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Abstract

In the semiconductor manufacturing process, for the wafer back damage defects target is small
and the degree of adhesion is too high resulting in recognition difficulties, this study in the extrac-
tion of adhesion target contour enclosing box, combined with the deep learning method, proposed
a YOLOv8 based wafer back damage defects automatic identification method. Firstly, image pre-
processing is performed on the captured images to extract the connectivity domains of all the tar-
gets of interest, and the original images are sliced into localized images by combining the informa-
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tion of the enclosing boxes of the contours of the connectivity domains, which lays the foundation
for the accurate counting of defective targets; secondly, the localized image dataset is inputted in-
to the YOLOVS target detection network with the pre-training weights by adopting the migration
learning strategy, and the output model files are used to recognize the targets in the localized im-
ages. The output model file is used to identify the target in the local picture; finally, the informa-
tion of the enclosing box is combined with the compensation of the identification points in the lo-
cal picture, so as to realize the identification and localization of the wafer back damage defects in
the original picture. Experimental results show that the recognition accuracy of this method can
reach 96.81%, which is better than the traditional algorithm.
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Figure 1. Algorithm flowchart
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Figure 2. Image preprocessing flowchart
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Figure 3. Defect objective profile hierarchy diagram
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Figure 4. YOLOV8 network structure diagram
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Figure 5. Defective target area classification chart
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Figure 6. The mAP for type | objective deficiencies
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Figure 7. The mAP for type Il objective deficiencies
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Table 3. Identifying data analysis table
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2 669 602 653 89.99 97.61 7.45 5.46
3 585 516 560 88.21 95.73 8.86 6.31
4 545 491 529 90.09 97.06 7.37 5.32
5 693 620 675 89.47 97.40 7.86 5.74
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