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Abstract

The magnetotelluric method plays a key role in geophysical exploration, allowing for the inversion
of subsurface electrical structures based on surface observation data. However, traditional mag-
netotelluric inversion methods have some obvious drawbacks, such as reliance on initial models
and high computational costs. To address these issues, this paper proposes a deep learning based
inversion method. This method utilizes the excellent nonlinear fitting capability of neural net-
works and, with the aid of a large sample set, achieves one-dimensional inversion of magnetotel-
luric data. This approach not only overcomes the shortcomings of traditional inversion methods
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but also improves inversion accuracy and efficiency through learning from a large number of
samples. After completing network training, this paper conducts detailed validation of the pro-
posed method, demonstrating its reliability and robustness.
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Figure 1. The network structure of U-Net
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Figure 2. The convergency curve of the average loss function for the training and Va-
lidation sets during the network training phase
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Figure 3. The prediction model of the network in the validation set.
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