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Classification of metal defects with few-shot based on
CNN integrated machine learning
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Abstract: For the classification of metal defects, the mainstream classification methods represented by deep learning are mainly
statistical learning methods based on large datasets. However, when applying deep learning, not only many quality labeled samples are
needed, but also the result may suffer poor generalization. A classification approach with few samples is proposed, which embeds the
hierarchical and concise knowledge of humanoid into deep learning. First, a CNN is built as the backbone of the classification model,
and a humanoid learning module is designed, which uses the features of human classification to classify. To improve the generalization,
robustness and better fusion effect of the model, a mathematical integration model based on logarithmic function is designed. The
mathematical integration model in the module couples the outputs of backbone network and humanoid learning module by using the idea
of integrated learning. The experimental results show that for the metal defect data of small training set and large test set, the
classification performance and the amount of training parameters are better than the deep learning method. Humanoid learning module
and mathematical integration model are embedded in different backbone, and good performance is achieved, which shows that the
proposed method is suitable for various deep convolution neural networks.
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The architecture of the proposed approach
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Table 1 DataSet NEU-DET defects sample distribution
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Rs 10 10 80 0 100
Pa 10 10 80 1 100
Cr 10 10 80 2 100
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In 10 10 80 4 100
Sc 10 10 80 5 100
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Table 2 DataSet DAGM 2007 defects sample distribution
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Class 1 15 15 120 0 150
Class 2 15 15 120 1 150
Class 3 15 15 120 2 150
Class 4 15 15 120 3 150
Class 5 15 15 120 4 150
Class 6 15 15 120 5 150

BT 90 90 720 - 900
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Table 3 DataSet ULTRA-DET defects sample distribution
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Table 7 Comparative experimental results (%)
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SCHK[19] |2 AL 89.21 89. 64 89.92 88.97 87.36 88. 99
AlexNet R B 80. 33 80. 46 80. 68 78.23 78. 11 78.35
VGG16 TR 2] B 76. 12 75.53 75.83 73.25 72.67 72.91
ResNet R3] HBH 83. 89 84.55 84.24 80. 56 80. 14 80. 06
SqueezeNet — TRJE2:>) B 91.47 90. 03 89. 62 89.97 89.22 89. 43
AL AR B 92.79 91.53 91.76 90. 03 89. 59 89. 88
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Fig. 14  Ultrasonic data converted into images
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Table 9 Comparison of various methods on ULTRA-DET dataset
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