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Abstract: With the advancement of industrial intelligence, higher requirements for detection accuracy and model efficiency have been raised
in weld defect detection tasks. To enhance the performance of MPC-=YOLO11 in weld defect detection, an improved YOLO11 model combin-
ing multiple structural optimizations is proposed. First, a completely new C2PSA-MKP structure is constructed to enhance the multi-scale
modeling capability of feature extraction. Second, an improved C3k2—AP structure based on Pinwheel convolution is designed to strengthen the
perception of directional features and fine—grained defects. Third, the ECAFM module is embedded before the three detection heads to en-
hance feature allocation and object representation. Finally, experiments on a weld defect dataset verify the effectiveness of the proposed im-
provements. Results show the improved model increases mAP@0.5, mAP@0.5:0.95, and recall by 5.6%, 6.9%, and 10.2% respectively, sig-
nificantly enhancing weld defect detection.
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Fig. 6 Comparison of oil and gas pipeline weld defect images
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