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Defect Detection of Metallized-Ceramic Rings Based on Fusion of Object
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Abstract Aiming at the characteristics of small defect areas and less available information of metalized-ceramic rings, and
the problem of low defect detection accuracy, a defect detection method of metalized-ceramic rings based on the fusion of
target detection and image classification networks is proposed. First, an improved Faster-RCNN target detection network
for small-area target detection is used to realize the preliminary identification and location of the defects. Then, the
interpolation method is used to enlarge the located defect area, and the information association between the adjacent pixels
of the image increases the feature information of the defect detection. Moreover, the ResNet image classification network
is used to judge the defect category of the enlarged area. Finally, the final defect detection results were obtained using the
target detection and image classification network results. The experimental results show that the proposed method can
effectively improve the precision while ensuring defect detection recall and accurately locate the defect area.
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(b) defect category distribution after data augmentation
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Table 1 Comparison of the precision and computing resource requirement between different methods

Faster-RCNN Faster-RCNN

Parameter YOLOvV3 SSD . Proposed method
(VGG-16) (ResNet-50+FPN)
Pulp point 66.7 78.3 81.2 82.3 96. 1
Pinhole 0 6.8 22.9 75.3 80.5
AP/ % Black spot 50.6 90. 6 91.2 94.8 100
Lack 57.1 47.3 56. 4 61.0 68.9
Fall off 36.7 34.9 39.4 65.1 76.7
mAP /% 42.2 51.6 58.2 75.7 84.4
Parameters /10° 62.6 13.7 43.9 41.3 64.8
Volume /MB 323 105 334 315 405
Inference time /ms 16.1 18.9 69.9 74.8 146. 4
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Table 2 Comparison of the precision of different networks in network fusion architecture

Faster-RCNN
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Parameter (ResNet-50-+FPN) 4+ VGG (ResNet-50-+-FPN) + AlexNet Proposed method
Pulp point 86.6 85.1 96.1
Pinhole 77.2 76.6 80. 5
AP/ % Black spot 100 98.9 100
Lack 63.6 65.1 68.9
Fall off 68. 4 69. 6 76.7
mAP/% 79.2 79.1 84. 4
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Table 3 Comparison of the precision and recall of two methods

units: %

Faster-RCNN

g P sed method
Defect (ResNet-50-- FPN) roposed metho
category .. ..

Precision Recall Precision Recall

Pulp point 94.2 67.3 98.4 82.4
Pinhole 85.2 68.2 94.6 70.1
Black spot 100 62.3 100 62.7
Lack 82.3 73.1 91.6 90.0
Fall off 33.8 84.5 76.3 82.3
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Fig. 8 Effect comparison of different defect detection models. (a) YOLOv3; (b) SSD; (¢) Faster-RCNN(VGG-16); (d) Faster-RCNN
(ResNet-50+FPN); (e) proposed method
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