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Abstract 

Inversion has always been a hotspot in geological and geophysical research. Previously, 
magnetotelluric inversion research was mostly based on linear inversion methods. In 
this paper, the deep learning network is applied to the magnetotelluric inversion, the 
purpose is to further improve the stability, operation efficiency and accuracy of the 
magnetotelluric inversion. Therefore, this paper proposes the establishment of a 
resistivity model based on a fully convolutional neural network (FCN). First, a sample 
data set is established based on the main geological distribution characteristic data; 
secondly, the apparent resistivity and phase data are used as network input parameters, 
and the corresponding ground The electrical model parameters are used as the output 
to build a deep learning network framework, and the network is trained and adjusted to 
obtain the best inversion network weights and hyperparameter models; Inversion. The 
inversion imaging effect of a small data set based on regional geological data is discussed 
by means of theoretical model verification. The research results show that the inversion 
method proposed in this paper can achieve accurate positioning and imaging of the 
geoelectric model, and can more accurately approximate the real model. The data all 
verify the feasibility, effectiveness and generalization ability of the FCN network model 
in the regional MT inversion. 
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1. Introduction 

Magnetotelluric sounding has the characteristics of low detection cost, large detection depth 
and obvious structural reflection, and has been widely used in MT profiles for processing and 
interpretation. Resistivity is one of the most important parameters in electromagnetic 
exploration. An accurate resistivity model It is the key premise of magnetotelluric imaging 
technology. This resistivity model information is usually obtained through traditional inversion, 
which is quite time-consuming and labor-intensive. The reason is that in the traditional 
inversion problem, multiple forward modeling problems need to be solved, and the 
electromagnetic data of large-width and large-depth measurements is greatly increased. The 
computational cost of forward modeling is calculated. Accurate simulation of electromagnetic 
phenomena requires accurate models and leads to forward problems with tens of millions of 
unknowns (Shantsev et al., 2017). The magnetotelluric inversion is a typical linear inverse 
problem, and there are multiple solutions. Most of this type of magnetotelluric inversion 
methods are based on the iterative inversion of the objective function, and they have achieved 
good calculation results, such as OCCAM inversion (Constable et al., 1987), fast relaxation 
inversion (RRI) (Smith J T and Booker J R, 1991) and nonlinear conjugate gradient inversion 
(Rodi W and Mackie R L, 2001) and their improved REBOCC inversion (Siripunvaraporn W and 
Egbert G, 2000), SBI inversion (De Groot-Hedlin C and Constable S, 2004), adaptive 
regularization inversion (Chen Xiaobin et al., 2005), least squares regularization inversion (LEE 
SK et al., 2009; Oskooi and Darijani, 2014), Gauss-Newton inversion of 3D magnetotelluric 
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(Sasaki, 2004; Avdeev and Avdeeva, 2009), etc. Although these traditional methods have 
achieved great success in many applications, they are still limited in some cases due to 
problems such as strong dependence on the resistivity initial model, low computational 
efficiency, and human subjective factors, to a certain extent It affects the accuracy and stability 
of the inversion. 

In recent years, with the rise of big data and artificial intelligence, inversion methods based on 
deep learning to solve nonlinear problems have been greatly developed in geophysical data 
processing. For example, Xu Hailang et al. (2006) used a neural network to realize the two-
dimensional resistivity inversion of the direct current method; Wang He et al. (2018) built a BP 
neural network model and optimized it with a genetic algorithm, and realized the two-
dimensional magnetotelluric inversion of the genetic neural network. Inversion; Dai Qianwei et 
al. (2013) combined BP neural network with particle swarm algorithm and applied it to 
resistivity imaging nonlinear inversion. (2006) proposed the Deep Neural Networks (DNN) 
model. DNN has obvious advantages in feature extraction and modeling, and can mine deeper 
features from the original input data, and has super strong performance. Complex function 
approximation performance. With the development of Convolutional Neural Networks (CNN) 
as a type of deep neural network, its characteristics can effectively reduce the complexity of the 
network and improve the robustness of the network model in terms of local connection, weight 
sharing and pooling operations. Resilience and Fault Tolerance (2017). At present, some 
research results have been achieved in the application of CNN in the field of geophysics, such 
as: Puzyrev (2019) used CNN to realize the two-dimensional inversion of electromagnetic data 
transmitted by vertical magnetic dipole sources in the well; Puzyrev and Swidinsky (2020) used 
DL Applied to one-dimensional inversion of controllable electromagnetic data in ocean 
frequency domain; Noh et al. (2020) realized one-dimensional inversion of convolutional 
neural network for airborne electromagnetic data in frequency domain. The above research 
shows that CNN has been applied well in the field of geophysics, but the use of FCN network in 
the field of geophysics is relatively rare. Furthermore, a strong motivation to use FCNs stems 
from the Universal Approximation Theorem (Hornik, 1991; Csaji, 2001), which states that, 
under mild assumptions about the activation function, a feedforward network with a single 
hidden layer containing a finite number of neurons can approximate Any continuous function 
on a compact subset. Additionally, FCN can account for multiple layers of perception while still 
providing good results (Burger et al., 2012). Therefore, this paper proposes an effective 
constrained FCN magnetotelluric inversion method on the eastern margin of the Qinghai-Tibet 
Plateau. 

2. FCN inversion method 

2.1. Brief description of FCN 

Many DL algorithms are built with CNNs and studied on challenging inverse problems such as: 
image reconstruction (Schlemper et al., 2017), super-resolution (Dong et al., 2016), X-ray 
computed tomography (Jin et al. et al., 2017) and compressed sensing (Adler et al., 2017)) 
provide state-of-the-art performance. The FCN proposed by Long et al. (2015) in the context of 
image and semantic segmentation transforms the fully connected layers of CNNs into 
convolutional layers, enabling end-to-end learning. Yang et al. (2019) applied FCN to seismic 
velocity model inversion, which also showed that this method has the potential to be applied in 
geophysics. Figure 2 shows the structure diagram of a simple FCN. In this example, the input 
image is followed by a convolutional layer. Then, insert a pooling layer in the middle. After 
applying max pooling, the size of the feature map becomes half of the original size. After that, 
the transposed convolution operation is applied to upscale the output to be the same size as the 
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input. Finally, we use a soft-max function to obtain predicted images. This FCN method can be 
described as follows: 

  2 1 1 2; ( *( ( ( * ))) )y Net x S K M R K x b b       

where ( )Net   represents the FCN-based network, and also represents the nonlinear mapping of 

the network, and ,x y  represents the input and output of the network, respectively. 

1 2 1 2{ , , , }K K b b   is the set of parameters to learn, including convolution weights 1 2K K和  and 

biases 1 2b b和 . ( )R   introduces nonlinear activation functions such as rectified linear units 

(Dahl et al., 2013), sigmoid or exponential linear units (Clevert et al., 2016). ( )M   represents a 

subsampling function (eg, max pooling, average pooling).   is the convolution operation and 
( )S   represents the soft-max function. 

2.2. Network architecture 

To implement magnetotelluric inversion, we adopt and modify the U-Net (Ronneberger et al., 
2015) architecture, which is a specific network built on the concept of FCN. Figure 3 shows the 
detailed architecture using this network. It consists of a contracting path (left) to capture 
geological features, and a symmetrical shape of an expanding path (right) for precise 
positioning. This symmetric form is an encoder-decoder structure that employs a companding 
structure based on max pooling and transposed convolutions. When given a fixed-size 
convolution kernel (3*3 in this case), the effective receptive field of the network increases as 
the depth of the input into the network increases. As the network depth increases, the number 
of channels in the left path is 64, 128, 256, 512 and 1024. We adopt a layer-hopping approach, 
combining the local shallow feature maps of the right path with the global, deep feature maps 

of the left path. The corresponding operation definitions are shown in Table 2, where K and K  
are convolution kernels, and the mean and standard deviation in batch normalization are 
calculated according to each dimension of the mini-batch.  

Table 1: Definition 

Operation Definition 

Convolution *output K input b    

Batch normalization (BN) [ ]

[ ]

input mean input
out

Var input




  

Rectified linear unit (Relu) (0, )out max input   

Max-pooling (max-pooling) [ ]w hout max input 
 

Deconvolution/Transposed convolution 
(deconv) 

*output K input b   

Skip connection and concatenation [ , ]channeloutput input padding
  

We transform the FCN into a similar U-Net, but with two major modifications to the original U-
Net to accommodate resistivity modeling. First, the original U-Net proposed in image 
processing reads the input image in the RGB color channel, which represents the information 
in the input image. In order to process the electromagnetic data, we input the apparent 
resistivity and phase dual channels, which are generated at different gather locations. The input 
gather is the same as the model gather, and all gather electromagnetic data are sent to the 
network together to improve data redundancy. Spend. Second, in a usual U-Net, the output and 
input are in the same (image) domain. However, in establishing the resistivity model, in order 
to achieve this goal, we need the network to realize the projection of the domain, that is, we set 
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the feature map truncation obtained by the last 3 * 3 convolution to the same size as the 
resistivity model, and Change the channel of the output layer to 1. Make the neural network 
train itself during contraction and expansion, mapping electromagnetic data directly to an 
accurate resistivity model. 

Our method consists of two stages: the training process and the prediction process. Before the 
training phase, multiple resistivity models are built and used as outputs. The U-net network 
needs corresponding data, therefore, Maxwell's equation is used as the forward model to 
generate apparent resistivity and phase data as input. After the initial computation, the input 
and output data are fed into the network in a one-to-one correspondence to learn the mapping. 
Since during the training phase, the network learns to fit a nonlinear function from the input 
apparent resistivity and phase data to the corresponding subsurface resistivity model, the 
learned network model is saved. In the prediction stage, the new apparent resistivity and phase 
are input into the network model, and the resistivity model is output. 

 
Figure 1: Network structure 

3. Experiments and Results 

This section begins with an introduction to data preparation, including model (output) design 
and data (input) design for training and testing datasets. Then, the network is trained for 
resistivity inversion using the simulated training data set, and finally other unknown resistivity 
models are predicted with the network model obtained by training. In addition, the Luqu-
Hechuan section on the eastern margin of Qinghai-Tibet was tested. And compared with the 
numerical results of the NLCG method. Numerical experiments are performed on Lenovo T480, 
CPU: Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz; memory: 8GB; GPU: NVIDIA GeForce MX150.  

3.1. Data preparation  

In order to train a network with limited constraints, a suitable small-scale training set is first 
established according to the previous electrical data of the eastern Qinghai-Tibet border. In the 
network model of this paper, the training output is the model resistivity, and the training input 
is the apparent resistivity and phase obtained by the forward modeling of the model. 

Model (output) design: In Figure 1, we know that the output is the corresponding resistivity 
model. In order to explore and prove the validity and feasibility of DL for magnetotelluric 
inversion, we first set the initial model size to 600km*180km, and generate Random models 
with different shapes and different resistivity values. Second, for simplicity, we assume that 
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each model has 2 to 6 layers as background resistivity, and the resistivity value of each layer 
varies arbitrarily between 5Ω and 5000Ω, and the size of each resistivity model is 60 × 121 Grid, 
that is, the distance between each gather is 5KM, each gather is sampled with 60 points, and the 
frequency range is 0.0001-1000. Figure 2 shows 4 models from a simulated random training 
dataset. Finally, the simulated training dataset contains 1000 samples of the resistivity model. 

 

 
Figure 2: Training dataset 

Data (input) design: To solve Maxwell's equations, we used a finite element format. That is, the 
finite element is used to solve Maxwell's equations for each resistivity model. Since the size of 
the resistivity model is 60 × 121 grid points, there are apparent resistivity and phase with a size 
of 60 × 121 grid points. The resulting apparent resistivity and phase are set as input to the 
network model, which, like the resistivity model dataset, also has 1000 samples. 

Due to the supervised learning approach, the resistivity model of the test dataset has a similar 
geological structure to the training dataset. All resistivity models used for prediction were not 
included in the training dataset and were unknown during the prediction process. The input 
EM data for prediction was also obtained using the same method used to generate the training 
dataset input. The test dataset consists of 5 resistivity model samples.  

3.2. Simulation data inversion  

Now the two-bit resistivity model can be inverted. In the training phase, read the apparent 
resistivity and phase values, enter 2 channels, the dimension is 60*121, and the 
hyperparameters are set as shown in Table 2. 

Table 2: Hyperparameter setting value 

Task Learning 
rate 

Epoch Batch 
size 

Iteration SGD Number of 
training 

data 

Number of 
testing data 

Resistivity  
inversion 

1.0e-03 2000 10 100 Adam 1000 10 
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The total number of training rounds is 2000 times. At the beginning of training, the mean square 
error value decreases rapidly. After 1000 training rounds, the loss value is basically stable. See 
the average variance between the predicted resistivity value and the real resistivity. From a 
visual point of view, the prediction results are basically consistent with the corresponding 
actual geological structure. 

 
Figure 3: The left picture is the designed stratigraphic model; the middle picture is the FCN 

inversion model; the right picture is the NLCG inversion model. 

4. Conclusion 

In this study, we propose a supervised end-to-end deep learning method for resistivity 
inversion, a novel alternative to traditional magnetotelluric inversion methods. In this paper, 
we use a fully convolutional neural network (FCN) to reconstruct these electromagnetic data 
parameters instead of local-based inversion of subsurface parameters. After a training process 
of one data volume, the network was able to invert a model of the subsurface resistivity 
structure only from the electromagnetic data. Numerical test results show that the method has 
a good application prospect in the establishment of resistivity models, and that the neural 
network can effectively approximate the inverse of nonlinear operators that are difficult to 
solve. When the electromagnetic data is under more realistic conditions, the learned network 
can still compute satisfactory resistivity profiles. Compared to NLCG, the reconstruction cost is 
negligible once the network is trained. Furthermore, little human intervention is required. 

A perfect dataset plays an important role in network learning, but a large number of datasets 
require a lot of time to build corresponding models. Aiming at specific problems, this paper 
proposes a new method for establishing datasets. First, a corresponding model is established 
based on the geological data in the area, that is, the scope is limited. The number of models 
trained by the network. Then, use these small datasets to train the network and apply the 
trained network to the measured data. Finally, the prediction results show that the network has 
a good generalization ability in the eastern edge of Qinghai-Tibet. 

In addition, this method also provides us with new thinking, that is, the application of these 
methods to other applications in geophysics, which requires further research. 
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