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Application of transformer network in magnetotelluric inversion imaging

LIU Gaocun, WANG Xuben, YUAN Chongxin, LI Dewei, XIE Zhuoliang

(The Ministry of Education Key Laboratory of Earth Exploration And Information Technology
( Chengdu University of Technology) ,Chengdu 610059, China)

Abstract; The traditional magnetotelluric inversion is usually based on the iterative solution of the deterministic gradient. It

not only needs much time to calculate the Jacobian matrix but also depends on the input of the initial model and the setting of

regularization factors and other parameters, which has a strong multi—solution. In recent years., scholars have continued intro-

ducing machine learning methods to improve magnetotelluric inversion’s shortcomings. In this paper, the classical framework of

the transformer neural network proposed by the Google team is used to build the mapping network between magnetotelluric data

and the model, 9240 groups of forward data are used as samples to train the parameters of the transformer network, and the

South African open source magnetotelluric data is used to realize the rapid imaging from apparent resistivity image to resistivity

model. The research shows that the trained transformer network can accurately reflect the location and size of the abnormal

body; The network realizes simple matrix parallel operation, dramatically improves the training efficiency, and the imaging effi-

ciency is higher than the traditional inversion.

Keywords: MT; finite element forward modeling; transformer; Multi— Head attention; inversion imaging



