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Mineral recognition of rock thin section images
based on improved SKnet and Bi-GRU
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(1 College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China;
2 Chengdu Xitu Technology Co. Ltd, Chengdu 610065, China)

[ Abstract] By analyzing the mineral composition of rock slices, we can study the structure of reservoir space, which is of great
significance to the subsequent oil and gas exploration and development. Mineral identification research based on orthogonal polarized
light sequence images has achieved some results, but most methods do not use the change information of mineral particles in
sequence images. In this paper, inspired by video classification, a mineral recognition model combining the convolutional neural
network and recurrent neural network is constructed based on the orthogonal polarizing image sequence, which makes use of the
extinction characteristics of rock mineral grains. A spatial feature fusion mechanism is added to SKnet as the convolutional neural
network and the recurrent neural network is the bidirectional gated recurrent unit ( Bi—-GRU) to extract the sequence features of
mineral grains in the polarization image sequence. We evaluate our method on the dataset containing four types of mineral grains
image sequences, including quartz, alkali feldspar, anorthosite, and rock debris. The experimental results demonstrate that the
proposed rock mineral recognition method in this paper achieves superior identification performance.
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Fig. 1 Polarization sequence images of four types of rock minerals
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Fig. 2 Polarized light sequence images of rock slices
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Fig. 4 Combining improved SKnet with Bi—-GRU for mineral particle identification framework
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Fig. 6 The overall architecture of the feature extraction module
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