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Automatic extraction of pores in slice image of rock castings based on U-net
LIU Kaiwen, XIONG Shuhua, TENG Qizhi

(Institute of Image Information, College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)
[ Abstract] It has become one of the common methods for petroleum geology departments at home and abroad to analyze the
characteristics of rock pores by using the image of cast rock thin section. Automatic and accurate segmentation of the pore area in
cast rock thin section is the premise of quantitative calculation of pore parameters. At present, the traditional RGB threshold
segmentation method is not accurate and needs a lot of human interaction. However, the generalization performance of some
mainstream image segmentation deep learning networks is poor, which is difficult to apply to practice. To solve these problems, this
paper proposes a model based on u—net, which combines attention mechanism and cyclic residual network. The cyclic residual
module is introduced to expand the network depth, and the attention mechanism module is integrated to increase the learning weight
of feature information. Experiments are carried out on a variety of common cast thin sections in the oilfield laboratory, and good

segmentation results are obtained, which verify the effectiveness and generalization of the proposed method.
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Fig. 5 Compression structure and excitation structure
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Fig. 14 The results of segmentation
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