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Abstract

In the manufacturing process of the magnetic ring, due to the production environment and manu-
facturing process factors, it is inevitable that various types of defects may appear. In view of the
shortcomings of traditional manual detection, such as low efficiency, time consuming and low ac-
curacy, this paper proposes a magnetic ring surface defect detection method based on YOLOv3.
Experimental results show that the average recognition accuracy of YOLOv3 has reached 96.19%,
and the speed of single image detection has reached 24.46 ms. This method has a certain degree of
advancement and effectiveness in the detection of magnetic ring defects.
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Type Filters Size Output
Convolutional 32 3x3 416x416
Convolutional 64 3x3/2 208x208
Convolutional 32 1x1
1x Convolutional 64 3x3
Residual 208x208
Convolutional 128 3x3/2 104x104
Convolutional 64 1x1
2x | Convolutional 128 3x3
Residual 104x104
Convolutional 256 3x3/2 52x52
Convolutional 128 1x1
8x Convolutional 256 3x3
Residual 52x52
Convolutional 512 3x3/2 26x26
Convolutional 256 1x1
8x | Convolutional 512 3x3
Residual 26x26
Convolutional 1024 3x3/2 13x13
Convolutional 512 1x1
4x | Convolutional 1024 3x3
Residual 13x13
v 4 \ 4
Convs Convs Convs
\ 4 \ 4 \ 4

YOLO Detection

Figure 1. YOLOvV3 network structure
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Figure 2. The position and size of the actual target box relative to the preset box
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Figure 3. The convergence of the loss function
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P =TP/(TP+FP) (6)
R =TP/(TP+FN) (7
mAP = (Pgap + thain )/2 (8)
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Table 1. Statistical table of experimental results

1. IRERGIHR

7% Class P mAP R Time/ms
gap 0.9464
YOLOv3 0.9619 0.95 24.46
Stain 0.9774

(a) BRI BRIE

(b) ¥5 M. BB

Figure 4. Magnetic ring defect detection results
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