improved by 4.7% and 3.6% respectively, indicating an overall improvement in performance.
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Fig. 1 Inverted residuals structure
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Fig.2 ECA module structure
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Table 2 Ablation experiment result
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