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Aluminum surface defect classification based on multi-scale feature aggregation
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Abstract: A multi—scale feature aggregation classification method is proposed to solve the problem that the surface defects of
aluminum are not obvious, and the size difference of defects is large. Firstly, the improved CutMix data enhancement is used to
expand the defect sample data offline and the multi — class FocalLoss function is introduced to weight the various categories.
Secondly, the multi-scale feature aggregation method is used to strengthen the information interaction and fusion of shallow features
and deep features, and then enhance the model’s attention to shallow features. Finally, the attention of global feature information is
enhanced by GAM attention mechanism. The experiment shows that the precision, recall rate, specificity and accuracy of the
classification of aluminum defect samples by multi-scale feature aggregation are 95.4%, 96. 1%, 99. 6% and 96. 4%, respectively,
which are significantly improved compared with the classification accuracy, recall rate and specificity of ResNet. It demonstrates that
this method has good performance in the task of aluminum surface defect classification. The research provides a reliable scheme for
the automatic classification of aluminum surface defects in industry.
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Fig. 1 Multi—scale feature aggregation fusion
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Fig. 2 Network structure of GAM attention mechanism
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Fig. 3 The training accuracy and loss of the proposed algorithm compared to the baseline algorithm
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