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Research on Copper Ore Grade Classification Method Based on SwinV2-EfficientNetV2
HUANG Yuanfeng'*, HE Jianfeng'®, ZHANG Fengyuan'®, LI Weidong'*,
NIE Fengjun'®, WANG Xueyuan'?, QU Jinhui'
(1.Jiangxi Engineering Technology Research Center of Nuclear Geoscience
Data Science and System, Nanchang, Jiangxi 330013, China;
2.College of Information Engineering. East China University of Technology, Nanchang. Jiangxi 330013, China;
3.East China University of Technology, Nanchang, Jiangxi 330013, China)

Abstract: Aiming at the problem that the convolutional neural network applied in the existing copper ore grade classification
lacked the relationship between the construction and the induction of long-distance features, a copper ore grade classification
method based on the integrated model of Swin Transformer and EfficientNet was proposed. This method made full use of the
inductive ability of Swin Transformer V2-t architecture for long-distance feature relations and the advantage of EfficientNet V2-
s in capturing subtle local features. By adding a linear layer to integrate the output results of the two models, and dynamically
adjusting the weight of the linear layer according to the output of a single model itself, the mapping relationship was optimized.,
and the classification performance was significantly improved. The experimental results show that the accuracy rate of the
fusion model in the classification task is 92.891% , the accuracy rate is 93.095% , and the recall rate is 92.654 %. Compared
with the single model before integration, the integrated comprehensive model has improved the classification accuracy by 1.3
percentage points, the accuracy rate by 1.9 percentage points and 2.186 percentage points respectively, and the recall rate by
0.474 percentage points and 0.237 percentage points respectively.
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