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Machine Vision and Deep Learning Based Defect
Inspection System for Cylindrical Metallic Surface

e LYy N *
BRokIE -~ BRE  (THE
Eugene Su, Yuan-Wei You, Chao-Ching Ho"

B 2012 fF/w g K Alex Krizhevsky F748 £ o4 [ F% 5 /5 ImageNet 89 Large Scale Visual Recognition
Competition & & B4 > i%f’i%—‘””ﬁi%’c#ﬁ‘iT%ﬁ"iE‘gAlﬁ%é‘] B 0 AR B 6y & K LA 5T B BRAT SR AR N
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Since the Alex Krizhevsky team won the championship of ImageNet Large Scale Visual Recognition Competition
in 2012, deep learning has set off a new wave of artificial intelligence field, with all industries and research groups
competing for deep learning field. However, the open question is whether the deep learning is the magic solution
in a fairy tale or not. In this paper, we discuss how to employ the deep learning in the field of automated optical
inspection industry, and analyze the skills of directly applying the current deep learning model to the defect
detection based on the optical inspection method. Compared to the deep learning in the fields of speech recognition,
natural language processing, medical or other computer vision applications, few literatures are found in discussing
the defect detection based on deep learning. Therefore, this paper offered the solution of applying the deep learning
in the field of defect detection for golf clubs based on the optical inspection method.
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