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Abstract: Borehole-to-surface electromagnetic method, due to its transmitter source being located in the borehole, can more
directly excite electromagnetic responses from deep formations compared to surface electromagnetic methods, effectively
improving the detection resolution of deep targets. However, for steel-cased wells, the casing possesses extremely high electrical
conductivity, and the casing effect cannot be ignored in the data processing of borehole-to-surface electromagnetic surveys.
Direct discrete modeling of slender hollow steel casings is both difficult and unfavorable for subsequent inversion calculations.
Therefore, this paper proposes a three-dimensional borehole-to-surface electromagnetic inversion method based on an upscaling
network. First, through unsupervised deep learning, the method establishes a nonlinear mapping between the electromagnetic
response of fine-grid models containing casings and equivalent coarse-grid models, training an upscaling network from fine-
scale grids to coarse-scale grid electrical structures. Second, the upscaled coarse-grid information is used as the initial model to
perform three-dimensional borehole-to-surface electromagnetic inversion. Finally, the accuracy and feasibility of the proposed
method are verified through three-dimensional borehole-to-surface electromagnetic inversion examples, and the inversion
capability for deep targets is analyzed through synthetic data models, examining sensitivity regions, single-transmitter wells, and

dual-transmitter wells.
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1. Introduction

The  borehole-to-surface  electromagnetic =~ method
(Borehole-to-Surface Electromagnetic Method, BTS-EM) is
an effective technique for investigating deep subsurface
electrical structures [1-3]. Compared with conventional
electromagnetic exploration methods, BTS-EM deploys
transmitters within boreholes and measures electromagnetic
fields at the surface, enabling a more direct excitation of deep
formations. This approach effectively characterizes the three-
dimensional resistivity distribution and fluid variations in
hydrocarbon reservoirs, thereby improving the resolution of
deep targets [4-6]. With recent advances in BTS-EM
technology, this method has been increasingly applied in the
exploration  of conventional and  unconventional
hydrocarbons, as well as emerging energy resources [7-9].

At present, borehole-to-surface electromagnetic (BTS-EM)
surveys are often conducted in steel-cased wells. Due to the
extremely small thickness of the casing (on the order of
millimeters), its kilometer-scale length, and its high electrical
conductivity, pronounced multiscale characteristics arise [ 10—
14]. These characteristics significantly affect the
electromagnetic fields around the borehole and pose
substantial challenges for inversion [15—16]. To address these
challenges, various approaches have been proposed to
mitigate the impact of multiscale effects in BTS-EM.

One approach is to explicitly model multiscale media and
perform forward simulations. Um et al. [17] employed a
tetrahedral finite-element method to model steel casings and
fractures and conducted numerical simulations of transient
electromagnetic responses in formations containing steel-
cased wells. Commer et al. [18] used a structured hexahedral
finite-difference method to compute current density
distributions in fractured rock formations in the presence of
casing and analyzed the detectability of deep targets. Even
when adaptive mesh refinement techniques are employed,
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such as locally refined octree meshes [19] or adaptive
tetrahedral meshes [20], these approaches typically require
millions of degrees of freedom, leading to slow convergence
of iterative solvers and a significantly increased
computational burden.

Another approach is to replace multiscale media with
equivalent models to achieve upscaling of steel-cased well
models. Weiss [21] proposed a finite-element method based
on hierarchical models, in which electrical conductivity is
assigned to the edges and faces of mesh elements to represent
small-scale features such as casings or fractures with varying
conductivities. Schwarzbach and Haber [22] introduced a
technique that combines homogenization with the inversion
process, where cells surrounding the steel casing are merged
into equivalent units, improving modeling accuracy while
minimizing computational cost. Um et al. [23] approximated
steel casings as a combination of long linear ideal conductors
and short solid conductive prisms, significantly reducing the
number of discretization elements required for modeling. This
approach was further validated using logging data collected
in Alberta, Canada, demonstrating its robustness in
heterogeneous geological settings. However, these methods
still exhibit limitations when dealing with complex
geometries and often require additional computational
resources for calculating the electromagnetic responses of
equivalent models.

In recent years, machine learning methods have achieved
rapid development in the field of upscaling due to their high
efficiency and strong nonlinear mapping capabilities [24-27].
Wang et al. [28] trained a deep convolutional neural network
(Convolutional Neural Network, CNN) to learn the
relationship between coarse-grid and fine-grid models,
thereby enabling the upscaling of fine-scale geological
models. Wang et al. [29] further proposed a deep learning-
based upscaling framework that bridges pore-scale and field-
scale processes by modeling pore-scale mineral precipitation



within meter-scale fracture systems and incorporating these
effects into macroscopic simulations, achieving multiscale
modeling across five orders of magnitude.

However, applications of upscaling methods for multiscale
media in the electromagnetic domain remain relatively
limited.

In this study, we propose a residual neural network-based
upscaling strategy for steel-cased wells. The proposed method
employs a residual network to learn the nonlinear relationship
between fine-grid electromagnetic models and coarse-grid
equivalent models, enabling upscaling through an
unsupervised learning framework without requiring a large
amount of labeled equivalent resistivity data. By computing
the three-dimensional sensitivity of BTS-EM, the effective
imaging region is analyzed. Furthermore, the obtained
equivalent steel-cased well model is used as the initial model
for three-dimensional borehole-to-surface electromagnetic
inversion.

2. 3D Electromagnetic Inversion
Method Based on Upscaling
Network

This study proposes a two-stage three-dimensional
borehole—surface electromagnetic inversion method based on
a scale-up neural network.In the first stage, a deep neural
network-based scale-up model is introduced. A residual
network is employed to perform scale-up transformation on
the fine-scale cased borehole electromagnetic model, thereby
obtaining the equivalent electrical property distribution on a
coarse-scale grid.In the second stage, the resulting scale-up
model is used as the initial model for inversion. By
incorporating borehole—surface electromagnetic response
data, a three-dimensional regularized inversion algorithm is
applied to iteratively solve for and image the subsurface
resistivity structure.

2.1. Upscaling Method for Cased Wells

This paper constructs a scale-up method based on
unsupervised learning using a residual neural network to
establish the nonlinear mapping relationship between the
electromagnetic responses of fine-grid cased-hole models and
the equivalent resistivity parameters of coarse-grid models.
We define a function as follows:

Y=fX6d) €Y)

X represents the electromagnetic response calculated from
the fine-grid model, G denotes the geometric parameters of
the cased-hole model (such as outer diameter, inner diameter,
depth, etc.),d is the background layer resistivity, Y is the
equivalent body resistivity in the target coarse grid. The
function f is typically highly nonlinear and difficult to
obtain directly. Therefore, in the absence of true values for the
equivalent parameters, an approximate solution for the
coarse-grid parameters can be achieved by using a neural
network combined with an unsupervised feedback
mechanism based on response residuals. The neural network
approximates Y for different cased-hole models through the
following mapping equation:

fo:X, ,d—=>Y (2)

Where 6 represents the parameters of the neural network
(including weights and biases),, d = [d;,d,,d3, ...] denotes
the background layer resistivity parameters., If the
background layer resistivity vector remains unchanged during
each computation, the mapping in Equation (2) can be
simplified to:

forX, >Y ©

Equation (3) indicates that, given a training set, training the
neural network enables an approximate mapping of the
resistivity parameters.

The workflow diagram of the scale-up method is shown in
Figure 1. The scale-up method workflow mainly consists of
the following three steps. First, dataset construction is
performed by conducting three-dimensional electromagnetic
forward modeling on fine-grid cased-hole models to generate
the response dataset required for network training. Second,
network model training is carried out by building a deep
learning model based on a residual neural network, which
establishes the nonlinear mapping relationship between the
fine-grid electromagnetic responses and the equivalent
coarse-grid models, followed by training of the network.
Third, scale-up of the cased-hole model is achieved by
inputting the response data from a real cased-hole model into
the trained network, thereby obtaining the upscaled coarse-
grid electrical structure (resistivity distribution). In summary,
this process enables efficient approximation of equivalent
coarse-grid  resistivity = parameters  from  fine-grid
electromagnetic responses through an unsupervised or
residual-guided neural network approach.
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Figure 1. Upscaling Method for Cased Wells

2.2. Dataset construction
The model schematic is shown in Figure 2. The cased
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borehole geometric parameters (including outer diameter,
inner diameter, depth, etc.) and electrical parameters such as
formation background resistivity, borehole fluid resistivity,



and casing resistivity are used as variables to generate the
cased borehole model.
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Figure 2. Schematic Diagram of the Cased Borehole Model

The borehole depth (H) of the cased borehole model is set
to vary within the range of 5004000 m, the inner diameter
(d_in) ranges from 0.05-0.15 m, and the outer diameter
(d_out) ranges from 0.10-0.25 m, subject to the physical
constraint d out > d _in to ensure a reasonable casing wall
thickness. The model is placed in a half-space environment,
with background resistivity (p_bg) ranging from 1-10000
Q-m, borehole fluid resistivity (p_fluid) ranging from 0.01—
10 Q-m, and casing resistivity (p_casing) set between 1x10°°
and 1x10* Q-m. The parameter ranges are summarized in
Table 1.

The transmitter source is placed inside the borehole, and
the receiver array consists of a dense electric field receiver
array distributed within a 2 km radius around the borehole.
Response data for different models are obtained through
three-dimensional forward modeling computations. Effective
data preprocessing reduces the difficulty of network training.
To eliminate magnitude differences arising from different
parameter combinations, logarithmic transformation and
normalization are applied to all response values, resulting in
a smoother data distribution and avoiding excessively large or
small gradients during training. A total of 8000 samples are
simulated in this study, with 80% used for training and 20%
for testing, ultimately generating a dataset suitable for the
model.

Table 1. Parameter Range Table

Model Parameter Range
Borehole Depth [500,4000]
Background Resistivity [1,10000]
Casing Resistivity [1e-6,1e-4]
Fluid Resistivity [0.01,10]
Inner Diameter [0.05,0.15]
Outer Diameter [0.10,0.25]

2.3. Network Training

This study employs a residual network model based on the
PyTorch framework for training. For the constructed dataset,
the forward response data input for each cased borehole
model has a matrix dimension of 22 (number of receivers) x
1 (total number of transmitters) x 2 (electric field component
values). Feature extraction is first performed through an
initial fully connected layer combined with a normalization
layer and ReLU activation function, followed by a feature
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projection layer for dimensionality reduction. The backbone
network consists of 3 residual blocks, each comprising two
fully connected layers, a batch normalization layer, a ReLU
activation function, and a Dropout layer, with residual
learning achieved through skip connections. Finally, an
output branch is connected, which outputs the conductivity
parameters through two fully connected layers and a Sigmoid
activation function. Based on the sample data, the optimal
hyperparameter settings are determined as follows: batch size
of 200, learning rate of 1x107%, number of training epochs of
400, and Dropout rate of 0.2. ReLU is used as the activation
function throughout the network, and the model is trained
using the Adam optimizer, which serves as a more robust
alternative to stochastic gradient descent.

The learning rate, as a critical hyperparameter controlling
the step size of parameter optimization, directly affects the
convergence behavior and final performance of the model.
This study adopts a dynamic learning rate adjustment strategy
based on exponential decay, which takes the form:

Ir, = lry X y* 4)

Wherelr, denotes the learning rate at epoch t, Iry is the
initial learning rate, and the learning rate decay factor y=0.9.
This strategy achieves continuous exponential decay of the
learning rate: after each training epoch, the learning rate is
reduced by a factor of 0.9, which ensures rapid convergence
in the early stages while maintaining stability in the later
stages, thereby improving overall training performance.

In the traditional supervised learning framework, the
evaluation of model performance typically relies on accuracy
metrics in the parameter space. Commonly used metrics
include Mean Square Error (MSE) and Mean Squared Log
Error (MSLE). However, in the cased borehole scale
upgrading problem studied in this paper, the true parameter
values of the coarse grid equivalent model are unknown, and
training the network model using conventional loss functions
cannot guarantee the reasonableness of the results. Therefore,
we shift the optimization objective from the parameter space
to the observable response space, and adopt a physics-
constrained self-supervised mechanism during training. For
each set of equivalent model resistivities predicted by the
network, a tensor grid is used to compute the forward
electromagnetic response dp.q of the model and compare it
with the fine model response dg,., and the residual between
them is used to construct the loss function.

)

Ng
Loss = Niz [ (|dfhe]) ~ 1 (|25

Where N; denotes the number of observed data points,
0)]
dfine

j-th measurement point, and, d

)

represents the forward response of the fine model at the
03}
pre
response computed by the predicted model.

4 represents the forward

3. Numerical Simulation Analysis

3.1. Cased Borehole Upscaling Validation

For 100 newly generated upscaling models, the histogram
in Figure 3 shows the distribution of R? values (coefficients
of determination) between the predicted values and the
numerical solutions of the input models. The results indicate
that the R? values of most samples are distributed in the high-
value interval above 0.85, validating the accuracy of the
upscaling network in upscaling fine-grid models under
different combinations of model parameters. The response



residual loss function measures whether the coarse model can
accurately fit the fine model at the level of electromagnetic
response; by minimizing the residual between the
electromagnetic responses of the fine model and the coarse
model, backpropagation is used to update the parameters and
guide the neural network in learning the inter-scale mapping
relationship. A smaller mean absolute error of the response
indicates a better fit between the equivalent model after
upscaling and the true model. The training loss and validation
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Figure 3. Histogram of R? values

3.2. Borehole-to-Surface Electromagnetic
Sensitivity Analysis

To investigate the sensitivity characteristics of BTS-EM
inversion imaging, we compute its three-dimensional
sensitivity distribution and analyze the effective imaging
region of BTS-EM. Figure 5 presents the normalized
sensitivity distribution (in base-10 logarithm) of the
background model at a frequency of 20 Hz. The vertical
electric dipole source is located directly below the cased
borehole, with a formation resistivity of 8 Q-m. The receivers

Log;o(%)
H. 2.00 ]
~250
—500

=750

Z(m)

=1000

=1250

=1500

=1750

—2000
=2000

~1000
X(m)

(@) (b)

o

X(m)

Y

loss curves are shown in Figure 4, both exhibiting a clear
downward trend as the number of training iterations increases,
indicating that the model is progressively learning the features
of the data. After approximately 200 iterations, the curves
stabilize without overfitting. The validation loss decreases
rapidly in the early stage and then levels off. The training
results demonstrate the reasonableness of the network
training approach proposed in this study.

3.0
r — = Relative Error
1
2.54 ,l\ |\
n [
|'1| |'l‘ ?. l| Ly [
! o
2.04 [ [ A [AN 1 I
ooy P ANVA Yy
A T o A SR AR S
1 \
sl bb bR v nnsl
. 1 Vel ql\\l‘:ll u
P H [WANRY “‘ yu H
ol B A :
AU H you
(VRN u
A l,,‘ 1
0.5 1 L‘l
0.0 T T T T T T
0 100 200 300 400 500
x (m)

Figure 4. Training Loss

are located at: (a) (300, 0, 0) m, (b) (600, 0, 0) m, and (c)
(1000, 0, 0) m. The high-sensitivity region forms an inclined
arc defined by the transmitter-receiver pair. By deploying a
surface receiver array (x >0 m, y = 0 m), BTS-EM can detect
an inverted right-triangle region bounded by the transmitter,
the receiver array, and the casing location. When the surface
receivers are arranged in a grid pattern, BTS-EM can
illuminate a cone-like subsurface volume. This sensitivity
distribution indicates that BTS-EM is particularly well-suited
for monitoring the upward migration of fluids or gases.
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Figure 5. Sensitivity Distribution

3.3. Inversion Case Analysis of Low-Resistivity
Anomalous models

The upscaling method is applied to BTS-EM modeling and
imaging of low-resistivity target bodies, with inversion
experiments conducted using a densely distributed surface
receiver array. The receivers cover an area of 3 km x 3 km
with a spacing of 100 m. The vertical well extends from (0, 0,
0) m to (0, 0, —1500) m. The inversion domain is constrained
between —1500 m and 0 m, with background resistivity and
target resistivity set to 100 Q-m and 2 Q-m, respectively. A
three-dimensional geoelectric model of a low-resistivity
dipping reservoir is constructed, with a horizontal extent of
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200 m in the x-direction and a burial depth ranging from —600
m to —1000 m below the surface. The model schematic is
shown in Figure 6.

The initial model is a homogeneous half-space model with
a background resistivity of 100 Q-m. The transmitter
frequency range spans from 1 Hz to 1000 Hz, with 11
logarithmically spaced frequency points selected. Gaussian
random noise of 1% was added to the data. A total of 16
iterations were performed during the inversion process, with
the data misfit decreasing from an initial value of 7.53 to
0.832. The inversion results are visualized in Figure 7, which
presents the xy, xz, and yz cross-sectional views. Although
the recovered target is slightly thicker than the true target,



BTS-EM reasonably reconstructs the overall geometry and

Arr

Wartical wall

1500m

resistivity distribution of the target body.

Fecarvers

0000000000 —

Figure 6. Schematic Diagram of the True Model
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Figure 7. Three-Dimensional Inversion Result

4. Conclusion

This study introduces a scale-up-based borehole-to-surface
electromagnetic inversion method to overcome the
difficulties of multi-scale modeling and inversion under steel-
cased well conditions. By employing deep learning, a
nonlinear mapping is established from fine-scale
electromagnetic responses to equivalent coarse-scale models.
Utilizing the upscaled coarse-grid model as the starting model
for 3D inversion yields resistivity distributions with sharper
boundaries and improved imaging precision, validating the
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effectiveness and practicality of the proposed scale-up
approach in borehole-to-surface electromagnetic inversion.
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