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Abstract: Weld quality is directly related to the structural integrity and operational safety of industrial equipment. Efficient and accurate de-
tection of weld surface defects is essential for intelligent manufacturing and quality control. However, traditional weld defect detection methods
often suffer from limited detection accuracy and poor generalization ability in complex interference environments. To address these challenges,
this paper proposes a lightweight improved model, termed YOLOv12-DSD, based on YOLOv12 for efficient and accurate weld surface defect
detection. First, a dynamic convolution mechanism is introduced into the feature extraction stage, and a C3k2_D module is constructed to en-
hance the model’s adaptability to complex texture features and multi-scale defect targets. Second, an SMPDIoU loss function is designed for
the bounding box regression stage to improve the modeling capability of geometric structural differences and localization errors. Finally, a Dy-

Head module is incorporated into the detection head, leveraging attention mechanisms across scale, spatial, and task dimensions to strength-
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en feature representation and discrimination for multiple defect categories. Ablation and comparative experiments are conducted on a weld de-

fect dataset containing 1,414 images. The results demonstrate that the proposed YOLOv12-DSD model contains only 2.13 M parameters while

achieving a precision of 92.41%, a recall of 74.80%, and an mAP@0.5 of 87.66%, outperforming existing mainstream object detection algo-

rithms in overall performance. The experimental results indicate that the proposed model improves detection performance while maintaining a

lightweight architecture,, demonstrating strong potential for industrial deployment and practical applications.

Key Words: weld defect detection; dynamic convolution; lightweight model; YOLOv12
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Fig. 8 Visualization results of porosity defect detection
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Fig. 9 Visualization results of crack defect detection
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