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Abstract: Aiming at the harsh environment and serious light pollution in the production workshop of auto-
mobile body-in-white, it is difficult to accurately locate and inefficient when the vision system and other
equipment are combined to detect the quality of the solder joints. An improved U-Net image segmenta-
tion algorithm was proposed. By improving the convolution structure to better fuse the semantic informa-
tion of the feature map and lighten the network structure. Improve the loss function and integrate the atten-
tion mechanism to better mine the foreground in the case of uneven positive and negative samples, obtain
spatial features of different scale feature maps and establish long-term channel relationships. Compared
with the original U-Net network, the Dice coefficient of the proposed RPSA-U-Net network is increased
by 8.76% to 0.983 6, the MIOU is increased by 11.5% to 0.967 81, and the network parameters are
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also reduced by 7%. Combined with the image processing method to find the center of the solder joint,

the efficiency is higher and the precision is higher, and it has application value.

Key words: semantic segmentation; solder joint positioning; deep learning; attention mechanism
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