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Summary 

The inversion of magnetotelluric (MT) data is the process used to determine the subsurface 

resistivity structure from a set of surface observations. The computation time for running 3D MT 

inversions is very long, and even running with high performance computing (HPC). In recent 

years, an alternative technique utilizing artificial neural networks has emerged to determine 

subsurface physical properties from surface geophysical data, which improved inversion 

efficiency. Building on the previous research, we propose a pseudo-3D inversion algorithm within 

a convolutional neural network (CNN) framework to generate a sparse subsurface resistivity 

distribution model from MT response in less time than conventional geophysical inversion. The 

sensitivity of the MT response to a conductor at different locations was compared, and showed 

the response diminishes with distance, implying the algorithm need only solve for model cells 

sufficiently close to MT sites. The validated neural network model was tested for reliability with a 

single conductor model. The application to a real world MT data set from the Mount Meager 

volcanic area displays consistent profiles and conductor locations, which can be related to a 

magma body.  

Methodological Workflow 

The MT forward calculation solves the electromagnetic (EM) wave equation in frequency domain, 

e.g., (∇2 − 𝑘2)𝑬 = 0, where ∇2 is the Laplacian operator and 𝑘 is the propagation constant (Ward 

and Hohmann, 1987). The relation of measured fields (E and H) and impedance (Z) is given by 
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|. The MT inverse problem is to estimate the distribution of the electrical 

properties of the interior of the earth from surface measurements of the electric field (𝑬) and 

magnetic field (𝑯) components, and is an optimization problem to minimize an objective function, 

𝑃(𝑚) = 𝜑(𝑚) + 𝛼𝑠(𝑚), where 𝜑(𝑚) is the misfit functional between the predicted data and the 

observed data; 𝑠(𝑚) is a stabilizing functional; and 𝑚 represents the unknown resistivity model 

parameters (Zhdanov, 2002). 

When using the CNN framework for inversion, the goal is to calculate the resistivity distribution 

from the measured data directly without constructing the gradients (Puzyrev et al., 2021). Similar 

to the usual deep learning procedure of supervised learning, the flow chart in Figure 1 shows the 

major components and CNN architecture of MT inversion, consisting of three stages: (a) synthetic 
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MT data generation, (b) neural network training and valuation, and (c) prediction. As illustrated in 

Figure 1(a), synthetic MT datasets (including four impedance components, 𝑍𝑥𝑥 , 𝑍𝑥𝑦, 𝑍𝑦𝑥 , 𝑍𝑦𝑦) were 

generated with the forward modelling module of ModEM (Egbert, 2012; Kelbert, 2014), and split 

into training sets and testing sets with an 80:20 ratio. Random resistivity models were generated 

in a 2x2x25 grid of cells using a resistivity range of 1-100,000 Ωm. For this study, 50,000 resistivity 

models were created. The logarithm of resistivity 𝑚 = 𝑙𝑜𝑔(𝜌) was used as model parameters, and 

the input data were standardized using mean (𝜇) and standard deviation (𝜎) values calculated 

from the training processing: �̃� =
𝑥−𝜇

𝜎
 (Puzyrev et al., 2021).  

The multi-headed CNN architecture was employed for this study (Figure 1(b)). The input of each 

channel was processed with four CNN layer cascades and the extracted features were transferred 

as input to a fully-connected layer. At the same time, a dropout layer with parameter 0.5 was 

added to reduce overfitting. Increasing filter amount allows the neural network to propagate 

context information to complex layers for better understanding of the features. For more details 

of the network model, refer to Long (2014) and Chen et al. (2020). 

The most important part of this inversion procedure is the calculation of the weight parameters of 

the network model that includes training and validation. During the training and validation epochs, 

the network parameters were updated by minimizing the loss function, which is specified with root 

mean squared error (RMSE) as the metric function, 𝑟𝑚𝑠𝑒 = √
1

𝑛
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 is 

the predicted value and 𝑦𝑖
𝑚𝑜𝑑 is the input model. The loss functions of known resistivity models 

and their corresponding forward results are used to train the network using the Adam (adaptive 

moment estimation) optimization algorithm, which is an extension to stochastic gradient descent 

for first-order gradient-based optimization that has recently seen broader adoption for deep 

learning applications (Kingma and Ba, 2017). 

 

Figure 1. Schematic workflow of MT inversion network architecture. 

In this study, the model training stage took about 2 hours computation time with batch size 64 

using one NVIDIA Quadro-P5000 GPU in order to reach a stable and acceptable accuracy; the 

model with best validation loss was saved during 150 epochs. The Python and related packages 



 

 

GeoConvention 2022 3 

were used for model training and output display. After the model testing was verified with 

hyperparameter tuning, the same network architecture and weight parameters were saved and 

used to recover the unknown resistivity model in the prediction period (Figure 1(c)). 

Sensitivity analysis of MT response 

In this pseudo-3D MT inversion procedure, we assumed the horizontal resistivity distribution can 

be simplified with a grid of 2x2. In order to test the validity of this assumption, we created a 

conductor model (Figure 2(a)), and calculated the responses with the conductor at different 

locations. The background resistivity was 1000 Ωm and the conductor had a resistivity of 1 Ωm. 

Figure 2(b) shows the variation of impedance (real and imaginary parts of 𝑍𝑥𝑦 and 𝑍𝑦𝑥), and we 

can see that the effect of the conductor on the MT response diminishes for distances larger than 

5 km (Figure 2(c, d, e)). The response is similar when the conductor is at 5 or 7 km, which implies 

that an approximated model could be suitable to calculate its response for DL network. 

 
Figure 2. Sensitivity analysis for distance (1, 3, 5, 7 km), (a) schematic model; (b) impedance responses; 

(c) apparent resistivity calculated from 𝑍𝑥𝑦 and 𝑍𝑦𝑥, and tipper at 1 and 3 km; (d) at 3 and 5 km; (e) at 5 

and 7 km. 

Results of synthetic and real MT data  

In order to evaluate the effectiveness of the trained CNN model, a synthetic MT model with a 

single conductive anomaly in a homogenous background was created. Figure 3 shows the 

synthetic model and result predicted with our CNN algorithm. The outline of the resistivity (less 

than 30 Ωm) is displayed, and we can see the estimated result is consistent with the true model. 

This demonstrates an encouraging result can be obtained for general resistivity distribution from 

real data without requiring prior information. 
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Figure 3. Synthetic conductor model and inversion result with a trained CNN model. 

The second example uses field MT data from the Mount Meager volcanic complex in British 

Columbia (Grasby et al., 2021). This study was part of a geothermal energy assessment project 

to improve our understanding of the magmatic and hydrothermal system beneath Mount Meager 

(Figure 4(a)). The data from 35 stations were used in this study. A vertical profile at longitude 

~123.5W is used to illustrate the resistivity structure. The subsurface resistivity structure using 

our trained network prediction and ModEM inversion includes a similar conductor at a depth of ~5 

km, which is interpreted as a potential magma body. Shallower features do not agree well and we 

attribute this to the limited subset of cells used in our algorithm. Further work to add more cells 

and topography is required.   

 
Figure 4. (a) Mount Meager study area and MT station distribution; (b) Vertical resistivity slice with 

ModEM, Grasby et al., 2021; (c) Vertical profile with CNN inversion along BB’. 

Conclusions 

Our study shows that using a CNN framework for pseudo-3D MT inversion is a step towards quick 

calculation of subsurface electrical resistivity information. One key benefit of this technique is the 

considerable reduction in computation time and that a resistivity model can be generated near 

instantaneously with a trained model. The study of the Mount Meager area shows a low resistivity 

feature that could be interpreted as a magma body at a depth generally consistent with the more 

exact 3-D inversion. Although the CNN method does not recover all the important resistivity details 

recovered by the classic inversion, it shows some promise as an alternate inversion approach. 

Continuous model framework and parameter testing is necessary to build a more flexible model 

and accurate prediction for integrated interpretation with other geoscience data. 



 

 

GeoConvention 2022 5 

Acknowledgements  

The authors acknowledge funding from Geoscience BC and Natural Resources Canada for this 

study. This represents an output from the Geoscience for New Energy Supply program. 

Participants from the University of Alberta acknowledge support from Future Energy Systems and 

computational resources provided from Compute Canada. 

References 

[1] Chen, Z., Liu, X. et al., 2020. Deep learning-based method for SEM image segmentation in mineral characterization, 

an example from Duvernay Shale samples in Western Canada Sedimentary Basin. January 2020. Computers & 

Geosciences, 138:104450. DOI: 10.1016/j.cageo.2020.104450. 

[2] Egbert, G.D. and Kelbert, A., 2012. Computational recipes for electromagnetic inverse problems, Geophysical 

journal international, vol. 189, no. 1, pp. 251-267.  

[3] Grasby S.E. et al., 2021. Garibaldi Geothermal Energy Project - Phase 1 - Field Report, Geoscience BC Report 

2021-08, pp. 276. 

[4] Kelbert, A., Meqbel, N., Egbert, G.D., and Tandon, K., 2014. ModEM: A modular system for inversion of 

electromagnetic geophysical data, Computers & geosciences, vol. 66, pp. 40-53. 

[5] Kingma, D. P. and Ba, J., 2014. Adam: A method for stochastic optimization: arXiv preprint arXiv:1412.6980. 

[6] Long, J., Shelhamer, E., Darrell, T., 2014, Fully convolutional networks for semantic segmentation. 

https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf. 

[7] Puzyrev, V., Swidinsky, A. 2021, Inversion of 1D frequency- and time-domain electromagnetic data with 

convolutional neural networks, Computers & geosciences 149, pp. 104681. 

[8] Ward, S.H., Hohmann, G.W., 1987. Electromagnetic Theory for Geophysical Applications, Electromagnetic Methods 

in Applied Geophysics. Volume 1, pp. 130-311. 

[9] Zhdanov, M.S., 2002. Geophysical inverse theory and regularization problems. Elsevier Science, p.633. 

 

https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf

