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Al Visual Inspection System

Defect Detection using Deep Learning

Yuki Hanzawa, Yasuyuki lkeda, Masashi Kurita and Yuki Hasegawa

In this paper, we propose a technique to detect various defects in uniform background objects (hairline, satin,
etc.) in visual inspection system. "Human resources shortage" and " diversification of consumer needs" have
emerged recently in the field of manufacturing, and the demands for the autonomous visual inspection system are
increasing. The existing inspection system, however, cannot adapt to a wide variety of objects / defect types. We
built Deep Learning model that learns a variety of defect types in advance, thereby constructing a defect
detection system that enables anyone to automatically perform inspection like human eye without any
complicated setup. In addition, without introducing high-cost computing resources such as GPU, it can be feasible
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on existing vision system by highly optimizing for modern CPU.
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