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Coal rock microfraction identification method based on deep transfer learning
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[ Abstract] To solve the problems of low accuracy of the VGG—16 network model in recognizing small number of coal rock
microfraction images and excessive number of model parameters, an algorithm for recognizing small sample coal rock microfraction
images based on transfer learning is proposed. Firstly, the VGG—16 network model is improved. The Res2Net module is combined
with VGG-16 and the original convolutional layers of the VGG - 16 and Res2Net modules are replaced with depth — separable
convolutional layers as a pre—training model for the deep transfer recognition network. Then some of the network structures and
parameters in the pre—training model are transferred and combined with the optimized classification module to complete the learning
and optimization of the network. The experimental results show that, under the condition of insufficient sample data, the recognition
accuracy of the deep migration learning based recognition network model is 96.33% and the number of model parameters is 11.79 M.
Compared with other network models, the proposed method has obvious advantages in the recognition of small number of
microscopic components of coal rocks.
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