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on attribute modeling
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Numerical simulation and analysis of seismic response characteristics

based on machine learning attribute modeling

CHEN Yugui, YAN Jianguo, DENG Rubing, WANG Yupeng, LI Hui
(Chengdu University of Technology College of Geophysics, Chengdu 610059, China)

Abstract; Numerical simulation method based on attribute modeling is becoming complex seismic response analysis of a
powerful means, based on the two— dimensional numerical simulation method in the study, put forward and used the property
modeling method based on a variety of information, including the applications of machine learning algorithms to attribute mod-
eling, the use of U — net network to improve the low SNR data of broken seam system identification accuracy, And used for
the identification results are similar in the modeling of complex faulted seam system. again through finite difference numerical
simulation method, the more accord with the actual conditions of the underground seismic response characteristics of the results
of numerical simulation, and the characteristics of complex wave field and the actual data of the corresponding degree is high,
the geometrical and physical parameters of spatial variation simulation, improved the accuracy and reliability of the numerical
simulation. Application of modeling in this paper, the properties of the seismic response characteristics analysis method and
process, confirmed that the buried hill in the study area inside broken seam seismic response characteristics of the system are
mainly presented as "high and steep mesh reflection" and "short axis discontinuous reflection" characteristics and relevant con-
clusions, as the research area of complex buried hill reservoir seismic response characteristics and fracture prediction provides a
scientific basis.

Keywords: attribute modeling; numerical simulation; machine learning; seismic response characteristics; fracture predic-

tion



