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Abstract

The aging operation method of the root industry (plastic processing industry) causes problems such as aging of
professional personnel, difficulty in transferring know-how at production sites, decreasing productivity of unskilled
workers, inaccuracy and quality of visual inspection-based systems. In line with the fourth industrial revolution, it is
a trend to solve the above root industry problems by establishing a smart factory applying artificial intelligence
technology. In this paper, cutting surfaces foreign material detection techniques are implemented through artificial
intelligence object detection to reduce the occurrence of defects in forging processes in the plastic processing field. In
addition, acurancy and mean Average Precision (mAP) were compared with the detection results of Fast-RCNN, SSD,
and Yolo to prove the possibility of establishing a smart factory optimized for the plastic processing industry.
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Table 1. Development environment
Program and library Version
Windows 10
Python 38
OpenCV 401
Rawpy 0.16.0
Tensorflow 250
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Yolo V5
Torch 1.9.0
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Fig. 7. Structures of Faster-RCNN and RPN[5]
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Fig. 14. YoloV5s loss
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Fig. 15. YoloV5x loss
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