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Abstract: Aiming at the high cost and low efficiency of manual defect detection in domestic butyl rubber stopper production lines, an im-
proved surface defect detection algorithm based on YOLOv8 is proposed. Firstly, a multi-scale convolution module, FMSConv, was designed
to enhance the network’s ability to extract defect features at different scales, effectively addressing the issue of significant changes in product
surface defect size; Secondly, the SEAM attention mechanism is introduced into the detection head to enhance the response of key features,
alleviate missed and false detections caused by product stacking or occlusion, and improve detection accuracy in complex scenes; Finally,
MPDIoU is used instead of CloU as the bounding box regression loss function to optimize the localization performance of the model and acceler-
ate the convergence speed of training. Experiments on the defect dataset on the surface of butyl rubber plugs show that the improved model per-
forms well mAP@0.5 On the indicators, it reached 83.7%, which is 5.5% higher than the original YOLOv8n model. The model parameter size
is only 2.4 MB, and the computational cost is 6.2 GFLOPs, demonstrating good lightweight characteristics. The cross dataset validation results
on the GC10-DET dataset show that the method has strong generalization and robustness, and can meet the practical application needs in the
industrial field.
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Fig. 1 Network structure of the improved YOLOVS algorithm model
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Fig. 3 SEAM attention mechanism structure
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Fig. 6 Partial defect images from the dataset
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Table 1 Results of ablation experiment
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Table 2 Comparative experimental results
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