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Abstract

Component defect inspection using manufacturing process images is essential for quality-control automation. In this
study, a YOLO-based object detection model was applied to detect balls and determine defects in a ball lens actuator.
The full-image method achieved an mAP50-95 of 0.9752, which was 6.88 percentage points higher than the ROI-based
region method with 0.9064. In the full-image method, six YOLOv5 and YOLOvVS models with small, medium, and
large sizes were also compared. All models achieved a Recall of 1.0, while the mAP50-95 ranged from 0.9481 to
0.9659 for YOLOVS and from 0.9729 to 0.9752 for YOLOvS. These results show that contrary to general expectations,
the full-image method provides more stable and superior performance by learning the structural context around objects.
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