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Abstract

Rock micro-image contains the information on oil and gas reservoir distribution. The higher rock
micro-image resolution is, the more rock physical properties information it contains. Limited by
image acquisition equipment and natural shooting environment, rock micro-image often has prob-
lems of low resolution and unclear image details. In this paper, deep learning-based convolutional
neural network is researched for rock image super-resolution processing. A super-resolution re-
construction model with double branch residual network structure (DBResNet) is proposed after
a modification of the current network model. With the application of proposed method to rock
image, better super-resolution performance is obtained. The results show that the proposed algo-
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rithm improves the peak signal-to-noise ratio (PSNR) of rock image reconstruction.
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Figure 1. Overall architecture of network model
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Figure 2. Residual structure of EDSR
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Figure 4. Double branch residual structure
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Figure 5. Comparison of PSNR values between EDSR and dual-branch structure when the amplifica-
tion factor was 2
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Figure 6. A x2 scale magnification of different models in the carbonate2D dataset (0801x2)

6. FREGERBIIEEE(0801x2) NREIMERIFI A 2 (SR E

PSNR_ x4
24.1
24.05
24
23.95
23.9
23.85

SEEELLE S S EFEEET:

edsr_ 16 —— W42 16

Figure 7. Comparison of PSNR values between EDSR and dual-branch
structure when the amplification factor was 4

& 7. HKEFH 4 BF EDSR W4 T EHAER R PSNR {ExTEE

(@ HR (b) Bicubic | (c) EDSR (d) Ours

Figure 8. A x4 scale magnification of different models in the carbonate2D dataset (0810x4)
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Figure 9. PSNR curves of different residual blocks
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