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[Abstract]

The rapid advancement of society due to industrialization, particularly through mass production
enabled by automation, has led to the production of numerous products. However, it is difficult to
ensure that all products are manufactured perfectly without defects. Therefore, identifying defects in
products during the production process has become crucial. In modern society, detecting defects in
various materials is highly valued. This paper focuses on detecting defects in plastic materials, which
are among the most widely used and practical materials. In this study, we manually labeled the dataset,
creating a dataset consisting of two classes. We utilized the YOLOvVS (You Only Look Once) model,
which is capable of object detection, for training. To ensure fair evaluation, k-Fold Cross Validation
was performed, resulting in an average F1 Score of 0.95, mAP50 of 0.97, and mAP50-95 of 0.68.
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I. Introduction
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II. Related Works

1. Related works

1.1 Aluminum Products
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1.3 Automotive Plastic Parts
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1.5 Plastic Injection Molding Process
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III. Data set
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Fig. 1. Sample Images
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Fig. 2. Labeled images

IV. Experimental Results

1. Model Training and k-Fold Cross Validation
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Fig. 11.

F1-Confidence Curve
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Fig. 13. Classification result image

V. Conclusions
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