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Core CT image segmentation based on dual decoder network
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Abstract; In the field of petroleum geology, analyzing the morphological distribution and characteristic parameters of the
microscopic pore structure inside the core is of great significance to study the seepage characteristics and reservoir performance of oil
and gas resources. Core CT images have the characteristics of high noise, low ratio and uneven brightness. The pore extraction
methods used in practical engineering still have the problems of requiring a lot of manual interaction and low segmentation accuracy.
In order to solve these problems, this paper proposes a segmentation method based on dual decoder network which uses image
preprocessing network branches to assist in training image segmentation network. The number of model parameters in this method is
only 33.3 MB. Besides, we construct a core CT image segmentation dataset. Experimental results show that the pixel accuracy PA
can reach 91.41% , and the average detection intersection and merge ratio M/oU can reach 85.32% , which prove that our method has
the advantages of small model, fast inference speed, and high segmentation accuracy.
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Fig. 1 CT pore images of different conditions in rock cores
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Fig. 2 Overview of the pipeline of our method
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Fig. 3 Illustration on the DenseBlock module
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Fig. 5 Illustration on the SE channel attention mechanism
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Fig. 6 Structure of the overall network
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Table 1 Evaluation results for pore image segmentation of different

models
— PA/ MloU/  Model Size/  IPS/
% % MB (K +s)!

MobieNet 80.54 74.33 57.8 3.28
PSPNet 84.36 76.15 178 0.96
Deeplabv3 85.47 80.20 172.7 0.98
UCTransNet  92.64 85.72 278.8 0.54
UNet2023 88.03 82.75 136.5 1.12
KSR 91.41 85.32 33.3 5.32
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Fig. 8 Comparison of segmentation results
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