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Inversion of gravity anomalies based on a deep neural network

WANG Rong, XIONG Jie, LIU Qian, XUE Rui-Jie
(School of Electronic Information, Yangize University, Jingzhou 434023, China)

Abstract: Traditional linear inversion of gravity anomalies is liable to encounter local minima and suffer low computational efficiency.
Given this, this paper proposed a deep learning-based inversion of gravity anomalies. Specifically, two-dimensional density models of
various shapes were firstly established, and gravity anomalies were obtained through forward simulation using these models to form a
dataset. Then, a deep neural network was trained using the dataset. Finally, gravity anomaly data were input into the deep neural net-
work to directly yield inversion results. Experimental results show that the inversion method proposed in this study can determine the lo-
cations and shapes of underground anomalies quickly and accurately, with high generalization ability and anti-noise ability. Therefore,
this method can be used for the inversion of gravity anomalies.

Key words: deep neural network; gravity anomaly; inversion
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