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Abstract Electrical Resistivity Tomography (ERT) is widely used for subsurface imaging. Despite recent
advancements in machine learning based ERT inversion using conventional deep learning models such as CNN
and UNet, accurately delineating resistivity profiles of natural and artificial subsurface anomalies remains
challenging. These challenges stem from multi-scale complex geological heterogeneity, spatial resolution
limitations, and the ill-posed nature of ERT inversion. This study proposes a new hybrid image-based ERT
inversion method leveraging a Vision Transformer (ViT) model incorporating convolutional blocks to map
observed pseudo sections of subsurface apparent resistivity to true resistivity distributions. This novel approach
is compared to others including CNN AutoEncoder, UNet, and Latent Diffusion. A synthetic data set generated
using forward modeling with varying conductive/resistive heterogeneity zone, facilitates model training using a
curriculum strategy to improve generalization across complexity levels. To address the absence of true
resistivity data for field observations, a residual CNN model is employed to calibrate resistivity colormap ranges
of ERT imaging to ensure consistency in resistivity values represented in both input and output images of the
ViT model, maximizing inversion accuracy and result interpretation in applications. The proposed method
demonstrated superior performance over frequently used comparative models, as the adopted ViT model excels
in inversion accuracy, computational efficiency, adaptability to heterogeneity, and robustness to measurement
noise. Inversion results showed significant advantages over traditional Gauss-Newton numerical inversion,
which achieved high fidelity in rapidly resolving subsurface anomalies with sharp boundaries and accurately
mapped resistivity distributions with high resolution, presenting a promising data-driven approach for large-
scale ERT imaging applications.

Plain Language Summary Electrical Resistivity Tomography (ERT) is a widely used geophysical
technique for imaging subsurface structures by measuring variations in electrical resistivity. Despite recent
progress in inversion techniques using traditional numerical methods and newer, machine-learning models, it
remains challenging to accurately characterize complex geological features and artificial anomalies due to
limited resolution and the inherently uncertain and spatially variable nature of the subsurface and the model
calibration process. This study presents a novel image-based inversion framework that utilizes a Vision
Transformer model augmented with convolutional blocks to reconstruct the true subsurface resistivity material-
property distributions from ERT measurements. The model is trained using a synthetic data set generated
through forward modeling, which enables comparison with the known true material property distribution. A
curriculum learning strategy is employed to improve model generalization across different levels of data
complexity. To facilitate method applications where true resistivity values are unavailable, a separate residual
neural network model is developed to calibrate the color scales of ERT images, ensuring consistency between
model input and output interpretations. When benchmarked against the conventional numerical inversion
approach, the proposed method shows significant improvements in delineating sharp resistivity contrasts with
high resolutions and resolving detailed subsurface features in real-time.

1. Introduction

Electrical Resistivity Tomography (ERT) is a widely utilized geophysical technique for imaging subsurface
structures (Binley et al., 2015; Dimech et al., 2022; Ducut et al., 2022; Robinson et al., 2003). In hydrogeological
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studies, ERT is particularly valuable for mapping groundwater resources, identifying aquifers, and localizing
groundwater bearing formations (Fan et al., 2023; Tao et al., 2022). Its non-invasive nature (Sakar et al., 2024)
and ability to obtain high-fidelity measurements of resistive and conductive subsurface targets, anomalous and
heterogeneous features (Bai et al., 2024; Ciampi et al., 2024), has made it broadly applied across various fields
including environmental assessments (Bai et al., 2024; Gao et al., 2024; Perrone et al., 2014), water resource
management (Liu et al., 2024), and underground mining (Rupesh et al., 2024; Su et al., 2024).

Over the years, numerical simulation methods (Rucker et al., 2017) such as Finite Difference Method (Gao
et al., 2020; Thirard et al., 2022), Finite Element Method (Aleardi et al., 2021; Zhao et al., 2024), Integral
Equation Method (Dong & Yue, 2025), and Gauss-Newton (GN) Method (Boyle et al., 2018; Rucker et al., 2017)
are predominantly relied on for accurately delineating resistivity profiles of subsurface natural target zones such
as faults (Ducut et al., 2022; Hung et al., 2024), karst features (Liu et al., 2021), or igneous intrusions (Kasing
etal., 2023) in addition to artificial anomalous bodies (Rucker et al., 2012; Pang et al., 2022; B. Wang et al., 2024)
such as storage tanks, contamination spills (Gao et al., 2024), and tunnels (Nie et al., 2024). Despite their reli-
ability across diverse geophysical conditions, numerical simulation methods face several challenges. High re-
sistivity can contrasts distorting inversion results, while limited spatial resolution often hinders the accurate
detection of fine-scale heterogeneities (Liu et al., 2023), and their inherently ill-posed nature (Jamil et al., 2024;
Mudunuru et al., 2022), which allows multiple plausible models, potentially introducing artifacts. Furthermore,
numerical simulation methods for ERT inversion often require iterative solutions to large systems of equations
(Papadopoulos et al., 2022), making them computationally expensive, especially for high-resolution models (Bai
et al., 2024; Shi et al., 2024). The iterative forward modeling and inversion processes can result in longer
computation times and substantial memory requirements.

To improve ERT measurement, interpretation, and robustness while also reducing computational complexity,
field applications often abstract the geometric and resistive properties of the target, aiming to capture only the
essential subsurface properties (Dosoky, 2023; Jamil et al., 2024). Complex geological features can be repre-
sented by simplified layered homogeneous structures in two-dimensional (2D) cross-sectional resistivity profiles.
Irregularly shaped targets and subsurface anomalies such as caves, water bodies, water tanks, and buried
structures can be approximated as ellipsoidal, cylindrical, or rectangular prisms to ease interpretation. However,
numerically inverting observational ERT data under these circumstances still suffers from the loss of fine-scale
details that could smooth out sharp contrasts, potentially obscuring localized anomalies and introducing non-
uniqueness, where multiple resistivity distributions fit the observed data equally well. Additionally, discretized
resistivity representations can introduce artificial boundary effects and interpolation errors, which would result in
geometric distortions where the assumed model does not align with the true subsurface structure (Rucker
et al., 2012). To address such limitations, more advanced approaches have been proposed that integrate com-
plementary data sets. Joint inversion of ERT with ground-penetrating radar (Linde et al., 2006), time-lapse joint
inversion with dynamic constraints (Rittgers et al., 2016), and integrated hydrogeophysical-hydrogeological
characterization (Abbas et al., 2022) provide improved subsurface resolution and help mitigate the non-
uniqueness problem.

Building on these developments, numerous inversion methods have been developed over the years utilizing
various data formats including 2D mesh-based approaches (Blanchy et al., 2020; Dai & Samper, 2004; De Peppo
et al., 2024) and image-based deep learning techniques (Lan et al., 2023). The 2D inversion represents the
subsurface as a structured or unstructured mesh and solves for resistivity distribution along vertical cross-sections
(Damavandi et al., 2022) using numerical simulation or machine learning models (Oladeji et al., 2024) such as
multilayer perceptron (MLP) (Jamil et al., 2024; Manrique et al., 2023) and K-means (Dick et al., 2024; Doyoro
et al., 2025), enabling fault detection and mineral exploration but struggling with strong lateral heterogeneities
(Rucker et al., 2017). Recent advances in image-based deep learning approaches utilize convolutional neural
networks (CNNs) (Guo et al., 2023), deep neural networks (Liu et al., 2022), ResNet (Yan et al., 2023), UNet
(Kong et al., 2023; Liu et al., 2023), physics-informed neural networks (PINNs) (Haruzi & Moreno, 2023),
artificial neural network (Chhun et al., 2022), and generative models including generative adversarial network
(GAN) (Amiri et al., 2024) and diffusion models (Zhan et al., 2025) to reconstruct resistivity distributions
efficiently from observatory ERT data. These offer real-time inversion and noise resilience but require extensive
labeled data sets for training.
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In comparison to traditional 2D mesh grid inversion, image-based deep learning approaches offer greater flex-
ibility and adaptability across different ERT measurement configurations and spatial scales. While conventional
methods require explicit forward modeling tailored to specific electrode arrays such as dipole-dipole, Wenner,
and Schlumberger (Dosoky, 2023), deep learning models can be trained across multiple configurations by
learning spatial resistivity patterns directly from image data generated (Dong & Zhang, 2024). Additionally, 2D
mesh-based inversion relies on fixed discretization, where finer grids increase computational complexity (Gao
et al., 2020), whereas deep learning methods enable scale-invariant resistivity reconstructions without predefined
grid constraints. This adaptability allows seamless application across surveys with varying electrode spacing,
penetration depths, and geological settings, making deep learning approaches ideal for large-scale ERT imaging.
Deep learning models, once trained, can provide near-instantaneous predictions by leveraging pre-learned pat-
terns, significantly reducing computational costs by directly mapping measurements to subsurface resistivity
distributions.

In recent studies, CNN-based neural networks such as ResNet (Huang et al., 2024) and UNet (Guo et al., 2023) are
amongst the most frequently used models for image-based ERT inversions due to their efficiency and spatial
feature extraction capabilities. However, the CNN-based models exhibit limitations in capturing long-range
dependencies, handling scale variability, and managing sparse or noisy data in ERT inversion (Mauricio
et al., 2023). Relationships between distant regions in the input data, such as spatial correlations between re-
sistivity anomalies that are far apart in the apparent resistivity pseudo-section are challenging for CNNs due to
their reliance on local convolutional filters, which restricts their ability to model global resistivity variations,
requiring deeper architectures or larger kernels to approximate long-range correlations (Azad et al., 2021; Zu
et al., 2024). Additionally, CNNs operate on fixed-resolution inputs, making them less adaptable to varying
spatial scales and more sensitive to missing or noisy data, as their spatial convolution mechanisms struggle to
interpolate incomplete resistivity measurements (Yang et al., 2024).

While the more advanced Vision Transformer and diffusion models have seen frequent successes in image-to-
image prediction tasks such as image reconstruction and super-resolution (Roy et al., 2023; Saharia
et al., 2023; Zhang et al., 2024), their applications in image-based ERT inversion are still nonexistent. They have
the potential to offer significant advantages over traditional models like CNN. ViTs leverage self-attention
mechanisms to model global resistivity patterns more effectively (Xiao et al., 2023). Their patch-based pro-
cessing also allows flexible input sizes, enhancing adaptability across different spatial scales and survey con-
figurations (Dosovitskiy et al., 2020; Jiang et al., 2025; Raghu et al., 2021). Diffusion models further improve
inversion robustness through iterative denoising, making them resilient to measurement noise and incomplete
data (Taufik et al., 2024; Xia et al., 2024). Additionally, both ViTs and diffusion models have generalization
capabilities across various electrode configurations without requiring extensive retraining. Both of them offer
promising performance in reconstructing highly complex resistivity structures with superior resolution, whereas
ViT excels in computation efficiency (Trappolini et al., 2024; F. Wang et al., 2024), making it suitable for large-
scale and high-fidelity ERT applications.

In this study, Vision Transformer (ViT) is employed incorporating convolutional blocks (Yang et al., 2024; Zu
et al., 2024) to conduct accurate mapping between apparent resistivity observed in ERT data and true subsurface
resistivity distributions in 2D sectional resistivity profiles that consist of multiple anomalous bodies of contrasting
resistivity values to their surrounding environments with sharp boundaries. Inversion results from CNN-
AutoEncoder, UNet, Latent Diffusion Network (LDM) and Res2DINV (Dosoky, 2023; Jamil et al., 2024;
Rupesh et al., 2024) using the industry benchmark GN model (Rucker et al., 2017) are compared for validation.
The proposed method aims to conduct effective and reliable real-time ERT inversion in complex domains where
heterogeneity is mainly brought by or abstracted as the subsurface existence of one or more anomalous target
zones of rectangular or similar shapes, which are frequently found in both natural geological formations and
artificial subsurface structures. By improving inversion accuracy, efficiency, preserving sharp boundaries, and
utilizing neural network models for resistivity colormap calibrations for field applications, the proposed approach
seeks to address the limitations of traditional numerical simulation and existing machine learning methods in
resolving fine-scale subsurface characterization in such domains.
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Figure 1. Conceptual diagram of image data generation using (a) forward modeling and (b) its colormap calibration. The
generated pseudo section image and the true resistivity profile image are respectively on top and bottom of (a), the x and z
axis represent horizontal distance and depth below subsurface, respectively, and darker areas in these images represent the
anomalous body with contrasting resistivity values to the background area. The images are then displayed in the shared
colormap shown in (b) where its range is designated as the maximal and minimum resistivity values of both the pseudo
section and true distribution. This enables effective model training on interpretating the resistivity value differences between
the true and apparent resistivity profile images, it also ensures the consistency in resistivity values represented amongst input
and output image of the inversion model, so that the inversion result image can be interpreted directly using the calibrated
colormap.

2. Data Set Description

The data set for model training in this study was generated using ResIPy (Blanchy et al., 2020), an ER modeling
tool employing the finite element method with Neumann boundary conditions to simulate apparent resistivity
data. This forward modeling approach created a controlled data set where the true resistivity distributions were
known, enabling direct evaluation of inversion performance (Dosoky, 2023; Jamil et al., 2024). The computa-
tional domain measured 120 X 25 m with 1-5 embedded anomalies with randomly varied location, size, and
resistivity contrast against the surrounding matrix (Figure 1). This assumption was made originally as an
abstraction of rectangular or similar-shaped anomalies, providing a simplified yet systematic representation of
subsurface targets for controlled training. To ensure control over the model training process, the simulation does
not contain scenarios where multiple targets are overlapped within a single domain.

As shown in Figure 1a, a surface array of 25 electrodes spaced at 5 m intervals was used, and the commonly used
Dipole-Dipole electrode configurations were simulated according to the true resistivity profile (Bai et al., 2024;
Pang et al., 2022; Rucker et al., 2017). Resistivity values are calculated for each converted coordinate in the
pseudo section. All contours are then created by using the radial basis function interpolation with multiquadric
kernel to generate images of 744 X 154 in width and height in pixels, which is the same ratio of the actual domain
(Cui et al., 2021). The interpolation kernel is defined as:

$)=Vr +e (1)

where r is the Euclidean distance between points and c is a shape parameter. This algorithm is adopted in this
study for ERT mesh-grid interpolation, as it provides a smooth and globally consistent resistivity profile,
effectively handling irregularly spaced data while preserving both local variations and overall structural conti-
nuity (Cui et al., 2021). The stability and smooth gradients make it ideal for reconstructing complex resistivity
distributions essential for image-based inversion models.

The colormap shared between the true and apparent resistivity profile images are calibrated using the range of the
minimum and maximal resistivity value in both profiles (Figure 1b), which is defined as:

Pmin = MIN(mem’pOmm) (2)
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pmaszAX(pT »Po ) (3)

Where pPrmins P7min A4 Prmaxs Prmax are respectively the minimal and maximal resistivity values for true and
observation resistivity profile, p,;, and p,.. are respectively minimal and maximal resistivity values that the
calibrated resistivity colormap can represent using its darkest or lightest color, both true and apparent resistivity
profiles are then plotted with this colormap. This is optimal for augmenting their image feature difference while
preserving features for model interpretation. A total of 100,000 synthetic resistivity profile samples were created
(10,000 for each target number that ranged from 1 to 5), ensuring an even distribution of conductive and resistive
targets with a minimum target-to-matrix resistivity contrast of 2:1 to maintain sufficient heterogeneity. To
enhance training stability across different ERT setups, Z-score normalization was applied to all input features,
standardizing the data set with a mean of zero and unit variance. This setup, while abstracted, can be employed as
representatives of subsurface targets such as buried structures, waste deposits, or water bearing geological for-
mations within a small scale.

The employed forward modeling enables the generation of large-scale and diverse data sets, ensuring deep
learning models are trained on a wide range of resistivity distributions and survey conditions for data driven ERT
inversion, enhancing generalization to real-world scenarios. Additionally, synthetic data sets can be tailored to
specific geological settings and ERT measurement configurations, improving specialization for targeted appli-
cations. The generated data set also facilitates curriculum training, allowing models to be trained in a controllable
manner on data complexities by gradually increasing the target number for optimizing model performance while
minimizing data acquisition costs.

Furthermore, the synthetic data set also allows numerical inversion with the commonly used GN model to validate
the method's effectiveness. The GN numerical inversion model provides a mathematically rigorous benchmark
based on iterative least-squares optimization, ensuring a reliable reference for evaluating deep learning-based
inversion. It generates smooth and physically consistent resistivity profiles, facilitating accurate performance
assessment (Boyle et al., 2018). Unlike deep learning models, GN inversion offers interpretable results with
sensitivity and uncertainty analysis, allowing for detailed error evaluation. In addition, both methods rely on
gradient-based optimization, making GN a logical baseline for comparing how well deep learning models
approximate physics-based inversion.

3. Methodology

The proposed method follows the workflow presented in Figure 2, which shows that the ViT model incorporating
spatial convolutional blocks is first trained on the synthetic data set prepared using forward modeling and ResIPy,
which provides a flexible finite-element simulation framework to generate controlled resistivity scenarios with
known ground truth, thereby enabling robust mapping between the apparent and true resistivity profiles. The
model was trained starting from simple scenarios where only 1 target body is included, and the number of targets
gradually increased to 5 for model training following a curriculum training strategy, eventually allowing the
trained model to autonomously determine the complexity of the prediction task in any applications. A selection of
deep learning models including residual CNN AutoEncoder, UNet, and LDM was adopted for identical tasks for
performance comparison. Since true data in field applications are absent, the image colormap cannot be obtained
by directly taking the maximal and minimum value in the true and apparent resistivity profiles, making accurate
resistivity colormap predictions essential for calibrating ViT model's input and output image. A CNN model
incorporating residual blocks is therefore employed to predict the colormap ranges of apparent resistivity mea-
surements by training on the synthetic data set, taking optimal ranges calibrated on true and apparent resistivity
profiles as ground truth (Figure 1b) for its output. With the predicted colormap range, the field observatory re-
sistivity profile can be plotted accordingly, and the predicted results obtained from the ViT model were eventually
able to be interpreted as true resistivity distributions.

Finally, the results are examined against those from GN numerical simulation method, using Res2DINV, a widely
adopted tool for practical resistivity inversion, to benchmark our approach against a standard reference, and to
validate accuracy and reliability for real-world ERT inversion applications.
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Figure 2. Schematic diagram of proposed method. Section (a) illustrates how image data set containing apparent and true
resistivity image pairs are generated across 1 to 5 anomalous targets using forward modeling. The data set is used for
curriculum training of the ViT model shown in (c). The inversion result image can be mapped to resistivity values with the
colormap obtained from the true and apparent resistivity profiles in the training set, whereas in field applications. It takes
another CNN-based model depicted in (b) to predict such resistivity colormap ranges to be shared by input and output image

so that the prediction can be performed accurately, and the result can be interpreted directly as in the training set.
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Figure 3. ViT model implemented architecture. Apparent resistivity profiles images are generated using forward modeling as the input of the model with corresponding
true resistivity profile images serving as the ground truth. Model output is the predicted true resistivity profile image of a given ERT observation.

3.1. Image-Based Inversion Models and Training Strategies
3.1.1. Vision Transformer

The Vision Transformer (ViT) is a deep learning architecture that applies self-attention mechanisms to image
processing tasks, replacing traditional convolutional layers with patch-based attention to model long-range de-
pendencies to enhance spatial consistency and feature generalization (Harsuko et al., 2025). The encoder splits the
input image I of size H X W X C (height, width, channels) (154, 744, 3 in this study) into fixed-size patches of
P X P (16 X 16 in this study), embeds them into a lower-dimensional latent space using a convolution operation:

Z=Wpxl 4
where Wp is a learnable weight matrix applied via a convolutional layer (Conv2D) with a kernel size of P X P and

stride P. To retain spatial information, a learnable 2D positional encoding is applied. The positional encoding
matrix is generated as:

E, = Dense([px, py]> Q)

where p,, p, are the normalized grid coordinates of the patches. The output learnable positional encoding Epos is
added to the patch embeddings as: Z' = Z + Epos.

A stack of transformer blocks applies multi-head self-attention defined as:

KT
Attention (Q, K, V) = softmax (Q ) Vv 6)

V.

where Q = Z'W,,, K = Z'Wy, and V = Z'W,, are the query, key, and value matrices, d, is the dimension of keys.
Each attention output is passed through a position-wise feed-forward network (FFN) allowing the model to learn
spatially global resistivity variations:

FFN(x) = 6(W,x + b)) W, + b, M

where W,,W, and b,,b, are learnable weight matrices and bias terms. ¢ is a ReLU activation function. After
transformer processing, the resistivity profile is reconstructed by getting the patches passing through transposed
convolution layers (Conv2D Transpose), progressively upsampling feature maps to restore spatial resolution
(Figure 3).
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For ERT inversion, ViT is particularly suitable due to its ability to capture complex resistivity distributions across
large spatial domains without the spatial bias of convolutional filters (Jiang et al., 2025). However, incorporating
convolutional blocks within ViT (Figure 3) enhances its suitability by preserving local resistivity structures while
leveraging the global attention mechanism to improve resistivity mapping (Zu et al., 2024). This hybrid approach
combines CNN's ability to extract fine-scale spatial features with ViT's long-range dependency modeling, making
it highly effective for image-based ERT inversion across multiple measurement configurations and varying
subsurface scales.

3.1.2. Comparative Models
3.1.2.1. Residual CNN AutoEncoder

The model is designed using an AutoEncoder architecture (Ma et al., 2017) for image-based ERT inversion
incorporating multi-scale feature extraction, residual learning, and adaptive upsampling for high-fidelity re-
sistivity reconstruction. The encoder consists of stacked convolution (Conv2D), batch normalization (Batch-
Normalization), and max pooling (MaxPooling) layers, progressively reducing spatial dimensions while
extracting hierarchical resistivity features. A residual block in the bottleneck mitigates vanishing gradients and
enhances feature retention (He et al., 2016). The decoder employs convolution transpose (Conv2DTranspose)
layers for spatial recovery, with edge padding ensuring size consistency (Figure S1 in Supporting
Information S1).

3.1.2.2. UNet

The U-Net-based model adopted here leverages a symmetric encoder-decoder structure with skip connections to
preserve fine-scale resistivity features for ERT image inversions (Hiskiawan et al., 2023; Kong et al., 2023). The
contracting path extracts multi-scale spatial features through successive Conv2D and MaxPooling layers, pro-
gressively reducing resolution while increasing feature depth. The bottleneck layer further refines high-level
representations before upsampling. The expanding path uses Conv2DTranspose layers with skip connections,
where feature maps from the encoder are concatenated with upsampled representations, enhancing structural
preservation. Padding operations are also used across layers to ensure spatial consistency (Figure S2 in Sup-
porting Information S1).

3.1.2.3. Latent Diffusion Model

The LDM is employed integrating spatial attention and latent space representations to enhance resistivity profile
reconstruction (Rombach et al., 2022; Zhan et al., 2025). The encoder progressively extracts hierarchical features
using Conv2D layers with spatial attention, which enhances feature weighting based on global and local re-
sistivity variations. The encoded latent representation captures high-level subsurface patterns while reducing
spatial complexity. The decoder reconstructs resistivity distributions by upsampling through Conv2DTranspose
layers, with spatial attention improving feature refinement. A compact latent space facilitates efficient inversion
while preserving resistivity structure (Figure S3 in Supporting Information S1). This architecture enhances global
feature learning, noise resilience, and scale adaptability, making it well-suited for the studied task.

3.1.3. Curriculum Training

Curriculum training is a deep learning strategy where a model is trained on progressively more complex tasks,
starting with simpler examples and gradually introducing more challenging ones. This approach improves model
generalization, convergence stability, and feature learning efficiency by enabling the network to first learn
fundamental patterns before handling intricate variations (Saad et al., 2024; Shorten & Khoshgoftaar, 2019).

In this study, curriculum training is adopted for data sets containing 1 to 5 anomalous conductive, or resistive,
target bodies (areas with substantially contrasting resistivities to their backgrounds), as it allows the model to first
learn basic resistivity contrasts with single anomalies before tackling more complex heterogeneous domains. This
structured learning process helps to automate model determination on target amount in complex subsurface areas
within the studied scale.
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Figure 4. Resistivity colormap calibration for field observations using CNN. p,.. and p,;, of the model output is the predicted range of colormap which are the maximal
and minimal resistivity values that the lightest and darkest color in the colormap respectively represent. The observatory resistivity image labeled “Obs” is plotted
accordingly to be subsequently used as input of the ViT model, and the predicted image labeled “Pred” is also interpreted using this colormap for resistivity distribution.
These are performed to be consistent with how the ViT model is trained on apparent and true resistivity images that share a colormap in its training data sets.

3.2. Resistivity Colormap Calibration Model

Using consistent resistivity colormaps for both apparent and true resistivity profiles is crucial for image-based
ERT inversion models because it ensures that color intensities and gradients accurately reflect the same range
of resistivity values across both images. For a pair of apparent and true resistivity profile images in the synthetic
data set used, the colormap range is designated to be within the minimal and maximal resistivity value in both
images in order to maximize image difference while preserving adequate image color variation details. When the
colormap mapping is uniform, the model can directly learn the relationship between observed distortions and true
subsurface structures by analyzing pixel-wise differences and spatial patterns consistently across all data samples,
which enhances the model's ability to detect anomalies, recognize resistivity contrasts, and minimize inversion
errors, resulting in more accurate resistivity reconstructions. In addition, such calibration ensures the ViT model
generates image predictions in consistent colormaps, allowing model outputs to be directly interpreted as definite
resistivity value distributions. However, in field observations, colormap range of the apparent resistivity image
cannot be directly designated due to the absence of ground truth. Therefore, a calibration model is proposed by
training a CNN model to learn optimal colormap ranges from the synthetic data sets to predict the colormap range
from a set of apparent resistivity measurements on a given pseudo section, as shown in Figure 4.

The proposed residual CNN model shown in Figure 4 incorporates residual connections and multi-scale feature
extraction to efficiently predict colormap ranges (p,,;, and p,,., in Figure 4). With the colormap, the resistivity
value p of any pixel on the images can be defined as:

(pmax B pmin)(P - 0)

255 ®

P = Pmin +

where P is the pixel value when the image is plotted in grayscale, where 0 and 255 respectively stand for lightest
(white) and darkest (black) color.

The training data set of the model is prepared from the synthetic data set by interpolating observed apparent
resistivity values onto a consistent grid using the nearest-neighbor method, which transforms the scattered re-
sistivity measurements into grid arrays. The grid array is then taken as the model input with the associated
minimal and maximal resistivity values of the observed and true resistivity as the ground truth of the model
output, improving computational efficiency while preserving critical resistivity distribution patterns. The model
architecture includes three convolutional blocks with BatchNormalization and MaxPooling (Figure S4 in Sup-
porting Information S1), progressively extracting hierarchical features. A residual connection between inter-
mediate layers enhances gradient flow, preventing vanishing gradient issues during training (Zu et al., 2024). This
calibration approach can eventually improve the ViT model's ability to learn resistivity contrasts by maintaining a
uniform colormap mapping between observed and true resistivity profiles. Moreover, the predicted colormap
allows the inversion image of field observations to be accurately interpreted to resistivity values.
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3.3. Gauss-Newton Inversion Algorithm

The GN numerical inversion algorithm is a widely used iterative optimization method in geophysical inversion
for estimating subsurface resistivity distributions from observed ERT data (Boyle et al., 2018) in commonly used
inversion platforms like RES2DINV (Jamil et al., 2024). It addresses the nonlinear inverse problem by linearizing
it through a Taylor series expansion, iteratively minimizing the objective function:

@(m) = Jd ~ Fm)IP ©)

where m is the model parameter vector, d represents the observed data, and f(m) is the forward model prediction.
The GN update rule for the model parameters is given by:

My = m — (T T (fOm) — d) (10)

where J is the Jacobian matrix of the forward model with respect to the model parameters. This update mechanism
minimizes the misfit between observed and predicted data, refining the resistivity model at each iteration (Boyle
et al., 2018).

The GN algorithm is widely adopted in the industry due to its robustness, reliability, and interpretability, offering
quantifiable uncertainty estimates and sensitivity analysis. These strengths make it a benchmark method for
evaluating the performance of image-based deep learning inversion models in field applications where true re-
sistivity profiles are unavailable, providing a physically consistent reference for assessing the accuracy and
stability of data-driven resistivity reconstructions (Rucker et al., 2017).

3.4. Inversion Model Training Configuration

The ViT model was trained on the synthetic image data set representing ERT resistivity profiles, with the data set
split into a 7:3 training-to-testing ratio to ensure robust model evaluation. All images used for model training are
normalized to ensure consistent data scaling, improve model convergence, and enhance the stability and accuracy
of the model by maintaining uniform pixel value distributions. The model was compiled using the Adam opti-
mizer, with mean squared error (MSE) as the loss function to measure pixel-wise accuracy and Structural
Similarity Index (SSIM) as the evaluation metric to enhance the model's focus on preserving structural details in
resistivity reconstructions (Yin et al., 2024b). MSE is defined as:

1 M N
MSE = 027 S (Ui~ Io(i. ) v

i=1 j=1

where Ip(i, j) and I(i, j) are the value of the pixel (i, j) in the predicted and true resistivity profile image,
respectively. M and N are respectively the height and width of the image in pixels. SSIM is defined as:

(zﬂxﬂy + Cl) (zo-xy + CZ)

SSIM(x,y) =
() 2+ 12+ )02 + 0,2+ ¢2)

(12)

where x and y respectively represent the true and predicted resistivity profile image, p, and u,, 6, and o,
respectively represent the luminance mean value and contrast standard deviation of the images, c¢; and ¢, are
stabilizing constants and o, is the covariance of images. The SSIM thus has a range of 0-1, of which 0 stands for
complete structural dissimilarity and 1 for absolute structural similarity between images.

The combination of high SSIM and low MSE values provides a comprehensive indication of high accuracy in
image-based ERT inversion (Yin et al., 2024b), where MSE quantifies pixel-wise reconstruction errors, ensuring
numerical fidelity, while SSIM evaluates structural preservation, capturing resistivity contrasts and anomaly
boundaries, enabling a more robust evaluation of inversion performance across varying subsurface complexities.
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During training, the model utilized a batch size of 16 and a 10% validation split within the training set to monitor
performance on unseen data. The early stopping callback with a patience of 10 epochs was applied, allowing the
model to restore the best weights when validation loss did not improve, preventing overfitting. The model was
trained for a maximum of 50 epochs, while the early stopping mechanism could reduce the actual training
duration by halting once convergence was achieved.

With this training setup, the model is trained on the 5 training data sets (respectively containing images of 1-5
targets) one after another in a stepwise manner to gradually increase model comprehension of data complex-
ities. The training was implemented with Python 3.9 in a Windows system on an intel i9-13900K @ 3.00GHz
CPU with 128GB RAM and a Nvidia RTX 4090 GPU to accelerate computation.

3.5. Robustness and Field Applicability Tests

To complement the architecture comparisons and synthetic training workflow, we designed two additional
evaluations aimed at assessing robustness and real-world applicability of the proposed ViT-based inversion
approach.

The trained model was evaluated under controlled synthetic perturbations and Gaussian noise to simulate realistic
survey uncertainties. Perturbations were introduced by randomly scaling each grid cell resistivity value by a factor
of (1 + p%), where p took values of 1%, 2%, and 5%. For example, at p = 5%, a resistivity value of 100 Q-m could
be scaled randomly between 95 and 105 Q-m. Gaussian noise was superimposed on the pseudo-sections by adding
normally distributed random values with zero mean and standard deviations corresponding to 5% and 10% of the
overall data amplitude. These controlled variations mimic systematic parameter fluctuations and measurement
noise that commonly occur in ERT surveys, enabling assessment of the model's stability under realistic distur-
bance levels.

In addition to synthetic robustness tests, we incorporated a field demonstration using an electrical resistivity
observation from the U.S. DOE Hanford site (Jamil et al., 2024). The Hanford site presents a heterogeneous
vadose zone with alternating sandy, silty, and low-permeability layers, compounded by the presence of historical
contamination. These conditions make it a particularly challenging test environment for resistivity inversion.
Including a sample test in this field provides preliminary assessment of the proposed method under realistic
geological and environmental complexities not captured in synthetic data sets.

4. Results and Discussion
4.1. Image-Based Inversion

The convergence of the ViT's loss functions are shown in Figure 5. This figure shows decline in metric value
improvements over iterations with the increase of target numbers, as MSE convergence values gradually
increased through (a) to (e), only in (a) and (b) did it achieve below or near below 0.01 values. As for SSIM, the
convergence value also drops down to below 0.8 starting from (c). Model convergence on 1-target data set clearly
out-performing all others. Early stopping begins to take effect starting from 3-target data set to prevent overfitting,
as training and validation loss values started show divergence. However, the converging values are still satis-
factory across all data sets, since MSE values are still below 0.02 and SSIM values above 0.7, which can be
considered high image resemblance in terms of both pixel value and structural similarity in general. With the
curriculum training strategy, the finally obtained ViT model has prediction results on the testing data set of images
with 1-5 anomalous targets. as shown in Figure 6.

Figure 6 shows low MSE (below 1.5 x 107>) across all data sets with various target numbers, whereas SSIM has
significantly decreased from above 0.9 to below 0.7 in scenarios with 4 and 5 target subsets due to the tendency of
losing prediction fidelity on smaller targets, which exhibit less distinctive image patterns. In general, accurate
delineation of major target zone geometrics and resistivity distributions in both target and background areas are
achieved, demonstrating the ViT model was able to autonomously determine the amount of targets within the
observed domain, producing satisfactory image inversion results across resistivity profiles with various levels of
complexity. Since resistivity colormaps are shared between apparent and true resistivity profile images (Figure 1),
the model is trained to predict images following consistent colormaps, allowing inversion resistivity values to be
directly interpreted using existing p,.;, and p,... values in the colormaps (Equation 8). Further performance
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Figure 5. ViT training MSE loss and SSIM convergence across data sets containing (a—e) 1 to 5 targets within a domain.
Satisfactory convergences of the metrics are presented in (a) and (b), whereas trends of overfitting are demonstrated in (c),
(d), and (e).
evaluation on SSIM and MSE metrics across sub-datasets with 1-5 targets are shown in Table S1 in Supporting
Information S1 and Figure 7.
Table S1 in Supporting Information S1 and Figure 7 show the SSIM values declining with increasing target
complexity, indicating reduced structural similarity between predicted and true resistivity profiles. In addition,
there is a gradual increase in MSE, suggesting growing errors on a pixel level. The confidence intervals' variation
trends are inconsistent in Figures 7a and 7b, demonstrating the model's stability decreased in terms of structural
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Figure 6. ViT model inversion image samples from domains containing 1 to 5 targets. “Obs” and “True” respectively stand for apparent and true resistivity profile
images in the data set. “Pred” stands for the image-based inversion results. The SSIM and MSE metrics are measured on each subset containing 3,000 samples with
corresponding target numbers of the testing set for average values, all MSE values shown are for normalized images. The locations and boundaries of anomalous
conductive and resistive bodies are accurately presented in obtained results by visual inspection. Both target and background resistivity values are also well reflected as
their color tones are visually close to those in the true resistivity profile images.

similarity with more target numbers, but increased in terms of pixel-wise measurements. This also implies that the
model performance may be more stable for predicting overall resistivity values for the domain in complex
subsurface scenarios, but less stable for acquiring geometric information of targets.

In summary, the curriculum training strategy ensured the ViT model to effectively learn resistivity mapping for all
studied target numbers within domain while maintaining generalization capability to resistivity patterns of
multiple complexity levels, facilitating accurate image-based ERT inversion for applications across various
scenarios.

4.2. Model Comparison and Robustness Evaluation

The selected residual CNN AutoEncoder, UNet, and LDM models are also applied for identical tasks by training
on 1-target data set first using identical training setups as the ViT model, except LDM takes no validation set from
the training set, since preliminary experiments showed that model performance with a validation set was poorer
than without, likely due to the inherent variability of the synthetic data and validation-induced interruptions in

(x108)
(a) (b)
25 —— Mean Values 1.0 —— Mean Values
95% Confidence Interval ’ 95% Confidence Interval
2.0
0.9
1.5
w s 0.8
Z1.0 A
0.7
0.5
0.6
0.0
0.5
i1, 2 4 5 1 2 4 5
Target number Target number

Figure 7. (a) SSIM and (b) MSE variation of ViT model across data sets containing 1 to 5 anomalous targets.
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Figure 8. Image-based ERT inversion results comparison of various models for the 1-target data set. The observation images
in the first column are the input images of apparent resistivity pseudo sections, while the images of true resistivity profiles in
the last column serve as the ground truth of the results. Color and geometric distortions to the ground truth are substantially
more obvious in output images of the ResCNN-AutoEncoder and UNet, indicating less accurate resistivity inversion results
in comparison with LDM and ViT.

latent space learning. By training without validation, the model maintains stable learning dynamics and robust
evaluation on the testing set. The results obtained are shown on Figure 8. The CNN AutoEncoder and UNet
models demonstrate reasonable reconstructions but exhibit blurred boundaries and artifacts. The LDM shows
sharper anomaly detection, maintaining structural consistency, but struggles with edge definition. The ViT model
provides the best performance of accurately capturing anomaly shapes, boundaries, and resistivity values in terms
of imaging colors with high contrast and minimal artifacts, closely aligning with true profiles. The detailed
performance metrics are shown in Table 1.

Consistent with the visual comparisons in Figure 8, the ViT model achieves the highest SSIM of 0.912 and lowest
MSE of 1.12 x 10~ with relatively low standard deviations, with the shortest training time of 706 s and relatively
low standard deviation for SSIM and MSE across the 3,000 samples in the testing set, confirming its superior
ability to maintain structural integrity and minimize reconstruction errors with the highest computation efficiency
and competent model stability, which is vital for obtaining target geometrics and resistivity distributions in
complex domains. Only LDM has comparable performance at the cost of a significantly higher training time of
6,608 s due to its more complicated training mechanism.

As the ViT model excels in the inversion task benefiting from its global feature extraction capabilities, the LDM
also offers balanced performance between detail preservation and noise suppression for low-complexity scenarios
in which only one target is present. However, in more complex scenarios, LDM's advantages substantially
weakened as shown in Figure 9 and Table S2 in Supporting Information S1.

Table 1
Inversion Performance Comparison of Various Models for the 1-Target Data Set

ViT CNN-AutoEncoder UNet LDM

Model SSIM MSE(107% SSIM MSE (107 SSIM MSE (1073) SSIM  MSE (107%)

Mean 0.912 1.12 0.859 223 0.857 28.4 0.919 1.13
Max 0.984 2.83 0.985 103.2 0.987 93.1 0.990 2.46
Min 0.346 0.294 0.616 3.25 0.605 2.74 0.333 0.176
Std 0.0613 0.728 0.0605 11.5 0.0722 14.7 0.0624 0.520
Training Time (sec) 706 1,354 1,005 6,608
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Figure 9. Inversion results of ViT and LDM for the 2-target data set.

Figure 9 shows the ViT model effectively captures both large- and small-scale anomaly targets and maintains
relatively clear boundaries, demonstrating robustness in reconstructing more complex resistivity profiles with 2
targets, resulting in an average SSIM value of 0.788. In contrast, the LDM results exhibit inconsistencies and
instability, losing or dispositioning smaller targets like in the first, third, and fourth image. In addition, resistivity
values are not as accurately reflected as in ViT results in extremely high target to background contrast like the first
and fifth image. These lead to a lower average SSIM value of 0.718 and higher MSE standard deviation of 0.590
(Table S2 in Supporting Information S1), indicating LDM's performance substantially degrades with increased
complexity, resulting in blurred edges in targets like the fifth image and overall reduced accuracy. This also
implies that the LDM model would not be suitable for inversion tasks of complexity levels with more than 1 target
due to its instability arises from the reliance on iterative denoising processes, which are sensitive to fine-scale
details and may introduce noise during reconstruction. On the other hand, the ViT model takes advantage of
self-attention mechanisms and enhances its ability to maintain accuracy across diverse complexity levels.

Beyond direct comparisons across architectures, we further assessed the robustness of the fully trained ViT model
under controlled perturbations and Gaussian noise, as detailed in Section 3.5. The evaluation was conducted on
the testing set of the 5-target data set, with results summarized in Figure 10.

Despite these increasing disturbance levels, the ViT model consistently preserved coherent resistivity structures
and anomaly boundaries, with only gradual degradation in SSIM and MSE metrics. This robustness evaluation
demonstrates that, in addition to achieving superior performance against benchmark models, the ViT model
maintains stability under realistic observational disturbances.

4.3. Resistivity Colormap Calibration

To take advantage of the promising performance of the ViT model, the model input in the form of observational
ERT imaging data needs to be calibrated with the image colormap of true resistivity profile as explained in
previous sections. This refers to aligning resistivity colormap ranges based on the maximal and minimal value in
both observation and true resistivity profiles, so that the model is able to obtain accurate inversion results by
applying the uniform image-to-image mapping learned on the hypothetical data sets. In addition, the model output
images can be converted back to resistivity maps with Equation 8 using consistent colormaps shared with the
model input images. Since true resistivity profiles for field observations of ERT data are absent for performing
such calibration, the proposed CNN-based calibration model is used to predict the range of resistivity colormaps
from a given observed resistivity profile with the associated patterns learned on the synthetic data sets.
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Figure 10. A sample of (a) true ERT profile, its (b) pseudo section (left), pseudo section with synthetic (c) perturbation and
(d) Gaussian noise, and corresponding ViT model output (right). Mean SSIM and MSE value for all samples of the testing set
is labeled correspondingly.

The grid array data prepared from the original apparent resistivity profiles is also split using a 7:3 ratio for training
and testing set for the calibration model. In addition, the training data is further split into training and validation
subsets with an 8:2 ratio, ensuring model evaluation stability. The training setup for the adopted residual CNN
model employed Adam optimizer, MSE loss, and mean absolute error (MAE) as the evaluation metric. The
training process is configured for 100 epochs with a batch size of 32, incorporating early stopping with a patience
of 20 epochs to prevent overfitting. The curriculum training strategy previously employed is also applied across
data sets containing 1 to 5 targets. The training and validation loss function decreased quickly within 10 iterations
for the 1-target data set to below 200 X 10°, as shown in Figure S4 in Supporting Information S1. Improvements
on convergence value can still be found with over each training on increased target number, eventually reaching
below 50 x 10° for 5-targets data set, despite earlier intervention of early stopping to prevent model instability
exhibited as the fluctuations of the validation loss. The obtained calibration results with the fully trained model are
shown in Figure 11 and Table S3 in Supporting Information S1, prediction values of both upper and lower limits
of the resistivity colormap range are closely distributed along the identity line, and apparent resistivity images
generated with the predicted colormap range demonstrates high resemblance to the original images calibrated
with the true resistivity profile using Equations 2 and 3, which indicates promising performance of the calibration
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Figure 11. Prediction results of the upper and lower limit of resistivity colormap across 1- to 5-target data set, respectively represented by green and blue scatters in (c), in
which both MAE and RMSE are generally within 150 Qm, and R? values are above 0.98, demonstrating very low level of error across data sets in all levels of
complexities. Corresponding sample images demonstrate original apparent resistivity image features in (b) are nearly unaffected by imaging with the predicted range of
colormap (a), where little color distortions can be found.
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model. This also implies that the model's high reliability during the image generation process using observation
resistivity profile for ViT model's inputs when true resistivity values are unavailable.

Furthermore, the performance of the ViT inversion model using the calibrated images as inputs is examined by
comparing with the original results shown in Figure 6 where true resistivity values are used for colormap cali-
bration. Samples of the comparison are shown in Figure 12, which presents the ViT inversion image results
between input images of calibrated colormap and original input images have minor visual differences. Inversion
resistivity values are also highly consistent with the original results (Figure 12¢) regardless of the data complexity
level as the 5-targets data set has the lowest MAE and RMSE and highest R. The colormap calibration has no
evident impairing effect on ViT performance in terms of image evaluation metrics including SSIM and MSE
(Table S4 in Supporting Information S1), which are comparable to those of original results (Table S1 in Sup-
porting Information S1). This further confirms the proposed resistivity colormap calibration method's capability
of maintaining ViT performance when true resistivity values are absent for the calibration.

4.4. Inversion Results Comparison With Gauss-Newton Method

With accurate calibration on resistivity colormaps, inversion images from observational resistivity profiles are
mapped to continuous resistivity distributions across the entire domain. The inversion image is converted to
grayscale images before being mapped to actual resistivity distributions using the calibrated resistivity colormap
obtained and Equation 8, utilizing linear conversion between pixel values and resistivity values. This section
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Figure 12. (c) Scatter density plot of inversion resistivity values represented in each pixel of ViT output images across the testing sets of various target numbers for
apparent resistivity input image with calibrated colormap against original colormap. Inversion result samples with (a) calibrated colormap and (b) original inversion
result samples are also compared. R? values in all complexity levels are all above 0.96, MAE and RMSE are respectively below 140 and 260 Qm. Both visual differences
of the image samples and resistivity colormap range value differences are minor.
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Figure 13. Samples of the inversion results obtained from (a) the proposed method (ViT) being compared with those obtained from (b) Gauss-Newton (GN) method
across 1- to 5-target data set, and corresponding error maps between the ground truth and results of the (c) ViT and (d) GN method.

extends the evaluation beyond deep learning benchmarks to include the Gauss—Newton method, thereby situating
the proposed model's performance relative to the established inversion standard.

The results of ViT inversion in the format of resistivity distribution maps shown in Figure 12a are subsequently
compared with results of the GN numerical simulation method. The ViT model takes the inputs of the images
generated from apparent resistivity profiles with calibrated colormap as previously discussed, and the GN method
takes original measurements of corresponding apparent resistivity profiles. These are performed in coherent with
field applications where true resistivity profiles are absent. Since the proposed method demonstrates high model
stability with low standard deviation of performance metrics (Table 1, Table S1 in Supporting Information S1),
five representative samples across various data complexity levels are taken for analysis as shown in Figure 13.
The anomalous targets delineated in ViT and GN method are visually resemblant in their geometrics, exhibiting
consistent shapes, sizes, and positions, whereas target boundaries in ViT results are apparently clearer. Addi-
tionally, almost all error maps for ViT results present lower errors with restrained high-error area and reduced
overall average error values, proving superior performance of the proposed method in attaining resistivity dis-
tributions that are closer to ground truth for both target and background areas. Furthermore, the trained ViT
carried out inversions within 20 ms for each sample, substantially outperforms GN's iterative approach, which
typically took at least 5 s.

The resistivity values of each pixel in the predicted image are further plotted against corresponding true resistivity
values and compared with the GN method, as shown in Figure 14. The measurement on GN method is inter-
polated using the same radial basis function for true resistivity profile interpolation to match the resolution of the
proposed method's image result. Deviation of predicted values from the true values are exhibited in all results on
such pixel level measurements, causing none of the scatters to be well-fitted to the identity line. Still, scatters of
ViT results are more closely distributed with lower MAE and RMSE values, especially for the 1-target data set
results, which also get the lowest MAE and RMSE. However, there is not a general variation trend of these
metrics with the increase of data complexity levels.

Figures 13 and 14 proves the proposed method's promising capabilities in both localizing anomalous targets with
accurate geometric properties and sharp boundaries. In comparison with the bench marking GN numerical
simulation method, the proposed method provides a competent solution for obtaining true resistivity distributions
of high fidelity with significantly higher efficiency. Furthermore, the increase of complexity level did not have a
major impact on the method's performance, proving the effectiveness of curriculum training in establishing the
model's autonomous adaptability to various levels of heterogeneity, which also implies the method's potential and
applicability in future applications, especially when an adequate amount of field data can be obtained for model
fine-tuning (similar to the curriculum training employed) and transfer learning (Yin et al., 2024a) to suit specific
task scenario and requirements.

To further address real-world applicability, a case demonstration using a measurement from the U.S. DOE
Hanford site was included (Section 3.5), with results shown in Figure 15. Following the proposed workflow, the
pseudo-section of the collected field data was first used as input for image prediction, followed by colormap
calibration to match the resistivity range. The obtained image was then reversed to a resistivity distribution for
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Figure 14. Predicted against true resistivity values plotted across all pixels in each sample image result across 1- to 5-target
data set. Left and right columns represent results obtained from the proposed method and Gauss-Newton method,
respectively.

comparison with the traditional GN inversion. Although notable discrepancies appear in regions of resistivity
contrasts between the GN inversion and our ViT-based model, this demonstration provides important insights into
how the proposed method can be extended to real data. Specifically, our approach is capable of extracting
coherent structural features with sharper boundaries that align with the GN inversion, suggesting its potential to
highlight anomalies that may be poorly resolved in traditional site characterization workflows.
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Figure 15. Field measurement inversion results of (a) the proposed method, (b) traditional GN method, and (c) the
differentiation between the two methods. Resistive targets at about 40-50 m, and 100—120 m are delineated by the proposed
method with sharp contrast to the background, despite some discrepancies with the GN inversion in surrounding areas.

The results illustrate that the proposed method remains effective under these challenging field conditions, sup-
porting its utility for practical ERT applications. It should be clarified that only one representative field sample is
used and the current model was trained solely on synthetic data. The performance of the proposed approach could
be further improved in future studies by fine-tuning or retraining the network with a sufficient amount of field data
to better accommodate diverse site-specific features.

4.5. Discussion

The results are organized to first identify the most effective deep learning architecture and then to compare it
against the GN standard. This highlights both the internal benchmarking and the geophysical relevance of the
proposed workflow. Despite the method's promising performance demonstrated on forward modeling data sets
across varying complexities, several limitations and considerations remain:

Model sensitivity and accuracy: While the proposed ViT model demonstrates strong predictive capability
compared to Gauss—Newton inversions, its sensitivity decreases for small-scale targets or scenarios with more
than three anomalies. This is evident in reduced fidelity at fine scales (Figure 12) and wider confidence intervals
in SSIM and MSE metrics under high-complexity data sets. The model remains effective at capturing large-scale
resistivity contrasts and overall structure, but finer details are more prone to smoothing or distortion.

Simplified anomaly geometry: The synthetic data set was generated using rectangular or similarly shaped
anomalies. This abstraction was made deliberately to control the training process and provide a systematic
benchmark against the Gauss—Newton method. The rectangular target geometry can be considered generally
representative of some subsurface features including underground mine shafts, pipes, tunnels, storage tanks, karst
features (e.g., caves), or even some sedimentary features such as buried paleo channel deposits. However, natural
subsurface structures like fractures, stratified layers, and heterogeneous resistivity distributions, are often more
irregular. This simplification may constrain generalization, and an ablation study with more diverse geometric
scenarios would be valuable. We emphasize that the ViT-based workflow is flexible: retraining or fine-tuning
with data sets including irregular shapes, stratified layering, or fracture-like targets could readily extend
applicability.
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Noise robustness: We have explicitly evaluated robustness to synthetic perturbations (1%-5%) and Gaussian
noise (5%—10%). Results show that large-scale resistivity structures remain identifiable under moderate noise,
though fine-scale features are progressively smoothed. This demonstrates stability under observational distur-
bances, while also highlighting the need for uncertainty quantification methods (e.g., Bayesian deep learning,
ensembles) in future work.

Applicability to field-measurement data: As a proof-of-concept, we applied the method to a measurement from
the U.S. DOE Hanford site. This demonstrates that the workflow can be extended beyond idealized synthetic
conditions, though further systematic validation with diverse field data sets is needed.

To address these limitations in future studies and applications of the method, the flexibility of forward modeling
can be utilized for generating tailored training data sets with specific target geometries to meet unique subsurface
conditions and reduce potential discrepancies in geological heterogeneity not represented in the synthetic data. By
adjusting the geometric complexity of synthetic targets and measurement configurations during data set prepa-
ration, the model training process can be customized to address particular geological contexts, such as cylindrical
for boreholes, ellipsoidal for geological lenses, or irregular shapes for natural voids and fractures. This adapt-
ability ensures that the proposed method not only provides general solutions for broad ERT applications but also
supports specialized model training for site-specific inversion tasks, enhancing the method's practical utility in
complex subsurface environments. Future work will therefore focus on systematically expanding synthetic data
sets to include irregular geometries, stratified structures, and fracture-like anomalies, while also incorporating
uncertainty-aware inversion strategies such as Bayesian deep learning or ensembles. Such developments will
further enhance the model's generalization, robustness, and reliability for deployment with real-world field data.

5. Conclusions

The proposed ViT model incorporating convolutional blocks presents a novel approach to image-based ERT
inversion, demonstrating robust performance in mapping apparent resistivity profiles to true subsurface resistivity
distributions. The study's findings highlight several key conclusions:

o The ViT model has achieved enhanced inversion accuracy, effectively capturing both geometric features and
resistivity contrasts of subsurface anomalies, outperforming existing frequently used CNN-based models, and
more advanced LDM, particularly in complex geological scenarios.

¢ The adoption of a curriculum training strategy, starting from simple single-target scenarios and progressing to
multi-target complexities, facilitates the model's generalization and adaptability to various subsurface con-
ditions, enabling automated complexity recognition for its applications.

¢ The proposed residual CNN model for resistivity colormap calibration provides a practical solution for field
applications where true resistivity data is unavailable, allowing consistent resistivity mapping and image
interpretation by predicting colormap ranges directly from observed ERT data.

e The method exhibited accuracy, efficiency, and reliability advantages when validated against the bench
marking GN numerical simulation inversion method, proving its competency and potential in handling ERT
data containing various levels of heterogeneity.

This study demonstrates that the proposed method offers a powerful image-based alternative to traditional
inversion techniques, contributing to advancements in ERT data interpretation and supporting effective decision-
making in subsurface exploration projects. The method's ability to generalize across diverse geological settings,
combined with efficient computational performance, makes it well-suited for large-scale and high-fidelity ERT
imaging, offering significant advantages for subsurface target characterization in hydrogeological, environ-
mental, and mining sectors.

Future studies can be conducted in several aspects for potential improvements and addressing method limitations,
including enhancing model adaptability to small-scale targets and customizing target geometric complexities in
synthetic and field training data to handle diverse geological conditions. In addition, the results obtained on ERT
data can be assimilated with other geophysical measurements, such as seismic or ground-penetrating radar data, to
further enhance inversion accuracy.
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