22025 4 4525 % 4519 1) B f R 5 T #® ISSN 1671—1815

R 2025, 25(19) ;08025 -09 Science Technology and Engineering CN 11—4688/T %

A

DOI;10. 12404/j. issn. 1671-1815. 2405361
SRR AN TAr, B B JE T Pix2Qix MBSO T AR O ()], BHEBORS TR, 2025, 25(19) : 8025-8033.
Sun Ziqi, Cao Zhan, Chen Hua. Geological profile generation method based on improved Pix2Pix[ J]. Science Technology and Engineering,

2025, 25(19) : 8025-8033.

Al KASKITW
B T i Pix2Pix By M &3 M 4 B A &

I, B,

(YA (FR AR ) 2B, 75 5 266580)

W O B R F RS TR @A TR E RS2 E AR FHIFEG R T, 45 5 BRI 5L LT84 A
THREGHUERER Y AR R EE T AR RN O ERK AT FEAE ST R EEHGOPA, RETEAT
Pt Pix2Pix MA@ AR T ik, GRS MB Y RIBERTINR AL EREFIMBLE LA E METE
Tk ZH 5 REZH A B4 Pix2Pix MR A RBRIFIANKZHH AL G M AT TN F I FARRZE
S RZEFIANE FGEMEHPIREE, ERABENERERRKLEFR RGBT RTING, FRERET. N
B EFHEENE A S REANZEHRFHRERA ARERL AR @ SSIM (structural similarity ) DEES
K F) 91.89% , & LR T A9 IEL IR LS A

ReHE BARE LR A R AR Pix2Pix M4 A

bR RS TE319 P62 SCHRFRERS A

Geological Profile Generation Method Based on Improved Pix2Pix

SUN Zi-qi, CAO Zhan, CHEN Hua”
(School of Science, China University of Petroleum (East China), Qingdao 266580, China)

[ Abstract] The traditional geological method relies too much on the resolution of seismic reflection and the quality of well data for the
determination of geological profiles. In view of the fact that the number of well data that can be used for calibration in the early stage of
development is very small, and the traditional geological modeling method generates geological profiles. The efficiency is low and it is dif-
ficult to support model establishment and frequent updating. A geological profile generation method based on improved Pix2Pix network
was proposed. Firstly, the initial three-dimensional data was sliced. Based on the comprehensive analysis of deep learning network, a
Pix2Pix network model based on residual and multi-scale discriminator was constructed. The residual mechanism was introduced in the
generator part to improve the learning ability of the network to geological features, and a multi-scale discriminator was set for the model to
enhance the discriminant performance of the network. The real seismic reflection data and geological profile data of the oilfield were used
to train the model. The experimental results show that the performance of the network model is significantly improved after the introduction
of residual mechanism and multi-scale discriminator. The SSIM (structural similarity) score of the generated results and the real geolog-
ical profile can reach 91.89 % , and the geological features in the generated results are highly fitted with the actual situation.

[ Keywords ] image semantic recognition; deep generative models; Pix2Pix networks; geological modeling
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Fig. 7 A set of images from the dataset
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