Abstract, 26" EM Induction Workshop, Beppu, Japan, September 7-13, 2024

Generalized Data-Driven Radio Magnetotelluric Inversion using Convolutional Neural
Network

Koustav Ghosal', Arun Singh! and Deepak Gupta?®
!Department of Applied Geophysics, Indian Institute of Technology (Indian School of Mines), Dhanbad, India
2Transmute Al Lab, Indian Institute of Technology (Indian School of Mines), Dhanbad, India

SUMMARY

Machine learning techniques are considered a suitable option for geophysical data inversion. However, ma-
chine learning algorithms are very useful for inversion of geophysical data. For a data-driven approach, these
algorithms work on the assumption that the statistical properties of the training and testing dataset follow an in-
dependent and identical distribution (1ID). However, such assumptions are not met in the geophysical field data
and the solutions obtained using these algorithms may provide erroneous solutions. We propose a strategy for
the inversion of RMT data where the training data was generated for resistivity models based on the Gaussian
Random Fields (GRFs). Once the models were created, forward responses in terms of resistivity and phase
were generated using a finite-difference based algorithm. A Convolutional neural network was trained in a
supervised manner. The trained network was tested for various Out of Distribution (OOD) models including the
checkerboard model. The proposed approach overcomes the need to retrain the neural network for different
OOD samples. Hence introducing generalization ability in a data-driven supervised learning framework.
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INTRODUCTION Liao et al, 2022; Liu et al, 2021). Conventional data-
driven neural networks are based on the assump-
tion of 11D, which might not come true with field data.
Utilizing a pre-trained network directly on field data
may lead to inaccurate representations of the resis-
tivity model. Our proposed method is a step to-
ward achieving OOD generalization in data-driven
learning. We showed that training neural networks
with models generated using GRFs helps achieve
OOD generalization. As these resistivity distribu-
tions, closely resemble the natural resistivity dis-
tribution encountered in nature. In this study, we
have used a convolutional neural network to perform
the RMT inversion. Through synthetic experiments,
we have demonstrated that the predicted resistivity
model closely aligns with the true resistivity model,
even when considering OOD samples. To validate
our proposed method, we have conducted a com-
parison of the neural network performance on OOD
with a gradient-based optimization.

RMT methods are widely used to investigate the
near-surface conductivity variation of the earth. This
method has a wide range of applications such as
groundwater exploration (Pedersen et al, 2005),
waste management (Tezkan et al, 2000), fracture
and fault mapping (Linde and Pedersen, 2004;
Tezkan et al, 2019), study of porous environment
(Turberg et al, 1994) and mineral exploration (Smith,
2014). For estimations of near-surface variations in
resistivity from the recorded dataset, the gradient-
based optimization methods are the popular choice.
However, these methods fail to compute the non-
linearity between the model and data due to model
regularization. The Deep Learning (DL) based
methods provide a suitable alternative to RMT in-
version, as it can accurately capture the nonlinear
aspects of the inverse problem and provide a rapid
resistivity model once it is fully trained. The DL-
aided methods for MT inversion have gained sig-
nificant popularity in recent times (Xie et al, 2023;
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METHODS

Dataset preparation

The diverse set of resistivity models were generated
using correlation function.

GORR = EXP((—1/2) Y _((x1(i)—z2(i))*/co(i))) (1)

%

where 1 (i) and z3(i) are the two points in the do-
main and ¢y is the scaling parameter. A total of
41000 models were generated randomly by vary-
ing the ¢, with a range of (0.001 to 1.0). The varia-
tion in the parameters represents models from sin-
gle localized anomalies to 4 or more anomalies of
random shapes and sizes. These randomly gener-
ated GRF resistivity models are then used to create
the RMT data which consists of apparent resistivity
and phase of TE and TM modes. The forward re-
sponses are simulated using a MATLAB-based code
(Singh* et al, 2014), employing a finite-difference
scheme. RMT data was generated at 13 frequen-
cies logarithmically separated between 1 and 250
KHzover at 21 stations with interstation spacing of
10 m. For TE mode, an 10 air layer was added
along with padded grids with increasing spacing was
added surrounding the domain which is required to
satisfy the boundary conditions. To evaluate the
neural network performance over OOD samples we
have used checkerboard models with homogeneous
backgrounds of 100 m with different geometrically
shaped anomalous bodies with resistivity as high as
1000 Om and as low as 10Qm.

Neural Network Architecture and Training

A CNN-based U-Net architecture was chosen as it
is efficient for segmentation tasks in image process-
ing. Its U-shaped structure includes a contracting
path for feature extraction and an expansive path for
precise localization. Skip connections facilitate the
flow of detailed spatial information making it efficient
to recover small details in the predicted resistivity
model. The network comprises convolutional mod-
ules with convolutional layers, batch normalization,
and ReLU activation. After two such modules and a
2D average pooling layer, input dimensions change
from (N, C, H,W) to (N,2C, &, %). The bottleneck
layer has 512 channels and a 16 x 16 feature map.
The Up-convolutional layer (transpose convolution)
with a kernel size of 3, stride of 2, padding of 0,
and output padding of 1, transforms the feature map

from (N, C, H,W) to (N, $,2H, 2W). The loss func-
tion used in to trained the network is simple mean
square error loss. where, pi/ and p®/ is the pre-
dicted and true resistivity respectively at a location
i,j in the subsurface. The U-Net model takes in-
put data that includes 4-channel resistive data. The
first two channels of the input data contain appar-
ent resistivity for TE and TM mode, while the other
two channels have phase data for TE and TM. A
single-channel resistive image of the subsurface is
generated by the U-Net model. The RMT data and
resistivity model were reshaped to 256 x 256 for
a deeper U-Net architecture. The detailed network
design is shown in Figure 1

H Convolutional Block > Average Pooling layer 2 x 2 [> Upconvolutional layer 2 x 2

Figure 1: Schematic diagram of U-Net

During the network training phase, we utilized the
Adam optimizer with 5; as 0.9 and 3, as 0.999. Ad-
ditionally, a learning rate of 0.0001 was employed,
alongside a LambdalLR scheduler which decreases
the learning rate by 5% per epoch. We adopted a
batch size of 4 and implemented early stopping with
the patience of 20 epochs, monitored by the average
validation loss and mean absolute error to mitigate
overfitting. From the total dataset of 410000, 10%
(4100 samples) were allocated for testing, while the
remaining 90% were divided between training and
validation. Specifically, 76.5% (31,365 samples) are
assigned to training, and 13.5% (5535 samples) to
validation. The trained weights are used for testing
on OOD samples without any further fine-tuning.

RESULTS

The results of both the GRF dataset and OOD sam-
ples are shown in Figure 2. The first and second
columns represent the true and the predicted re-
sistivity model respectively. The first three rows of
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GRF samples include two randomly shaped local-
ized anomalies followed by a model consisting of
randomly shaped nearly horizontal anomalies. It
is observed that the predicted output of U-Net has
a small discrepancy with the true resistivity model.
Figure 2(c) shows that reconstruction degrades with
higher depth and especially fails to map smaller
anomalies at depth. However, large deviations were
observed in the case of OOD samples but trained U-
Net demonstrated the capability to locate anomalies
in close proximity to their original positions, which is
evident from figure 2(d) and (e). Two checkerboard
models were utilized, and the recovered resistivity
model accurately exhibited the position and resis-
tivity of the anomalies. Both checkerboard models
are composed of 2 blocks with high resistivity of
103 @m and and 2 blocks of low resistivity of 10 m.
The recovered resistivity model showed 4 anoma-
lies which accurately represent the true resistivity
model. However, the models struggled to recon-
struct the shapes of anomalies exactly as the true
model at depth.

To validate our results, we performed inver-
sion using a gradient-based optimization algorithm
WSJointinv2DMT (Amatyakul et al, 2017). We com-
pared the results of both methods for in-distribution
as well as OOD samples. In both cases, we observe
that the inverse model using U-Net (see Figure 3) is
more consistent with the true resistivity model com-
pared to WSJointinv2DMT. In Figure 3(a), the in-
cline conductive body and the resistive body under-
neath were recovered accurately in the case of U-
Net whereas WSJointinv2DMT fails to reconstruct
the resistivity body and also fails to map the con-
ductive body at higher depth. In Figure 3(b), U-
Net was able to predict four bodies of the checker-
board model whereas WSJointlnv2DMT fails to pre-
dict the deeper resistive body. The predicted re-
sistivity model not only determined the resistivity
values accurately and also the shapes of the rect-
angular anomalies, but WSJointinv2DMT failed to
reconstruct the rectangular anomalies. These ex-
periments showed the efficiency of the proposed
method for both in-distribution and OOD scenarios.
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Figure 2: RMT Inversion using U-Net over GRF
dataset and OOD samples. The three
columns starting from left show the inversion
result using U-Net, true resistivity model and
misfit between the true and U-Net predictions
respectively. The first two rows represent sam-
ples from the GRF dataset and the third and
fourth represent OOD samples

CONCLUSIONS

The assumption that the training and test data have
a similar statistical pattern, is invalid when applied
to geophysical field data. Consequently, neural net-
works that are trained in a data-driven manner of-
ten fail to yield accurate inversion images for the
field data. In this study, we have shown a pos-
sible way to enhance the generalization ability of
neural networks trained in a data-driven approach.
The use of the GRF to generate training dataset
induces generalization ability to a CNN-based net-
work like U-Net. Our proposed method was eval-
uated for various OOD samples, and the predicted
solutions accurately captured various anomalies in
the true resistivity model. To proposed method, was
validated with a traditional gradient-based method,
WSJointinv2DMT. Upon comparison, it was con-
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cluded that the proposed method yields more con-
sistent results with the true resistivity model. How-
ever, the method fails to identify smaller and deeper
conductive bodies and also produces many un-
wanted artefacts in many cases. These issues pro-
vide a scope for future development.
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Figure 3: Comparison between the UNet result and the WSJointlnv2D-MT-DCR for both in- and out-of-

distribution samples
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