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PCB Defect Detection Method Based
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Abstract; Aiming at the low detection efficiency of the small-size defects of PCB surface, which cannot meet the real
time detection requirements industrial production, a defect recognition method based on improved U-Net for printed circuit
board defect detection is proposed. Firstly, reduce the original four layers of U-Net to three layers to reduce network compu-
tation and shorten model training time. Secondly, the convolutional block attention module (CBAM) was integrated into the
U-Net network to improve the significance of the defective targets in the image. Finally .in the encoding stage, the hybrid
dilated convolution is used to replace the original convolution block to increase the receptive field and obtain more context in-
formation. The results show that the improved U-Net model network improves network performance while reducing the
computational complexity of the U-Net network and can increase the efficiency of printed circuit board defect detection.
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