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A B S T R A C T

Magnetotellurics (MT) inversion is essential for exploring subsurface electrical resistivity structures, but remains 
challenging due to nonlinearity and ill-posedness. Gradient-descent methods are often sensitive to local minima 
and initial models, whereas nonlinear methods are computationally expensive. Motivated by recent advances in 
deep learning, we propose a physics-constrained implicit neural representation (INR) framework for 2D MT 
inversion. Unlike data-driven neural networks, the proposed method constrains the reconstruction through a 
data-misfit loss evaluated using a Maxwell-equation-based MT forward operator, rather than requiring labelled 
training data. The continuous and compositional structure of the neural network provides an implicit regulari
zation effect, enabling a smooth and continuous representation while retaining flexibility for complex variations. 
Block-model experiments confirm the robustness of the method across the tested noise levels, network sizes, and 
initializations. In the synthetic layered model, INR achieves an acceptable data fit comparable to MARE2DEM 
and yields improved model-domain metrics, reducing root mean square error (RMSE) from 0.3338 to 0.2445 and 
increasing structural similarity index measure (SSIM) from 0.3282 to 0.6378. Application to the COPROD2 field 
data further confirms the capability of the proposed 2D INR-MT inversion to recover complex subsurface 
structures. These results highlight INR as a promising foundation for next-generation MT inversion and motivate 
future extensions to 3D geophysical imaging, particularly for applications such as geological carbon dioxide 
storage monitoring and high-resolution characterization of complex subsurface structures.

1. Introduction

Magnetotelluric (MT) is a widely used geophysical method for 
probing the Earth's subsurface electrical structure by measuring natural 
variations in electric and magnetic (EM) fields at the surface (e.g., 
Constable, 2010; Di et al., 2019). These EM variations reflect the spatial 
distribution of subsurface resistivity, offering essential insights into the 
Earth's crust and upper mantle (e.g., Attias et al., 2017; Ogawa et al., 
2014), mineral exploration (Di et al., 2020; Guo et al., 2020; Xue 
et al., 2019), hydrocarbon and geothermal reservoirs (Patro, 2017), 
and tectonic processes (Garcia et al., 2015, 2019; Wang et al., 2014).

Considerable research has focused on developing efficient and 

accurate MT inversion methodologies. Linear inversion approaches, 
such as Occam and Gauss–Newton methods, rely on Tikhonov regula
rization theory (Loke and Dahlin, 2002; Siripunvaraporn and Egbert, 
2007; Mojabi and LoVetri, 2010; Key, 2016). In these frameworks, the 
nonlinear inverse formulation is linearized, and the objective function is 
iteratively minimized using numerical optimization. While these 
methods successfully alleviate the inherent ill-posedness of MT inver
sion, their stability and accuracy depend strongly on the choice of initial 
model and the design of the regularization terms (Rung-Arunwan et al., 
2022). Poorly configured models often cause instability or convergence 
to local minima, leading to biased imaging results. Additionally, 
nonlinear global-search strategies, including Bayesian optimization, 

* Corresponding author. School of Geosciences and Info-Physics, Central South University, Changsha, 410083, China.
E-mail addresses: wang@icm.csic.es (Y. Wang), xgarcia@icm.csic.es (X. Garcia), attias@ig.utexas.edu (E. Attias), zhangboyao@csu.edu.cn (B. Zhang), hxw1334@ 

126.com (F. Xiong), ljx6666@126.com (J. Liu), guozhenwei@csu.edu.cn (Z. Guo). 

Contents lists available at ScienceDirect

Computers and Geosciences

journal homepage: www.elsevier.com/locate/cageo

https://doi.org/10.1016/j.cageo.2026.106277
Received 25 February 2026; Received in revised form 11 July 2026; Accepted 27 September 2026  

Computers & Geosciences 218 (2027) 106277 

Available online 29 September 2026 
0098-3004/© 2026 Elsevier Ltd. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

mailto:wang@icm.csic.es
mailto:xgarcia@icm.csic.es
mailto:attias@ig.utexas.edu
mailto:zhangboyao@csu.edu.cn
mailto:hxw1334@126.com
mailto:hxw1334@126.com
mailto:ljx6666@126.com
mailto:guozhenwei@csu.edu.cn
www.sciencedirect.com/science/journal/00983004
https://www.elsevier.com/locate/cageo
https://doi.org/10.1016/j.cageo.2026.106277
https://doi.org/10.1016/j.cageo.2026.106277


simulated annealing, and genetic algorithms, have been applied to MT 
inversion (Guo et al., 2011; Chen et al., 2012). Although these tech
niques possess strong global exploration capabilities, they typically 
suffer from slow convergence, reduced computational efficiency, and 
extensive parameter tuning, which limit their applicability.

Recent advances in deep learning (DL) have opened new avenues for 
geophysical forward modeling, inversion, data processing, and inter
pretation (Yu and Ma, 2021). Leveraging their ability to approximate 
complex nonlinear mappings, supervised DL frameworks have been 
developed for end-to-end electromagnetic inversion (Puzyrev, 2019; 
Yao et al., 2024). While these approaches demonstrate the potential of 
data-driven inversion, their performance depends heavily on the quan
tity and quality of labelled training data—requirements that are difficult 
to meet in practical MT settings (Wu et al., 2024). As a result, they often 
exhibit limited generalization, weak robustness, and reduced 
interpretability.

Physics-constrained deep learning aims to embed physical laws 
directly into network training by incorporating governing equations or 
data residuals into the loss function (Colombo et al., 2021; Liu et al., 
2023; Lin et al., 2023; Schuster et al., 2024). This strategy reduces 
dependence on labelled datasets and encourages the network to learn 
physically meaningful representations. Physics-guided recurrent neural 
networks (PGNN) have shown particular promise for ill-posed 
geophysical inversion tasks, including seismic waveform inversion 
(Sun et al., 2020) and EM inversion (Liu et al., 2022; Wu et al., 2024). 
More recent developments extend these ideas to fully unsupervised 
frameworks, such as unsupervised Physics-informed Full-Waveform 
Inversion (UPFWI) (Jin et al., 2021) and unsupervised 1D MT inversion 
(Goyes-Peñafiel et al., 2025), demonstrating gains in robustness and 
generalization using only observed data.

Implicit neural representations (INRs) have also emerged as a 
powerful unsupervised paradigm for geophysical inversion, offering 
continuous parameterizations of subsurface properties directly over 
coordinate space (Smith et al., 2025). Their introduction to seismic 
implicit full-waveform inversion (IFWI) (Song et al., 2021), followed by 
numerous enhancements (Du et al., 2024; Chen et al., 2025), highlights 
their ability to reconstruct complex structures while reducing sensitivity 
to initial models through intrinsic low-frequency bias. INR frameworks 
have since been extended to elastic and GPR FWI (Zhang et al., 2023; 
Sun et al., 2025), gravity inversion (Li et al., 2025), as well as resistivity 
inversion (Xu and Heagy, 2024, 2025), where they help mitigate 
near-electrode artifacts. These studies underscore the potential of INR as 
a stable, implicitly regularized approach for imaging subsurface elec
trical properties. More recently, Li et al. (2026) introduced INR into 2-D 
MT inversion by using a SIREN-based neural representation. Their 
method reparameterizes the residual between the subsurface resistivity 
model and a reference model, demonstrating the feasibility of 
coordinate-based neural parameterization for MT imaging. The sinu
soidal activation in SIREN provides strong high-frequency representa
tion capability. However, MT responses are diffusive in nature and 
usually provide limited resolution for small-scale resistivity variations, 
particularly in deep or weakly constrained regions. Therefore, an overly 
flexible high-frequency neural representation may introduce model 
variations that are not sufficiently supported by the data. The periodic 
nature of the sinusoidal activation may also make the recovered model 
more prone to oscillatory artifacts if no additional model constraint is 
imposed. Moreover, the performance of SIREN can be sensitive to the 
frequency scaling parameter, which controls the high-frequency 
expressive capability of the sinusoidal activation (Sitzmann et al., 
2020). An inappropriate choice of frequency scaling parameter may 
either introduce oscillatory artifacts or weaken the recovery of localized 
structures, thereby increasing the difficulty of obtaining stable inversion 
results.

To address these issues, this study develops a Tanh-based INR-MT 
inversion framework that directly parameterizes the subsurface re
sistivity model itself. The tanh-based neural representation constructs a 

smoother coordinate-to-resistivity mapping, which is more consistent 
with the diffusive nature and limited spatial resolution of MT responses. 
It also naturally couples neighboring spatial locations and introduces an 
implicit regularization effect through neural reparameterization, shared 
network weights, limited network capacity, and training dynamics. As a 
result, the proposed method reduces the dependence on a prescribed 
reference model and helps recover spatially coherent and geologically 
plausible resistivity structures without explicitly adding a model 
roughness regularization term.

We first assess the feasibility of the INR-based inversion using a 
simple 2D block model with different levels of noise. We then evaluate 
its performance using synthetic multilayer models and compare the re
sults with those obtained from conventional 2D Occam inversion using 
MARE2DEM (Key, 2016; Key and Ovall, 2011). Finally, we evaluate the 
method using the COPROD2 2D field data (Jones, 1993). The results 
demonstrate that the intrinsic implicit regularization of INR signifi
cantly enhances the stability, robustness, and fidelity of 2D MT imaging, 
enabling accurate recovery of complex structures without relying on 
explicit regularization terms. This study establishes a practical and 
effective 2D INR-based MT inversion framework and lays the ground
work for extending INR-EM inversion to fully 3D applications.

2. Methodology

2.1. MT forward problem

Forward modeling simulates observational data by numerically 
solving Maxwell's law for prescribed subsurface models and their elec
tromagnetic properties. Accurate forward computations are indispens
able for both conventional MT inversion and INR, as they provide the 
electromagnetic responses of trial models that are compared with the 
observed data. In the case of harmonic fields, Maxwell's law can be 
expressed as: 
{
∇× E = iμωH
∇× H = σE , (1) 

where E and H refer to the electric and magnetic fields, respectively, i is 
the imaginary unit, σ denotes the electrical conductivity, ω the angular 
frequency, μ the permeability, and ∇ represents the gradient operator.

Based on the relative directions of the electric and magnetic fields, 
Maxwell's law in two-dimensional (2-D) magnetotellurics (MT) can be 
decomposed into two polarization modes: transverse electric (TE) and 
transverse magnetic (TM), each of which is sensitive to different sub
surface conductivity structures. Ex and Hx of the two polarization modes 
satisfy the following electromagnetic field equation: 

∂
∂y

(
1

iμω
∂Ex

∂y

)

+
∂
∂z

(
1

iμω
∂Ex

∂z

)

+ σEx =0, (2) 

∂
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(
1
σ

∂Hx

∂y

)

+
∂
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(
1
σ

∂Hx

∂z

)

+ iμωHx =0. (3) 

To obtain a numerical solution, the computational domain is dis
cretized into a mesh, and Eqs. (2) and (3) is solved using the finite dif
ference method (FDM) under appropriate boundary conditions. This 
approach transforms the solution of the continuous field function into 
the solution of discrete field values at mesh nodes. Once the EM field 
components at each node are obtained, the MT impedance for the two 
polarization modes can be computed as: 

ZTE =Ex

/(
1

iωμ ⋅
∂Ex

∂z

)

, (4) 

ZTM = −
1
σ⋅

∂Hx

∂z

/

Hx, (5) 

where ZTE and ZTM represent the wave impedance at the surface in TE 
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and TM polarizations, respectively.
Then, the impedance in the complex domain is transformed into two 

physical quantities in the real domain: the apparent resistivity ρTE
s , ρTM

s 
and the φTE, φTM, which are the electromagnetic response. 

ρTE
s =

1
ωμ|ZTE|

2
, (6) 

φTE =atan 2(Im(ZTE),Re(ZTE)). (7) 

ρTM
s =

1
ωμ|ZTM|

2
, (8) 

φTM =atan 2 (Im(ZTM),Re(ZTM)). (9) 

The forward modeling in this study is based on a finite-difference 
(FD) MT solver developed by Peng et al. (2023). It is implemented 
using a secondary-field formulation, where the 2D anomalous field is 
solved on an extended computational domain and homogeneous 
Dirichlet boundary conditions are imposed on the secondary field.

2.2. General MT inversion

In conventional Tikhonov-style MT inversion methods, the recon
struction of subsurface electrical properties is formulated as the mini
mization of an objective function comprising a data misfit term and a 
regularization term. 

L=‖W(dobs − F(m))‖
2
+ μR(m), (10) 

where m is the subsurface resistivity model, dobs =
[
ρTE

s ,φTE, ρTM
s ,φTM]

represents observations (i.e., apparent resistivity and phase of TE and 
TM modes), F is the forward operator (e.g., FDM), R is the regularization 
operator, and μ is the Lagrange multiplier that balances the trade-off 
between the data fit and the regularization terms. W represents a diag
onal matrix with entries inversely proportional to the data errors.

Regularization plays a crucial role in conventional MT inversion by 
stabilizing the solution in the presence of noisy or incomplete data. By 
penalizing large deviations from a reference model or abrupt spatial 
variations, the regularization term ensures that the reconstructed sub
surface models are geologically plausible and free from nonphysical 
oscillations. Typically, the L2 norm is employed to promote smooth 
solutions, particularly when prior geological information is limited 
(Rodi and Mackie, 2001). In contrast, the L1 norm is occasionally used to 
encourage compact or sparse structures (Farquharson and Oldenburg, 
1998). Moreover, various application-specific regularization terms can 
be incorporated to integrate auxiliary information. Examples include 
reference-model constraints, spatially varying weighting, and structural 
constraints derived from prior geological knowledge (Mehanee and 
Zhdanov, 2002; Zhang et al., 2012).

Once the objective function is defined, an initial reference model, 
typically a uniform half-space, is provided. The model m is then itera
tively updated to minimize the objective function. At each iteration, the 
updated model m is fed into a forward numerical simulation F, whose 
output F(m) = dpred is subsequently used to compute the data misfit 
term. The process stops either when the data misfit cannot be further 
reduced or when it reaches a specified threshold.

2.3. Implicit neural representation-based MT inversion

Assume a set of features can be interpreted as a continuous function 
Φ, with respect to the input x ∈ Ωk, k = 1, …, K, which is implicitly 
defined by equations of the form: 

Φ : x∈Ωk→ Φ(x). (11) 

In the context of two-dimensional magnetotelluric (MT) inversion, the 
subsurface electrical properties, such as conductivity or resistivity, can 

be treated as a continuous function that maps spatial coordinates to 
physical parameter values. Specifically, for any point r = (y, z) in the 
spatial domain Ω, the electrical parameter σ or ρ can be represented as a 
continuous function Φ(r).

Based on this continuous-field representation, we use a coordinate- 
based neural network to parameterize the subsurface resistivity. The 
network takes spatial coordinates as input and outputs the correspond
ing resistivity value, as expressed as: 

ρ=Φ(r) = N Θ(r), (12) 

where N Θ represents the deep neural network with trainable network 
parameters Θ, designed as described in Section 2.4. In this way, the 
resistivity model is represented by a shared set of Θ, rather than by in
dependent values assigned to each inversion cell. This parameterization 
couples different spatial locations through the neural representation and 
provides a flexible way to describe continuous resistivity variations.

The network parameters are optimized under the guidance of Max
well's equations by minimizing the discrepancy between the predicted 
and observed MT responses. In our implementation, the MT forward 
modeling is implemented as a differentiable finite-difference solver in 
PyTorch. The finite-difference system matrix, electromagnetic fields, 
impedance responses, apparent resistivities, phases, and data-misfit loss 
are all computed using PyTorch tensor operations, so that the complete 
forward calculation remains in the automatic-differentiation computa
tional graph. The data-misfit gradient is therefore obtained by back- 
propagating through the differentiable forward solver and then 
through the coordinate-based neural representation using the chain rule. 
This allows the network parameters to be updated directly using 
gradient-based optimization while preserving the physics-based data 
constraint. The resulting optimization problem is formulated as follows: 

L(Θ)= ‖W(F(N Θ(r)) − dobs)‖
2
, (13) 

where F denotes the forward modeling operator of Maxwell's law.
Compared with Eq. (10), this objective function does not include an 

explicit regularization term, such as a Tikhonov-type roughness penalty. 
This is because the INR parameterization itself provides an implicit form 
of model constraint. Specifically, the resistivity model is reparame
terized as the output of a coordinate-based MLP, rather than being 
treated as independent cell-wise parameters. When the network adopts 
smooth nonlinear activations, the coordinate-to-property mapping tends 
to generate continuous model variations. Moreover, the shared network 
weights naturally couple neighboring spatial locations, while the finite 
network capacity restricts the recovered model to the function space 
representable by the MLP and helps suppress arbitrary small-scale var
iations. In addition, the training dynamics tend to recover smooth, low- 
frequency structures before fitting high-frequency details. These factors 
jointly act as implicit regularization, enabling physics-based inversion 
without an explicit model roughness penalty.

In principle, the INR inversion framework does not require a starting 
model in the same way as conventional inversion, because the subsur
face model is implicitly generated by the neural network. However, 
since the neural network's parameters are randomly initialized, and the 
initial model predicted by the network may deviate significantly from a 
reasonable resistivity distribution. This can increase the number of it
erations required for convergence. Therefore, an optional pre-training 
stage can be introduced for better initialization, in which the network 
is first trained to represent a reference model. It should be noted that the 
reference model used in pre-training is only used to initialize the 
network parameters and is not imposed as a hard constraint during the 
subsequent inversion. This provides a more informed initialization for 
the network parameters and can accelerate the subsequent physics- 
guided inversion. The loss function used in the pre-training stage can 
be designed as: 

Lpre(Θ)= ‖N Θ(r) − minit‖
2
, (14) 

Y. Wang et al.                                                                                                                                                                                                                                   Computers and Geosciences 218 (2027) 106277 

3 



where minit represents the initial model, commonly a uniform back
ground in electromagnetic inversion.

The approach we use to solve this optimization problem is described 
in Algorithm 1, and the framework is illustrated in Fig. 1. 

Algorithm 1. INR-based 2D MT inversion algorithm
Input:
(x, z): Cell spatial coordinates,
dobs : observed data (apparent resistivity and phase),
minit: the initial resistivity model,
N : the neural network,
Θ: hyperparameters of N ,
F: forward operator,
Tpre: maximum epochs of pre-training,
Tmain: maximum epochs of main-training,
Tes: patience of early stopping,
Tlrd: patience of learning-rate decay,
P: loss average period,
η: learning rate.

1. Step1: Prepare for inputs
Normalize coordinates: u = (u - umin) / (umax - umin),u ∈ (x,z)
2. Step2: Pre-training
for t = 1 to Tpre do

Evaluate network at all cell centers to obtain m = N Θ(u)
Compute Lpre(Θ)

Update Θ using Lpre.backward() with the optimizer
end for
Return pre-trained network N pre

Θ
3. Step3: Main-training
Load pre-trained network N Θ = N

pre
Θ

for t = 1 to Tmain do
Evaluate network at all cell centers: m = N Θ(u)
Forward model: dpred = F(m)

Compute physics-constrained loss L(Θ)

Update Θ using L.backward() with optimizer
if t % P = = 0 then

Compute mean loss over current period
if mean loss did not decrease for Tlrd then

η =η * 0.8
end if
if mean loss did not improve for Tes or loss ≤ 1 then

Terminate training
end if

end for
Output: Return final resistivity model m and trained network N Θ.

2.4. Architecture of neural networks and optimization

To implement the physics-constrained optimization (Eq. (13)), the 
subsurface model m is reparameterized via a fully connected multilayer 
perceptron (MLP), denoted N Θ. Fig. 1 presents a schematic diagram of 
this approach, illustrating how the network maps spatial coordinates to 
resistivity values.

In the 2D setting, the input N Θ consists of the spatial coordinates of 
the mesh cell centers (x, z), scaled to [0, 1]. The output corresponds to 
the predicted resistivity at each coordinate. In the examples we present 
here, the network is designed with five hidden layers, each containing 
256 neurons and employs the tanh activation function to introduce 
nonlinearity, as its smooth and continuous nature is well suited for 
modeling subsurface resistivity distributions that are typically smooth 
except at geological boundaries. Depending on the inversion target, the 
number of hidden layers, the number of neurons, and the choice of 
activation function can be adjusted to better suit the specific problem. 
During training, the optimizer is Adam, which is robust, converges 
quickly, and is suitable for large-scale hyperparameter optimization.

During main training, the learning rate determines the magnitude by 
which model parameters are updated in each iteration. A learning rate 
that is too high may cause oscillations or prevent convergence, while 
one that is too low may result in slow convergence. Therefore, a proper 
learning rate schedule is crucial for successful training.

Compared with a fixed-step decay schedule, the adaptive loss-based 
strategy provides a more robust mechanism for adjusting the learning 
rate. Fixed-step decay schemes reduce the learning rate at pre
determined epochs regardless of the model's convergence state, poten
tially leading to premature decay or unnecessary slowdowns. In 
contrast, monitoring average loss provides a more dynamic, data-driven 
control. When the loss stagnates over a given period, the learning rate is 
reduced to promote further convergence. This approach maintains a 
relatively large learning rate during the early stage for faster exploration 
and gradually switch to smaller steps as the model approaches a local 
minimum, improving both stability and convergence efficiency. In this 
study, we define a period as five epochs and calculate the mean loss for 
each period. If the mean loss failed to decrease within a specified 
number of epochs, which is set to 100 epochs in the following examples, 
the learning rate was multiplied by 0.8. 

η = η0 × 0.8n, (15) 

Fig. 1. Implicit neural representation (INR) based inversion framework. The yellow grids denote the subsurface computational mesh. The blue block represents the 
forward modeling operator (e.g., Maxwell's law), while the green block denotes the loss function used for network training. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.)
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where, η0 is the initial learning rate, here is 0.001, and n is the number of 
decay steps.

A stopping criterion was additionally implemented to terminate 
training once the loss did not improve over a specified number of epochs 
(150 in the following examples) or loss reaches 1.

This early stopping strategy not only prevents unnecessary compu
tation but also helps avoid overfitting to small fluctuations in the loss, 
ensuring that the recovered subsurface model captures the main features 
of the data while remaining physically plausible.

2.5. Evaluation metrics

The accuracy of the inversion results can also be quantitatively 
evaluated using three statistical metrics: the root mean square error 
(RMSE), coefficient of determination (R2), and structural similarity 
index measure (SSIM). 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n

(
∑n

i=1
(y − yʹ)2

)√
√
√
√ (16) 

R2 =1 −

∑n

i=1

(
yi − yʹ

i
)2

∑n

i=1

(
yi − μy

)2 (17) 

SSIM=

(
2μyμyʹ + c1

)(
2σyyʹ + c2

)

(
μy

2 + μyʹ2 + c1

)(
σy

2 + σyʹ2 + c2
) , (18) 

where y represents the reference model, and yʹ denotes the predicted 
model. μy and μyʹ correspond to the mean values of y and ý , respectively. 
σy and σyʹ also represent the variances of y and yʹ, respectively. Finally, 
σyyʹ signifies the covariance between y and yʹ. c1 and c2 are two constants 
determined by the numerical range of the image. Smaller RMSE values 
indicate a better fit between predicted and real data, while larger R2 and 
SSIM values signify a better regression model fit.

3. Trials on synthetic examples

3.1. Case 1: simple block model

In this example, we consider a simple model consisting of two 
conductive blocks embedded in a uniform background (Fig. 2a) (Wang 
et al., 2026a). The tensor mesh size is 40 × 80, and each cell is 40m×

50m. The two uniform blocks with a resistivity of 10 Ωm, each with 
dimensions of 400m × 750m, are embedded in a homogeneous 1000 Ωm 
background. The shallower uniform is located at a depth of 400m, and 
another one is at a depth of 600m. Five logarithmically spaced padding 
cells were added on lateral sides and at the bottom, extending the lateral 
boundaries to two times the core-model half-width and the bottom 
boundary to ten times the core-model depth. Additionally, ten loga
rithmically spaced air cells were added above the surface. It should be 
noted that the air layer is also included in the forward modeling (not 
shown), similar to the padding zones.

In the forward simulations, responses are calculated over a frequency 
range from 10− 4 Hz to 104 Hz, with a total of 31 frequency points. The 
21 receivers are evenly distributed along the surface at 200 m intervals 
from − 2 km to 2 km (Fig. 2). To avoid the inverse crime, the synthetic 
MT data were generated using a finite-element forward solver imple
mented in MARE2DEM, whereas the forward operator employed during 
inversion is based on a finite-difference scheme.

To assess the robustness of the proposed method, zero-mean 
Gaussian random noise was introduced into the synthetic MT data at 
two noise levels. In the low-noise scenario, Gaussian noise with 2% 
standard deviation was added to the logarithm of apparent resistivity, 

and Gaussian noise with 1◦ standard deviation was added to the phase 
data. In the medium-noise scenario, the standard deviation of noise 
levels was increased to 5% for apparent resistivity and 4◦ for the phase 
data. All other hyperparameters used during training are kept constant. 
For the pre-training stage, we use a homogeneous half-space with a re
sistivity of 500 Ω m.

Fig. 2 shows the recovered resistivity models for data with low- and 
medium-level noise added. As noise levels increase, the accuracy of 
delineating anomaly boundaries decreases. In the inversion results for 
medium-level noise, the boundary of the left anomaly extends outward, 
and the deeper part of the anomaly is overestimated, leading to an 
apparent deviation from results at lower noise levels (Fig. 2b and c). 
Correspondingly, the RMSE increases slightly, while the R2 and SSIM 
values show a mild decrease with increasing noise (Table 1). 

Fig. 2. a) Reference resistivity model; b) Predicted resistivity model from low- 
level noise observations; c) Predicted resistivity model from medium-level noise 
observations. The receivers are shown as triangles. Panels b) and c) show the 
true location of the conductive anomalies as boxes as a reference.

Table 1 
Quantitative metric result of two-block model between reference and predicted 
models.

RMSE R2 SSIM

Low-level 0.1901 0.6153 0.7314
Medium-level 0.2081 0.5674 0.6094
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Nevertheless, these variations remain small overall, and both results 
accurately reproduce the background resistivity and yield satisfactory 
inversions of the shapes, positions, and amplitudes of the two block 
anomalies, demonstrating our method's robustness to fit noisy data 
within some error threshold.

Fig. 3 compares synthetic observations with low-level noise to the 
predicted responses of two receivers, demonstrating that the predictions 
generally fit the observations well. Figs. 4 and 5 present the corre
sponding data fit pseudosections along the survey line, illustrating the 
overall excellent agreement across all receivers and frequencies. Fig. 6
illustrates the dynamic adjustment of the learning rate during training 
using data with low-level noise. After 2250 epochs, the learning rate 
decreased from 0.001 five times, a 3-fold decrease, to approximately 
0.0003. Fig. 7 shows the corresponding loss curves. Despite some short- 
term oscillations at the initial stage, the loss curve decreases as the 
number of training iterations increases, indicating that the model is 
gradually learning the data features. After ~1500 iterations, it levels off. 
And RMS finally reaches 1.007. Similar trends are also observed across 
medium noise levels, indicating the stability and convergence of the 
proposed scheme (see the Supplementary Material).

We further evaluated the sensitivity of the proposed method to the 
network architecture using the low-noise block-model example by 
varying the number of hidden layers and neurons (Fig. 8). For networks 
with 5 hidden layers, increasing the number of neurons from 64 to 128 
improves the model-domain metrics, with the SSIM increasing from 
0.7429 to 0.7749 and the R2 increasing from 0.6544 to 0.7297. The final 
data RMS misfit also decreases slightly from 1.0348 to 1.0223. When the 

number of neurons is further increased to 256, the model achieves the 
highest SSIM of 0.7992 and the lowest data RMS misfit of 1.0212, while 
requiring fewer training epochs. However, the R2 and RMSE are not 
further improved compared with the 128-neuron case. In contrast, 
reducing the network depth to 3 hidden layers with 256 neurons per 
layer leads to poorer model-domain metrics, with an SSIM of 0.4726, an 
R2 of 0.4617, and an RMSE of 0.2375, despite achieving a relatively low 
data RMS misfit of 1.0030.

Beyond the influence of network architecture, we also investigated 
the robustness of the inversion with respect to random initialization and 
the use of pre-training. To evaluate the stability of the proposed method, 
we performed five independent runs using different random seeds, 
namely 10, 100, 1000, 2000, and 3000, while keeping all other settings 
the same as those used in the block-model example. The mean and 
standard-deviation maps of the recovered resistivity models are shown 
in Fig. 9. With pre-training using a homogeneous 500 Ω m reference 
model, the mean model preserves the main resistivity structures of the 
block model, while the standard-deviation map shows that the vari
ability among different runs is mainly concentrated near anomaly 
boundaries and resistivity transition zones (Fig. 9a and b). Averaged 
over the five runs, the inversion with pre-training requires 3269 training 
epochs and achieves a final data RMS misfit of 1.012.

In addition, we examined whether the proposed INR inversion re
mains stable without the pre-training stage. The five independent in
versions without pre-training also recover consistent main resistivity 
structures, indicating that pre-training is not a necessary condition for 
obtaining stable inversion results (Fig. 9c and d). However, compared 

Fig. 3. Data comparison of the synthetic observations and predicted responses for two selected sites (x = − 1.2 km and 1.0 km, red triangles in Fig. 2b) for the low- 
noise dataset. Dots with error bars denote measured data. Solid lines denote the response of the inverted model. Error bars shown represent 2% in apparent resistivity 
and 1◦ in phase. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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with the pre-training case, the inversions without pre-training require 
more training epochs, with an average of 4582 epochs, and obtain a 

slightly higher average final data RMS misfit of 1.030.

Fig. 4. TE Data-fit profiles for the low-noise dataset. Observation and predicted apparent resistivity and phase, together with their absolute data misfits. a) Observed 
apparent resistivity; b) Predicted apparent resistivity; c) Absolute difference between observation and prediction of apparent resistivity; d) Observed phase; e) 
Predicted phase; f) Absolute difference between observation and prediction of phase.

Fig. 5. TM Data-fit profiles for the low-noise dataset. Observation and predicted apparent resistivity and phase, together with their absolute data misfits. a) Observed 
apparent resistivity; b) Predicted apparent resistivity; c) Absolute difference between observation and prediction of apparent resistivity; d) Observed phase; e) 
Predicted phase; f) Absolute difference between observation and prediction of phase.

Fig. 6. Learning rate variation curve during NN training using observed data 
with low-level noise.

Fig. 7. Training Loss curves during NN training using observed data with low- 
level noise.
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3.2. Case 2: layer model with two anomalies

In this section, the effectiveness of the proposed method is evaluated 
using synthetic examples. A four-layer synthetic model is constructed, in 
which resistivity decreases progressively with depth (Wang et al., 
2026b). A shallow high-resistivity anomaly near the surface and a 
deeper low-resistivity anomaly within the second layer are designed to 
approximate real geological structures as exploration targets (Fig. 10a).

To further assess the inversion performance, the INR inversion re
sults are compared with those obtained from the Occam inversion per
formed by MARE2DEM (Key, 2016; Key and Ovall, 2011). The MT 
profile consists of 21 survey points spaced 2.5 km apart. The observed 
MT responses used for the inversion were synthetically generated by 

MARE2DEM forward modeling over a frequency range of 10− 4-104Hz, 
and 2% Gaussian noise was added to simulate observational uncertainty.

For INR, we use a mesh with core cells of 250 m × 100 m, with 200 
core-mesh cells in the x-direction and 100 cells in the z-direction. The 
mesh is further enlarged by five logarithmically stretched cells on both 
sides and beneath the model, where the lateral and bottom extensions 
reach four times the core-model half-width and ten times the core-model 
depth, respectively. An additional 10 air cells are placed above the 
surface. The INR inversion was implemented in PyTorch under the Py
thon 3.12.0 environment and trained on a workstation equipped with an 
Intel(R) Xeon(R) Platinum 8383C CPU @ 2.70 GHz. For MARE2DEM 
inversion, the subsurface is meshed into about 24780 cells, a number 
comparable to that used in the INR model. The mesh was extended 

Fig. 8. Inversion results with different sizes of network. (a) 5 hidden layers with 64 neurons per layer. (b) 5 hidden layers with 128 neurons per layer. (c) 5 hidden 
layers with 256 per layer. (d) 3 hidden layers with 256 neurons per layer.

Fig. 9. Inversion results from five independent runs with different random seeds for block model. a) Mean predicted resistivity model with pre-training; b) standard 
deviation of the predicted resistivity models with pre-training; c) mean predicted resistivity model without pre-training; d) standard deviation of the predicted 
resistivity models without pre-training.
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laterally and vertically to cover the same model domain as the INR mesh. 
The initial model used for MARE2DEM inversion was a 500 Ωm ho
mogeneous half-space, which is the same for INR inversion pre-training. 
The resistivity model was constrained using gradient-based roughness 
regularization. The roughness weights in the horizontal and vertical 
directions were set to 3 and 1, respectively, and a penalty cut weight of 
0.1 was applied. MARE2DEM Occam inversion was executed on a high- 
performance computing (HPC) cluster with 2 nodes and 48 cores.

The INR inversion was terminated after satisfying the early-stopping 
criterion, with 2614 training iterations and 2614 forward evaluations. 
And the final data RMS reaches 1.43. In contrast, MARE2DEM inversion 
satisfied the stopping criteria after 8 iterations, requiring 35 forward 
evaluations and reaching a final data RMS of 1.17. The runtime of the 
MARE2DEM and INR are 549.8s and 123306s, respectively.

Fig. 10b and c presents the inverted resistivity models obtained by 
INR and MARE2DEM. To further assess local accuracy, we extracted two 
1D resistivity pseudo-well curves crossing the central anomaly regions at 
x = − 15 km and x = 10 km (Fig. 11). From the 2D profiles, both methods 

can resolve the two prominent anomalies and the large-scale layered 
structure. The MARE2DEM result (Fig. 10b) shows a relatively smooth 
distribution, which is consistent with its regularized inversion frame
work. It captures the broad resistivity variations and tends to smooth the 
layer boundaries and the anomaly boundaries. In comparison, the INR 
result preserves the main anomalous body and the layered structure 
more clearly in the 2-D section (Fig. 10c). The resistive anomaly is more 
compact and closer to the reference geometry. The vertical profiles in 
Fig. 11 provide a more detailed comparison of the local resistivity var
iations at the two selected locations. At X = − 15 km, the two methods 
show different amplitude deviations in the middle and deep parts of the 
model (Fig, 11a). At X = 10 km, both methods capture the main vertical 
resistivity trend, with discrepancies mainly occurring near layer tran
sitions and in deeper region, and the undulating interface between the 
middle and lower layers is better retained by INR (Fig. 11b).

The quantitative metrics in Table 2 further support these observa
tions. INR achieves a lower RMSE of 0.2445, a higher R2, and a higher 
SSIM compared with MARE2DEM. These results suggest that, for this 
synthetic example, INR better preserves the overall structural similarity 
and resistivity contrast, while MARE2DEM provides a smoother 
reconstruction.

The accuracy of the inversion results can also be quantitatively 
evaluated using RMSE, SSIM, and R2. Table 2 summarizes the results for 
MARE2DEM and INR. INR achieves significantly lower RMSE, higher R2, 
and higher SSIM compared to MARE2DEM, indicating superior numer
ical accuracy, better agreement with the reference model, and improved 
structural fidelity.

4. Application to field data: COPROD2

To further verify the effectiveness of the INR method on field MT 
data, we applied it to invert MT data collected in southern Saskatchewan 
and Manitoba, Canada (Jones, 1988, 1993; Jones and Savage, 1986). It 
is an East–West profile across the Williston Basin in Canada. Along this 
profile, the surface is covered by low-resistivity sediments formed dur
ing the Paleozoic, beneath which lie high-resistivity Cambrian basement 
rocks. It passes through two large-scale conductive anomalous 
geo-features, namely, the North American Central Plains (NACP) and the 
Thompson Belt (TOBE) (Jones et al., 2005). The more prominent 
anomaly, located near the center of the profile, corresponds to NACP. In 
contrast, a second basement anomaly at the eastern end of the profile is 
associated with the TOBE.

The COPROD2 dataset is high-quality and consists of 40 frequencies, 
from 384Hz to 1/680Hz of data collected at 35 sites along a 407 km 
profile. We use the data set comprising the TE and TM mode data, which 
have already been corrected for static shift. We further inspected the 
apparent-resistivity and phase curves and excluded evident outliers or 
data points showing strong inconsistency with neighboring stations and 
frequencies, in order to reduce the influence of non-2-D responses. Data 
uncertainties are assigned as 10% for apparent resistivities and 2.9◦ for 
phases, consistent with the data fit levels reported by deGroot-Hedlin 
and Constable (1993). Both TE and TM components are included in 
the objective function without additional empirical mode-dependent 
weighting; their weights are controlled by the prescribed data 
uncertainties.

The inversion mesh for INR method comprises 90 × 120 cells in the 
vertical and horizontal directions, respectively. Horizontally, the core 
region is discretized into 100 uniform cells with a spacing of 4000 m, 
while 10 logarithmically spaced padding cells are added on each side. 
These padding cells extend the lateral boundaries to 1.5 times the half- 
width of the core model. Vertically, the subsurface core region extends 
to a depth of 60 km and is divided into 70 nonuniform cells, whose 
boundaries are defined using logarithmic spacing. An additional 10 
logarithmically spaced padding cells are added beneath the core region, 
extending the bottom boundary to twice the core-model depth. Above 
the surface, 10 air cells are included, with their thicknesses increasing 

Fig. 10. a) Reference resistivity model; b) MARE2DEM inversion result; c) INR- 
MT inversion result. The red dotted lines correspond to the 1D profiles shown in 
Fig. 9. The receivers are shown as triangles. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the Web version of 
this article.)
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progressively upward. The INR inversion is also implemented under the 
same software environment and hardware configuration with synthetic 
layered model case. It is terminated after 7869 epochs, corresponding to 
7869 forward evaluations, with a runtime of 92408 s. The final data 
RMS misfit reaches 1.45 (Table 3).

We also inverted the same data set using MARE2DEM for compari
son. The subsurface domain was discretized into approximately 
15,244 cells, including the extension cells. The MARE2DEM mesh was 
also extended laterally and vertically to cover the same model domain as 
the INR mesh. The initial model used for MARE2DEM inversion was a 
10 Ωm homogeneous half-space, which is the same for INR inversion 
pre-training. Other inversion settings, including the regularization 
strategy, roughness constraints, target misfit, fast Occam parameters, 
stopping criteria, and computational hardware configuration, were kept 
the same as those used in the synthetic layered-model case. The final 
accepted MARE2DEM model was obtained after 16 iterations, involving 
335 forward evaluations, and achieved a final data RMS misfit of 1.39. 
And the total computational times were 7494s (Table 3).

We compare our solution with MARE2DEM results and previous 
studies to assess the recovery of the main conductivity structures. As 
shown in Fig. 12, both methods recover the principal conductive fea
tures of the profile, including the broad NACP anomaly, the TOBE 
conductor, and the shallow conductive layer interpreted as Paleozoic 

sediments. The INR-MT model images the NACP as a continuous 
anticlinal-shaped, westward-dipping conductor with a horizontal extent 
of approximately − 50 to 50 km, a top boundary at around 10 km depth, 
and a conductive core centered near 20 km depth. This overall geometry 
agrees with previous Occam 2-D inversion results reported by 
Degroot-Hedlin and Constable (1993).

The TOBE conductor is also recovered by both methods near the 
eastern part of the profile. For INR inversion, the TOBE structure is 
vertical and narrow, with its top located at the base of the Paleozoic 
sediments and bottom boundary at a depth of 8 km (Fig. 12). The re
sistivity values in both zones are below 10 Ωm, as described in previous 
studies (Romo et al., 2005; Zhao et al., 1993). The MARE2DEM result 
shows the corresponding conductor but with smoother boundaries and 
deeper extension. The resistivity values in both the NACP and TOBE 
zones are generally below 10 Ωm, consistent with previous studies by 
Romo et al. (2005) and Zhao et al. (1993). Both methods recover a 
laterally continuous, shallow low-resistivity layer, which is interpreted 
as Paleozoic sediments. In INR inversion, this conductive layer has a 
thickness of about 2.5 km, whereas it appears slightly thicker and more 
diffuse in the MARE2DEM result.

The comparison suggests that the proposed INR-MT method can 
recover the principal conductivity features of the COPROD2 benchmark 
in a manner broadly consistent with both MARE2DEM and previous 
studies. However, some differences can also be observed between the 
two inversion results in the background resistivity distribution and the 
detailed morphology of local conductive anomalies. The MARE2DEM 
result shows a smoother and more laterally continuous background, 
which is expected from the explicit Occam roughness regularization. In 
contrast, the INR-MT model exhibits stronger resistivity contrasts in 
some regions, reflecting the different implicit regularization behavior of 

Fig. 11. 1D pseudo-well resistivity profiles crossing the anomaly regions at a) x = − 15 km and b) x = 10 km.

Table 2 
Quantitative comparison between the INR and MARE2DEM inversion results for the synthetic layered model case.

RMSE R2 SSIM RMS (data) Forward evaluations Time cost (s)

MARE2DEM 0.3338 0.6506 0.3282 1.17 35 549.8
INR 0.2445 0.8487 0.6378 1.43 2614 123306

Table 3 
Quantitative comparison between the INR and MARE2DEM inversion results for 
the COPROD2 dataset.

RMS Forward evaluations Time cost (s)

MARE2DEM 1.39 335 7494
INR 1.45 7869 92408
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the coordinate-based neural representation.
Figs. 13 and 14 present the resulting data fits of INR method, 

showing that the predicted responses reproduce the main trends of 
observed data across most frequencies and sites. Fig. 15a–d shows the 
RMS values calculated for each individual station. Most stations exhibit 
RMS values around 1, while a few reach up to 3, mainly due to misfits in 
the TM phase at low frequencies. The frequency-dependent RMS misfit 
in Fig. 15e shows that the residuals are mainly concentrated at the high- 
and low-frequency ends, while the intermediate frequency band is 
generally fitted better, with RMS values close to or below 1.0. The 
relatively high RMS values at high frequencies may be associated with 
shallow small-scale heterogeneity, residual static-shift effects, galvanic 
distortion, or local data noise, which are difficult to fully represent in a 
smooth 2-D model. The increased RMS values at low frequencies, 
particularly at the longest periods, may be related to lower signal-to- 
noise ratios, larger data uncertainty, deeper conductivity variations, or 
possible off-profile and along-strike structures beyond the 2-D assump
tion. Nevertheless, the overall RMS misfit of the INR-MT inversion 

remains 1.45, which is comparable to the MARE2DEM result with an 
RMS misfit of 1.39, indicating that the proposed method reproduces the 
main data trends reasonably well, although localized residuals persist at 
the frequency-band edges.

The COPROD2 example demonstrates that the proposed INR-MT 
framework can be applied to field MT data and can recover the main 
conductivity features in a manner broadly consistent with MARE2DEM 
and previous studies. However, because localized residuals remain at 
several stations and frequency bands, and because possible non-2-D ef
fects may still influence part of the dataset. The comparison also shows 
that, at the current stage, INR-MT is mainly valuable as an alternative 
neural parameterization and implicit-regularization framework, rather 
than as a more efficient replacement for mature conventional inversion 
codes. Future work will focus on improving the computational efficiency 
of the differentiable forward solver and extending the framework to 
more complex field settings.

Fig. 12. Inversion models derived from the COPROD2 data set with (a) MARE2DEM; (b) INR. Location of the MT stations are shown as inverted black triangles along 
the surface.

Fig. 13. Pseudosections of the observed, modelled MT data and absolute difference for TE polarization. a) Observed apparent resistivity; b) Predicted apparent 
resistivity; c) Absolute difference between observation and prediction of apparent resistivity; d) Observed phase; e) Predicted phase; f) Absolute difference between 
observation and prediction of phase.
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5. Discussion

5.1. Robustness assessment and parameterization effects

The repeated-run results for block model and layered model indicate 
that the proposed INR-based inversion framework can consistently 
recover the main resistivity structures under different random initiali
zations (Fig. 9 and Fig. S3). The relatively low variability within the 
interior of the main anomalies suggests that the large-scale resistivity 
distribution is stable across independent runs. In contrast, the higher 
variability near anomaly boundaries and resistivity transition zones in
dicates that sharp interfaces are less well constrained, which is consis
tent with the inherent non-uniqueness and smoothing tendency of 
regularized geophysical inversion. It should be noted that these 
repeated-run tests provide an empirical assessment of inversion stability 
rather than a full probabilistic uncertainty quantification. More rigorous 
uncertainty analysis, such as Bayesian sampling or ensemble-based 
posterior estimation, is beyond the scope of this study and will be 
investigated in future work.

In addition to random initialization, the inversion results are also 
influenced by the neural-network parameterization itself. The 
architecture-sensitivity test shown in Fig. 8 indicates that although the 
shallower network with 3 hidden layers achieves a relatively low data 
RMS misfit, its poorer model-domain metrics suggest that it lacks suf
ficient representational capability to recover geologically reasonable 
resistivity structures. In comparison, increasing the network width im
proves the reconstruction quality for the 5-layer networks, but the 
improvement is not strictly monotonic for all metrics. The architecture 
used in the main experiments, namely 5 hidden layers with 256 neurons 
per layer, provides a favorable balance among structural similarity, data 
fitting, and training efficiency in this example. Nevertheless, the optimal 
architecture may depend on the complexity of the subsurface model, 
data coverage, and noise level. Therefore, the network architecture 
should be selected by balancing model representation capability, data- 
fitting accuracy, and computational cost.

In addition to network depth and width, the supplementary 
activation-function test further shows that the choice of activation 
function also affects the performance of INR-based inversion and pro
vides support for the use of Tanh in the main experiments (Fig. S4). This 
is because, in the proposed INR-based inversion, the neural network is 
not only an optimization tool, but also a continuous parameterization of 
the subsurface resistivity distribution. Therefore, the smoothness and 

continuity of the activation function directly influence the smoothness 
and stability of the recovered resistivity model. Compared with ReLU, 
Tanh is smooth, bounded, and continuously differentiable, which makes 
it more suitable for representing gradual resistivity variations and 
smooth transitions in the subsurface. This is also confirmed by the noisy 
block-model test, where Tanh achieves higher SSIM and R2, lower RMSE 
and data RMS misfit, and fewer training epochs than ReLU under the 
same inversion settings (Table S3). Therefore, Tanh is adopted in the 
main experiments because it provides a more stable and effective rep
resentation for INR-based MT inversion in this study.

The role of pre-training should be interpreted as an initialization 
strategy rather than a necessary constraint on the final inversion model. 
The results without pre-training show that the proposed INR inversion 
can still recover the main resistivity structures from random initializa
tion, indicating that the framework does not fundamentally rely on a 
prescribed starting model (Fig. 9c and d). However, when pre-training is 
used, the choice of the reference model can influence the subsequent 
optimization. A suitable homogeneous reference model can provide a 
more favorable initial neural representation, helping the inversion 
converge faster and improving the recovered model. The sensitivity test 
in the supplementary material shows that, among the tested homoge
neous reference models, the 500 Ω m model provides the best overall 
model-domain metrics (Fig. S2). It suggests that pre-training is most 
beneficial when the reference model is reasonably selected. Although 
pre-training is not strictly required, it can improve the stability and ef
ficiency of the inversion when appropriate prior information is avail
able. Therefore, if reliable prior information is available, such as 
regional background resistivity, geological constraints, or results from 
previous inversions, it can be incorporated into the pre-training stage to 
provide a more informed initialization; otherwise, the inversion can still 
be performed without pre-training.

5.2. Comparison with other related methods

Compared with conventional purely data-driven deep-learning 
inversion methods, the proposed method reduces the dependence on 
large labelled training datasets. Purely data-driven methods usually 
learn a direct mapping from geophysical observations to subsurface 
models based on paired data-model samples. Once trained, they can 
provide fast predictions, but their performance strongly depends on the 
representativeness of the training dataset, and their generalization may 
be limited when the observed data differ from the training distribution.

Fig. 14. Pseudosections of the observed, modelled MT data and absolute difference for TM polarization. a) Observed apparent resistivity; b) Predicted apparent 
resistivity; c) Absolute difference between observation and prediction of apparent resistivity; d) Observed phase; e) Predicted phase; f) Absolute difference between 
observation and prediction of phase.
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To improve the physical consistency of data-driven inversion, several 
physics-guided or physics-driven deep-learning methods have been 
developed (Liu et al., 2022, 2024; Wu et al., 2024). These methods still 
generally rely on training datasets during the training stage, but intro
duce physical information into the loss function, or forward-modeling 
consistency. Therefore, these hybrid methods provide an important 
step beyond purely data-driven inversion by combining learned 
data-model relationships with geophysical constraints.

More recently, physically guided deep unsupervised inversion 
methods have been proposed to further reduce the dependence on 
labelled model datasets. For example, physically guided deep unsuper
vised inversion for 1-D MT models constrains the inversion using the 
data misfit calculated from the forward response, rather than relying on 
supervised labels (Goyes-Peñafiel et al., 2025). However, it learns a 
mapping from observed data to resistivity models using fully connected 
networks. Such a data-to-model mapping may face scalability challenges 
when extended to higher-dimensional MT inversion problems or more 

complex survey configurations, because the network input and output 
dimensions are closely tied to the data and model discretization.

In contrast to the above deep-learning-based inversion methods, the 
proposed INR-based MT inversion does not learn a global data-to-model 
mapping from a labelled training dataset. Instead, the neural represen
tation is optimized for each specific observed dataset through the MT 
data misfit. This avoids the need for large paired training datasets and 
decouples the network input from the dimension of the observed data. 
Compared with conventional grid-based MT inversion methods, the INR 
framework also provides a flexible coordinate-based representation of 
the subsurface model, in which the resistivity distribution is described as 
a continuous function rather than as independent cell-wise parameters. 
This continuous representation can reduce the dependence on a fixed 
inversion grid and may provide greater flexibility for representing 
complex resistivity variations. In this study, the forward responses are 
computed using a finite-difference solver; however, if an appropriate 
mesh-free forward-modeling algorithm is adopted, the INR framework 

Fig. 15. a) TE apparent resistivity RMS for stations; b) TE phase RMS for stations; c) TM apparent resistivity RMS for stations; d) TM phase RMS for stations; e) RMS 
for frequencies.
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could potentially be extended toward a fully mesh-free inversion strat
egy (Huang and Alkhalifah, 2022).

Nevertheless, the proposed method also has limitations, particularly 
in terms of computational efficiency. Similar to conventional iterative 
MT inversion, each optimization step requires forward modeling, and 
the total computational cost is therefore largely controlled by the effi
ciency of the forward solver. For both the synthetic layered-model and 
COPROD2 examples, the INR-based inversion requires substantially 
more forward evaluations and longer runtimes than MARE2DEM, 
increasing from 35 to 2614 and from 335 to 7869 forward evaluations, 
respectively, while achieving slightly higher data RMS misfits (Tables 2 
and 3). These comparisons indicate that the current INR implementation 
is substantially more computationally expensive than the mature con
ventional inversion algorithm used here. This higher computational cost 
mainly results from the test-time optimization strategy, in which the 
neural representation must be trained separately for each inversion 
problem, together with the repeated calls to the finite-difference for
ward solver during network optimization. In addition, the current for
ward solver has not been parallelized, whereas mature inversion codes 
such as MARE2DEM can efficiently exploit parallel computing re
sources. Therefore, the reported runtime mainly reflects the computa
tional cost of the present implementation rather than the full efficiency 
potential of the INR-based framework. With further improvements in 
forward-modeling efficiency, parallel implementation, and optimization 
strategies, the proposed formulation could become practical for large- 
scale MT inversion while retaining the methodological advantages dis
cussed above.

6. Conclusions

In this study, we propose a framework for MT inversion using im
plicit neural representations (INR) and implicit regularization that are 
inherently incorporated into the Neural Network. Unlike conventional 
inversion schemes that rely on explicit regularization terms (e.g., 
Tikhonov), the proposed INR-based inversion achieves smoothness and 
structural adaptivity through the neural network's architecture. The 
results of our synthetic block and complex-layer models with embedded 
sparse anomalies show strong recovery of sharp boundaries and fine 
structural details. The results further indicate that the proposed method 
maintains stable inversion performance under increased noise levels and 
provides improved reconstruction of the main anomalous structures 
compared with conventional L2-norm Tikhonov-regularized inversion 
methods. These findings suggest that the inherent inductive biases and 
continuity of the INR representation can serve as powerful forms of 
implicit regularization, stabilizing the inversion without the need for 
manually tuned penalty parameters. To further validate its practical 
applicability, we apply the proposed method to the inversion of field- 
measured data. INR performance on COPROD2 aligns well with previ
ous studies' findings, further illustrating its feasibility for addressing 
real-world exploration objectives.

Our framework provides a flexible and extensible foundation for 
future geophysical inversion studies. Although the current imple
mentation is computationally more expensive than mature conventional 
inversion algorithms and supervised deep-learning prediction after off
line training, its main value lies in reducing the dependence on labelled 
training datasets, providing implicit regularization through the 
coordinate-based neural representation, and offering a continuous and 
differentiable formulation for future extensions. This formulation may 
facilitate the development of three-dimensional and multi-scale inver
sion frameworks by incorporating spatial coordinates in a flexible 
manner. It also provides a natural way to integrate multiple types of 
geophysical data within a unified optimization process. Future work 
could focus on accelerating the inversion process by incorporating more 
efficient forward solvers, surrogate forward models, or adaptive 
modeling strategies. Combining the proposed INR representation with 
more efficient and potentially mesh-free forward-modeling algorithms 

may further improve its applicability to large-scale and higher- 
dimensional geophysical inversion problems. These advances could 
further promote its application to geological CO2 storage monitoring, 
where flexible and robust imaging of complex three-dimensional sub
surface structures is crucial for tracking plume migration and evaluating 
storage integrity.
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