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Recently, metal 3D printing technology has developed and has been widely
applied in fields such as mechanical parts and construction sites. However, the
problem of output defects must be resolved. These defects appear as pores and
microcracks in the output, which can be confirmed through microscopic analysis
of the output. In addition, if the understanding of pores or cracks is unclear or many
images need to be checked in a short time, an error might occur. Therefore, this
study aims to develop a precision object detection algorithm using deep learning.
The purpose is to automatically detect defects using deep learning-based You Only
Look Once (YOLO). Through comparison using YOLO v3 and v5 algorithms, the
accuracy and speed were compared to analyze which YOLO model was efficient
in the defect detection process.
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2. Object detection
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1. Resize image
2. Run convolutional network
3. Non-max suppression

Fig. 1 The YOLO detection system
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Fig. 2 Data set composition

(a) Crack

(b) Porosity
Fig. 3 Data set
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Method mAP-50 Time
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RetinaNet-50-500 50.9 73
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Table 2 YOLOvV5S comparison[mJl]

Model Size mAP Speed | Parameters
(pixels) (ms) ™M)
YOLOv3 416 553 29 61.9
YOLOvS5s 640 56.0 6.4 7.2
YOLOv5Sm 640 63.9 8.2 21.2
YOLOVvS51 640 67.2 10.1 46.5
YOLOv5x 640 68.9 12.1 86.7
YOLOvS5s6 1280 63.0 8.2 16.8
YOLOV5m6 1280 69.0 11.1 35.7
YOLOV516 1280 71.6 15.8 76.8
YOLOV5x6 1280 72.4 26.2 140.7
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Table 3 YOLOv3, YOLOVS comparison

Model Precision Recall mAP FPS

YOLOV3 95.2 91.4 94.7 35

YOLOV5s 94.63 92.06 95.77 146
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