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ABSTRACT

QFN(Quad Flat No-leads package) is one of the SMD(Surface Mount Device). Since there is no lead in QFN,
there are many defects on solder. Therefore, we propose an efficient mechanism for QFN solder defect
detection at this paper. For this, we employ Convolutional Neural Network(CNN) of the Machine Learning
algorithm. QFN solder’ s color multi-layer images are used to train CNN. Since these images are 3-channel
color images, they have a problem with applying to CNN. To solve this problem, we used each 1l-channel
grayscale image(Red, Blue, Green) that was separated from 3-channel color images. We were able to detect
QFN solder defects by using this CNN. Later, further research is needed to detect other QFN.
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