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Abstract

For problems such as strong background texture interference, large defect scale range, easy missed
detection of micro-defects, and inaccurate positioning of blurry defects in metal surface defect de-
tection, this paper improves the YOLOv12n model from three dimensions: feature extraction,
boundary regression, and activation functions, and proposes an optimized algorithm suitable for
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metal surface defect detection. By constructing the A2C2f DFFN_DYT_Mona multi-scale frequency
domain feature enhancement module, the defect feature extraction ability in complex backgrounds
is strengthened, and the deficiency of insufficient feature representation in the original model is
compensated; by integrating the MPDIoU, Focaler-loU and dynamic Wise-IoUv3 loss mechanisms,
the weights of difficult and easy samples are adaptively balanced, and the interference of annotation
noise is effectively suppressed, improving the boundary positioning accuracy of tiny and blurry de-
fects; by introducing the Hardswish lightweight activation function to replace the SiLU activation
function, the feature fitting ability is ensured while reducing the inference cost, and the real-time
detection performance of the model is improved. Experimental results show that compared with
the original YOLOv12n model, the improved algorithm’s accuracy, recall rate, mAP50-95 and the
overall FPS have increased by 1.24%, 3.07%, 0.46% and 0.71% respectively. While improving the
accuracy, it maintains high efficiency and can effectively meet the real-time quality inspection re-
quirements of industrial metal defects.
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Figure 1. Improved YOLOvV12 network structure diagram
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Figure 2. A2C2f DFFN_DYT Mona module
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