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[ Abstract] For defect detection and defect classification problems of Scanning Electron Microscope ( SEM) images
during wafer inspection, this paper applies a Convolutional Neural Network ( CNN) called ZFNet to classify wafer
defects. On this basis,a patch-based CNN defect detection algorithm is proposed. For better accuracy and higher speed,
another detection algorithm is proposed by modifying Faster RCNN classifier. Experimental results show that,by learning
from the defects data marked with locations and types,the two detection algorithms can both detect and classify defects of
multiple types on SEM images.
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