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Abstract Accurate identification of isochronal surfaces is essential for interpreting stratigraphy, analyzing
deformations, and advancing geological modeling. However, complex geological deformations over geological
timescales challenge stratigraphic layer interpretation. Transforming deformed geological structures into
flattened space simplifies their interpretation and enables the analysis of entire volumes of structures.
Traditional single-plane methods often fail to capture the fault complexities or avoid area distortion. We present
a deep learning framework that restores structure from deformed to flattened states using a 3-D lightweight
neural network, which computes shifts to realign layers and conserve geometry. The predicted shifts are
constrained by partial differential equations to confirm structural orientations, while dynamic time warping
further enhances continuity across faults. Applied to several highly deformed field examples, our approach
outperforms conventional methods, precisely aligning geological layers in complex faulting and folding
regions. This framework integrates geological insights into restoration, offering fresh perspectives on 3-D
structural deformation mechanisms.

Plain Language Summary Understanding how rock layers have shifted and bent over time is crucial
for studying the subsurface structure and for building accurate geological models. Rock layers are usually
deposited flat, but they can become twisted and folded due to natural forces over millions of years. To better
interpret these complex structures, it is helpful to flatten them back to their original state. However, traditional
methods often struggle to handle complex fault lines or can distort the shapes of these layers. We propose a new
deep learning method to restore these deformed layers to their original flat state. Using a lightweight 3-D neural
network, our model calculates the necessary shifts to align geological layers accurately. These shifts are further
guided by mathematical equations that ensure the layers stay connected, even across fault lines. By adding
additional constraints, the model can correct large gaps and mismatches caused by structural breaks. When
applied to real-world examples, our method performs better than traditional approaches, accurately aligning
layers even in areas with heavy faulting and folding. This technique could help better understand how geological
structures have changed over time and provide new insights into how these deformations happen.

1. Introduction

Isochronal horizons representing surfaces of equal geological age are fundamental for interpreting the structural
architecture of sedimentary layers, with implications for stratigraphic analysis, structural deformation quantifi-
cation, and subsurface property modeling. These horizons, initially deposited as horizontal strata, are subse-
quently deformed by faulting and folding processes, necessitating accurate quantification of deformation for
geological interpretation and decision-making in hydrocarbon, geothermal, and carbon-storage applications. A
robust approach for restoring structures and extracting horizontal slices from a flattened model facilitates the
interpretation of entire volumes of geologic structures simultaneously (Qayyum et al., 2017, 2018). Geological
structural models encapsulate the arrangement of rock layers, fault systems, and stratigraphic relationships, and
are constructed from diverse data sources such as seismic imaging, gravity and magnetic surveys, electrical
conductivity measurements, and direct observations from outcrops and boreholes. Restoration methods therefore
not only serve academic purposes in structural geology but also underpin applied tasks in subsurface engineering
and geohazard assessment.

Existing methods for structure restoration fall into several categories, including horizon-based, slope-based
techniques, unit-vector transformation, and phase unwarpping. Horizon-based flattening, though conceptually
straightforward, is labor-intensive, requiring manual identification of horizons followed by interpolation to
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achieve restoration (Lou et al., 2021; Yan & Wu, 2021; Zeng, 2010). Slope-based methods restore structures by
iteratively fitting slopes in a least-squares sense but struggle with vertical gaps across faults (Lomask et al., 2006).
Unit-vector transformation methods geometrically remove structural influences to flatten models within paleo-
geographic coordinates, maintaining geological consistency when faults are parameterized (Labrunye
et al., 2009; Lovely et al., 2018; J.-L. Mallet & Tertois, 2021; Moyen et al., 2004). Incorporating geological
information can further refine these restoration methods (Labrunye & Carn, 2015). For instance, phase-
unwrapping techniques that assume seismic horizons maintain constant phases, are enhanced by structural
constraints from interpreted unconformities and faults (Wu & Zhong, 2012). Methods have been developed to
remove faulting structures or compute shift constraints before flattening (Wu et al., 2016; Wu & Hale, 2015), and
similar approaches have been proposed to flatten complex faulted reflections and stratigraphic features precisely
(Wu et al., 2022; Xue et al., 2018). Restoration can also be achieved by estimating relative geologic time (RGT)
volumes, derived through optimal fitting of structures (Wu & Fomel, 2018) or deep learning methods (Bi
et al., 2021; Geng et al., 2020). Despite advancements, restoring structures in regions with abrupt variations
remains challenging, especially for noisy data and limited observations. While deep learning has shown promise
in geologic structure estimation, it often requires extensive labeled data sets, which are costly and rarely available
at scale in subsurface studies.

In this study, we introduce a self-supervised 3-D neural network for restoring geologic structures to their un-
deformed state. This approach pioneers the integration of deep learning, partial differential equations (PDEs), and
traditional restoration techniques to address the complexities of structural deformations. Using local orientations
derived from structure tensors, the model parameterizes a volumetric shift field that aligns stratigraphic horizons.
This vector field is processed via PDEs to approximate an isometric warping process, driven by a physics-
informed loss function incorporating self-supervised constraints. To address local minima and improve global
alignment, we adapt dynamic time warping (DTW) (Hale, 2013a) to enhance the alignment of distant structures
while ensuring local orientation fitting through PDEs. This approach employs the DTW to estimate a non-linear
smoothing accumulation of alignment errors by imposing constraints on the rate of shift variation. Additionally,
local structural consistency is further improved by minimizing differences between neighboring model columns
in the flattened domain. The computed shifts are subsequently transformed into an RGT volume encapsulating
structural information within iso-surfaces. We validate our framework on both synthetic and field data sets that
exhibit folding, faulting, and stratigraphic discontinuities, where conventional approaches often fail. Our results
highlight the potential of bridging physics and deep learning to advance structural restoration and modeling,
offering broader implications for the mechanisms driving 3-D structural deformation.

The remainder of this paper is organized as follows. The Methodology section outlines input data preparation, the
design of the model architecture, and the formulation of the hybrid loss function for 3-D structural restoration. The
Application section presents synthetic experiments used to optimize the network and extract structural infor-
mation, followed by field case studies that establish proof of concept. The Discussion section interprets the
implications of our findings in the context of existing methods and geological complexity. Finally, the Conclusion
section summarizes the key contributions and highlights future directions.

2. Methodology

We propose a self-supervised framework for the alignment of 3-D structural models, combining the PDEs with
the representational capacity of deep learning. Our approach parameterizes the shift field, denoted as @ through a
neural network, represented as ®. Figure 1 illustrates an overview of our methodology. Starting from a 3-D
structural model or geophysical image (Figure la), we first estimate local structural orientations as normal
vectors (Figure 1b) and planarity (Figure 1c) at each voxel by decomposing the structure tensors (Hale, 2013b).
The orientations, represented as y, are fed into the network, which then predicts the shifts @ = ®y(u) (Figure 1d),
with @ being the trainable neural parameters. The predicted shift field, along with the orientations and planarity
measures, is incorporated into a PDE system to approximate an isometric warping process. Given an unseen
flattened image g, the network applies the shifts to warp the original model (Figure 1le) into a flattened domain
g = fow (Figure 1g), utilizing a differentiable spatial transformation.

To refine the alignment in regions of complex deformation, we introduce pairwise column correlations via DTW.
This constraint computes an accumulated error image between the features of distant columns, resolving model
disparities across structural discontinuities, such as faults. By projecting the estimated shifts onto the accumulated
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Figure 1. Schematic overview of the self-supervised 3-D structure alignment framework, integrating differentiable spatial transformation with deep learning for
restoring geological structures. This process ensures optimal alignment of features while preserving structural continuity, even in the presence of faults or other
discontinuities.

discrepancies generated by DTW, the network globally determines an optimal alignment path to yield the accurate
correlation. For columns in close proximity with relatively similar geometries, we ensure local structural
coherence by optimizing their horizontal alignment within a flattened domain. These shifts can be simply rep-
resented as an RGT volume (Figure 1f) that offers all the structural information.

Our self-supervised learning method offers a more robust approach compared to traditional least-squares solvers,
which often struggle to incorporate these constraints. In forward computing, the network restores the original
model by applying the predicted shifts through a differentiable warping function. For backpropagation, it benefits
from priors derived from the flattened domain, where all the layers are expected to be horizontally aligned. This
combination of physical and data-driven optimization ensures precise restoration of complexly deformed 3-D
structures, aligning geological layers across faults without relying on fault slip analysis.

2.1. Tensor-Based Estimation of Local Structure

Let f be geophysical images defined over an n — D spatial domain Q CR" and let g be the corresponding
flattened image. For the rest of this study, we focus on the case n = 3 but our implementation is dimension
independent. In most geophysical applications, we can preprocess the sequences f and g to be approximately
aligned before restoration, such that the only source of misalignment is nonlinear. The conventional methods
typically compute a shift field o that warps the structural model f from original space to a flattened domain by
solving PDEs constructed with local orientations or slopes y. The normal orientation at each voxel point can be
estimated from structure tensors using the method described by Hale (2013b). Also, there are many other
comparable approaches (Aurnhammer & Tonnies, 2005) that can be used for the same purpose. In a 3-D structural
model, every structure tensor is a 3 X 3 symmetric positive semi-definite matrix constructed by approximating
image gradients with a Gaussian derivative smoothing filter. The composition of each structure tensor T provides
the measures of normal orientation and local structural planarity on that image point as follows,

T = Auu’ +4,vv7 + 4, ww! 1)

in which u, v, and w represent the eigenvectors of T, and 4,, 1,, and 4,, are the corresponding eigenvalues,
respectively. We label the eigenvalues of T such that they satisfy 1, >4, > 4,, > 0. This implies that the eigen-
vector 4, corresponds to a direction with the highest structural variations and orthogonal to locally planar image
features. Its eigenvalue A, thus represents a measure of local planarity of the structures.

2.2. Structural Restoration With Deep Learning

Leveraging recent advancements in self-supervised learning, we develop a lightweight 3-D neural network
modified from ConvNeXt (Liu et al., 2022; Woo et al., 2023), optimized to achieve a balance between alignment
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Figure 2. The network architecture employed in our structural restoration method (a), along with the detailed configuration of the ConvNeXt block (b), showcasing the
hierarchical and computationally efficient design for 3-D image alignment.

accuracy and efficiency. ConvNeXt built upon convolutional layers has demonstrated performance comparable to
Transformer networks (Khan et al., 2022; Liu et al., 2021; Mao et al., 2022) in diverse applications. Its capability
stems from spatially localized, shared sliding-window operations that operate effectively across multiple
channels.

As shown in Figure 2a, our network consists of hierarchical encoder and decoder branches, in which structural
orientations are input into the encoder, while the decoder estimates a 3-D vector deformation field. The encoder
includes four hierarchical blocks (E1 to E4), each processing features at progressively coarser spatial scales with
down-sampling rates of 2, 4, 8, and 16. Each block utilizes an inverse bottleneck design, including an initial
1 X 1 X 1 convolutional layer, followed by a 3 X 3 X 3 depth-wise convolutional layer, and concluding with
two linear projection layers. This configuration separates spatial and channel information mixing to enhance
computational efficiency. The two linear layers perform complementary roles. The first expands features into a
high-dimensional space using a channel expansion ratio of 4, while the second projects them back to the original
dimensionality. The transformations are interconnected with the Gaussian Error Linear Unit (GELU) activation
function and Global Response Normalization (Woo et al., 2023). This compact design reduces feature redundancy
and mitigates potential collapse due to excessive inter-channel correlations. Skip connections between input and
output stabilize feature propagation and enhance robustness through residual learning. While this architecture is
employed in the current study, we note that alternative configurations may yield comparable results. The network
design serves as a means to validate our framework, rather than a central focus of this work.

In the decoder branch, hidden features are sequentially refined through two blocks (D1 and D2), each incorpo-
ratinga3 X 3 X 3 convolution layer and GELU activation to compensate for spatial resolution mismatches in the
output deformation vector field. The remaining blocks (R1) with a similar architecture further refine the learned
features. Finally, a 1 X 1 X 1 convolutional layer (R2) aggregates all decoded features to produce the 3-D
deformation vector field.

2.3. Physical-Guided Isometric Flattening

The integration of physical constraints offers an attractive approach to embedding domain-specific knowledge
into the network optimization process. We define a loss function that combines a physically-informed PDE
constraint with prior knowledge of structural deformation, all within a self-supervised learning approach. The
process of image flattening can be formalized by identifying a warping function w(x) that transforms a structural
model g(x) = f o w(x) into a horizontally aligned state in an unknown flattened space x = [x1,x,,x3]. Let the
vector shift field be defined as s(x) = x — w(x). The Jacobian matrix of the warping function J, = dw/0x is

given by:
1 —6s1/0x1 —C)sl/dxz —651/0)63
Jm = - aSZ/aXI 1-— 0s2/6x2 - 052/6)(3 . (2)
—0s3/0x;  —053/0x, 1 — ds3/0x3
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This matrix J,, relates directly to the partial derivatives of the shift vector field s(x). The transpose of this matrix
defines the relationship between coordinate rotations in the original and flattened models,

Jlu=n, 3)

where n = [0 0 1] represents the unit normal vector oriented downward in the undeformed space, and
u = [u; uy us] corresponds to the local orientations derived from structure tensors. With the orientation vector
u, we derive a rotation matrix J, that defines a rotation in terms of the axis [u,, —u;,0] with an angle around the
plane [u3] as follow,

u; + u%/(l +u3) —ujuy/(1 + u3) u;
Jo=|—wuy/(0+us3)  uz+ /(1 +u3) —uy |- “4)

— U — U Uz

This matrix orients the orientation vector toward the unit normal vector of the flattened model, ensuring Jz u=n
To ensure the flatness of the restored model g(x), the following equation is solved:

E’ﬂatten = ||JTJu - I’ i*v (5)

@

d where ||-|| - denotes the Frobenius norm, which measures the difference between J Z, Ju and the identity matrix L.
Minimizing Ly, enforces the condition that the restored model g(x) maintains flatness by aligning its orien-
tation vector with the unit normal vector. Refer to Appendix A for detailed descriptions of the isometric warping
equations.

2.4. Self-Supervised Alignment Constraints

Training network using physical equations often falls short of the precision achieved by traditional numerical
solvers. This limitation stems from the flexibility of deep networks, which can predict functions that loosely
satisfy the governing PDEs without strictly adhering to them. Moreover, while enforcing point-wise constraints
on partial derivatives ensures PDE consistency at discrete grid points during optimization, it fails to rigorously
account for the regions between these points, and leaves gaps in accuracy. To address these challenges, we
integrate self-supervised constraints derived from prior knowledge of structural restoration in training. These
constraints not only enhance restoration fidelity but also prevent the optimization from becoming trapped into
local minima.

2.4.1. Pairwise Correlation With Dynamic Time Warping

Inspired by the successful application of DTW for aligning seismic images (Hale, 2013a; Wu et al., 2022), we
incorporate pairwise correlation constraints with varying lateral offsets into the training process. This approach
conceptualizes the structural model as a collection of vertical columns. The correlation of columns with large
lateral gaps, including ones located on opposite sides of faults, is critical for achieving global structure alignment.

The alignment process is reformulated as a path-finding problem in an accumulated distance image, where each
point represents the alignment error between the corresponding two columns. The optimal path is determined by
projecting the related shifts onto this image, and minimizing alignment errors while ensuring smooth transitions
between consecutive points. To efficiently compute pairwise correlations, column pairs are randomly sampled
from the horizontal grid, with each pair selected at a random index.

This randomized sampling combined with the DTW ensures that critical features, such as the peaks and troughs
shown in Figure B1, are consistently aligned across the entire volume. To ensure that reflections are emphasized
while minimizing the influence of noisy or poorly imaged regions, we incorporate a quality control with local
planarity. We compute the average planarity for each column using structure tensors, and exclude those with
average planarity below a threshold of 0.2 from training. Further details of the DTW constraint are provided in
Appendix B.
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Figure 3. Visualization of 3-D synthetic geophysical data. (a) Seismic volume highlighting salt-induced folding (red arrows) and faulting (black arrows). (b) Structural
orientations derived from tensor analysis, with blue arrows indicating normals and colors representing planarity. (c) structural model generated using the proposed
method, showcasing structural information via iso-surface extraction. (d) Horizons demonstrating alignment with seismic reflections. (e, f) Conventional flattening
results, showing partial structure removal and misalignment across faults. (g) Deep learning results with improved reflection alignment and consistent amplitude

features.

2.4.2. Local Structural Coherence in Flattened Domain

To further mitigate residual misalignment, we refine local structural alignment by enforcing the lateral coherence
of geological layers within the flattened domain. This refinement is achieved by minimizing a lateral coherence
loss function:

Lo =37 3 Geulsl] K1Y ©

(j,ker

where T denotes the set of N, neighboring column pairs. The local planarity attributes ¢; and ¢, serve as confi-
dence weights, emphasizing structurally reliable regions and suppressing the impact of poorly imaged or noisy
areas. By penalizing lateral inconsistencies, this constraint mitigates over-alignment to isolated high-amplitude
events and promotes smooth structural transitions across the restored volume.

After integrating these constraints, we compute the restoration shifts that fit the local structural orientations and
correlations by solving the following equations:

[:(g,(l)) = ‘C'ﬂallen(w) + ﬂEdtw(w) + /"[:column(g)’ (7)
where 4 and p are weighting factors that balance the importance of the various terms.

3. Applications

We demonstrate the efficacy of our flattening method on both 3-D synthetic models and geophysical field data
sets characterized by complex fault networks and intricate folding. The results consistently show that this method
accurately restores the original geometries of sedimentary layers, even in highly deformed geological scenarios.
By reversing geological time through precise volumetric flattening, our approach reveals structural features that
have been significantly altered by folding and faulting.

3.1. Structural Restoration for Synthetic Model

Figure 3a presents a 3-D synthetic seismic volume of size 128 X 128 X 128, corresponding to depth and two
horizontal directions. The volume exhibits folding induced by salt bodies (red arrows) and extensive faulting from
numerous smaller faults (black arrows). Axes and dimensions are consistently defined across all 3-D figures to
avoid redundant labeling. Figure 3b shows the vectorized orientations computed using structure tensors as defined
in Equation 1, with blue arrows representing normals to local structures and the colors indicating planarities along
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Figure 4. Training dynamics of the self-supervised structural restoration network. (a) Evolution of the total loss and its
components over 300 epochs. The total loss (orange) is composed of unfolding loss (blue), dynamic time warping correlation
(green), and local flatness (magenta). (b) Learning rate schedule used during training.

the normals. These orientations serve as critical inputs for our network, which iteratively optimizes a vertical shift
field by minimizing the hybrid loss function defined in Equation 7. Optimization is performed using the Adam
optimizer with an initial learning rate of 0.01. The learning rate is adaptively reduced by 50% after two
consecutive iterations without improvement. The structural model derived from the shift field is represented by a
RGT volume (Figure 3c), enabling uniform coloring of identical sedimentary strata. As shown in Figure 3d, iso-
surfaces extracted from this model adhere closely to seismic reflections across the entire volume, including
faulted regions. Refer to Appendix C for details on the computation and interpretation of the RGT volume.

To monitor convergence and assess the contribution of each loss component, we track the evolution of training
curves (Figure 4a). The total loss decreases steadily over 300 epochs, where a rapid drop occurs in early epochs,
followed by gradual convergence. Among the components, the local flatness constraint remains the dominant
term throughout, while the DTW correlation and unfolding losses contribute to refining local structural consis-
tency. The learning rate schedule (Figure 4b) reveals three reduction steps that coincide with plateaus in the loss
curves. These reductions enable finer adjustments in the later training stages and help the model converge to a
stable solution without overfitting.

Conventional structural interpretation methods often struggle with the complexities inherent in folded and faulted
geological settings. Figures 3e and 3f show the limitations of the baseline approaches, including slope-based
interpretations and non-linear warping techniques that rely on the minimization of Equation 4. While these
methods may effectively capture large-scale structural variations, the resulting alignment often remains

Relative geologic time volume
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Figure 5. 3-D field example illustrating the challenges of seismic restoration in areas with vertically slipping faults. (a, b) Conventional methods using local slopes can
flatten reflectors locally but fail to align them across faults (red arrows). (c) Our method using pairwise correlations of distant and local image columns flattens
reflections across faults. (d) Structural model computed from the shift field in (a). (e) Horizons extracted from our flattening shifts accurately follow consistent
reflections.
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Figure 6. Post-restoration of subsurface structures from the Soda Lake geothermal field using our method. (a) Input structural
model from geological interpretation. (b) Restored model with horizontally aligned stratigraphic layers, improving the
interpretation of stratigraphic continuity and fault displacement. (c) Relative geologic time volume with extracted horizon
surfaces. Cones representing vertical shifts are colored and scaled by their magnitudes.

suboptimal with reflections still misaligned across faults. This misalignment leads to amplitude distortions in the
horizontal slices, where elliptical anomalies appear due to the incomplete flattening of horizon surfaces. It is
visible in the slope-based result (Figure 3e), and still partially present in the non-linear isometric warping output
(Figure 3f). In contrast, our method achieves improved alignment of reflections (Figure 3g) and flattens reflectors
across faulted regions (denoted by black arrows), ensuring uniform amplitude distribution in the horizontal slice.
The coherent amplitudes demonstrate the robustness of our approach in maintaining structural integrity and
reflection continuity.

3.2. Seismic Reflection Alignment in Field Data

Figure 5 presents a 3-D field seismic image from the Teapot Dome data set (Chiaramonte et al., 2008), with
dimensions of 200 x 178 X 80 corresponding to depth, in-line, and cross-line directions. This geologically
complex area is characterized by its sandstone-dominated deposit with vertically slipping faults and folds. The
complexity of the fracture networks combined with seismic discontinuities and data-missing zones presents
considerable challenges for structural interpretation. Conventional slope-based methods (Figures 5a and 5b) can
locally flatten reflectors but struggle to align reflections across faults, as evidenced by amplitude variations near
fault zones (marked by red arrows). These variations highlight persistent misalignments and the inability of
traditional approaches to account for the global structure of the data set. In contrast, our method (Figure 5c¢)
addresses these limitations by incorporating pairwise correlations between both distant and local seismic col-
umns. This global perspective enables accurate flattening of reflections while maintaining continuity across
faults. By correlating randomly selected traces across fault zones, our approach imposes constraints that maintain
alignment without the need for explicit fault interpretation. The resulting implicit structural model (Figure 5d)
enables the extraction of horizon surfaces that seamlessly follow seismic reflections (Figure Se).

3.3. Extending to Broader Geological Models

Our method can extend beyond geophysical imaging and handle broader geological models. To demonstrate this,
we apply a subsurface structural model (Figure 6a) derived from geophysical interpretation of the Soda Lake
geothermal field in western Nevada, an area known for its complex fault system. The model has dimensions of
100 x 200 X 128, corresponding to depth, in-line, and cross-line directions, respectively.

The post-restoration model shown in Figure 6b reveals the horizontal alignment of all stratigraphic layers. This
restoration not only improves the clarity of geological features but also supports the accurate interpretation of
stratigraphic continuity and fault displacement. Figure 6¢ shows the transformed RGT volume and the extracted
horizon surfaces, which provide insights into the temporal evolution of the stratigraphy. In this Figure, cones
represent the directions of estimated vertical displacement, with their size and color corresponding to the
magnitude of the displacement. By enabling the extraction of isochronous surfaces, our framework improves the
interpretation of complex subsurface structures, including subtle faults and stratigraphic variations. These results
indicate that our approach not only captures and aligns seismic structural deformations but also applies effectively
to broader geological models.
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Figure 7. Iterative structural model flattening using deep learning. (a) Original structural model progressively flattened over three iterations. Red arrows indicate
deformed folding structures. (b) Structural models obtained from the estimated shifts within three iterations. (c) Iso-surfaces derived from the structural models
demonstrating precise alignment with horizons across the entire model.

3.4. Iterative Restoration for Complex Structure

To address the challenge of restoring complex geological structures, we propose an iterative method that pro-
gressively restores the input model. The iteration process terminates once the predicted shift field computed in the
latest iteration approaches zero. The data volume has dimensions of 200 X 200 X 150, corresponding to depth,
in-line, and cross-line directions. As shown in Figure 7a, starting from the original model, our method incre-
mentally restores the seismic structure, achieving a flattened model after three iterations. At each step, local
structural orientations and correlations are recalculated from the preceding iteration. Conceptually, this iterative
process mimics the reversal of geological time, unraveling the effects of folding and faulting to restore the model
to its original, horizontally stratified state. Except for the final iteration, the loss function minimizes only the
isometric warping term (Equation 4), mitigating geometric distortions while preserving structural integrity. In the
final iteration, the inclusion of pairwise correlations and local orientations ensures the horizontal alignment of
most reflections across the entire model. This approach enables the restoration of highly deformed structures, as
indicated by the red arrows in Figure 7a. The RGT volume (Figure 7b) derived from the computed shifts en-
capsulates the complete structural information, with its iso-surfaces (Figure 7c) closely following the horizons.

4. Discussion

In this section, we examine the proposed method under structurally correlated noise and varying fault complexity.
The analysis not only highlights the model's generalization capacity, but also exposes its current limitations and
informs future directions for improving structural consistency.

4.1. Robustness to Structurally Correlated Noise

Our method integrates self-supervised learning to infer RGT shifts, using both seismic image and derived seismic
attributes. However, the attributes and the DTW estimations are inherently sensitive to noise and data quality. To
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Figure 8. Robustness of our approach under varying noise conditions. (a) Synthetic seismic image with added Gaussian noise at different levels, measured by normalized
root mean square. (b) Results for each noisy input. Alignment accuracy degrades at higher noise levels, indicating the reduced reliability of attributes and dynamic time
warping estimations under such conditions.

evaluate the resilience of our framework against such perturbations, we further test it under various signal-to-
noise ratio (SNR) conditions. We introduce structurally correlated noise to a synthetic seismic volume of size
128 x 128 X 128, corresponding to depth and two horizontal axes (Figure 3). The noise is generated by filtering
random fields with either a first- or second-order recursive Gaussian derivative filter and then scaled to
normalized root mean square (NRMS) levels between 0.2 and 1.0 (Figure 8a). This procedure simulates pro-
gressive degradation in image quality. For instance, an NRMS of 1.0 corresponds to a noise level where the
amplitude of the added noise equals that of the original data. As shown in Figure 8b, despite increasingly severe
noise, our approach consistently aligns seismic horizons. However, alignment accuracy slightly degrades at
higher noise levels (highlighted by arrows), where seismic attributes and DTW estimations become less reliable,
and layer boundaries appear more obscure. Nonetheless, the results confirm that our method exhibits robustness
in poorly imaged zones, maintaining reliable alignment under different noise conditions.

4.2. Robustness Across Fault Complexity

To assess the robustness of our framework under varying levels of fault complexity, we conduct benchmark tests
using four synthetic seismic volumes, each of size 128 X 128 X 128 corresponding to depth and two horizontal
axes. These volumes represent increasing structural complexity, including a nearly unfaulted structure
(Figure 9a), a simple faulted model with large-scale faults (Figure 9b), a moderately complex model with
medium-scale faults (Figure 9c), and a highly faulted structure with small-scale intersecting faults and broken
reflectors (Figure 9d).

The results shown in Figure 9 demonstrate that our method consistently yields horizon flattening outputs across
all cases. In simpler scenarios with minimal or a few large-scale faults (marked by red lines), the method achieves
high accuracy and reflector continuity. As fault complexity increases, the network maintains stable performance
and captures coherent layer geometries even in the presence of intersecting discontinuities. Nevertheless, in the
most complex case, we observe a moderate decline in alignment accuracy in regions with dense faulting or near
volume boundaries. This degradation is primarily attributed to increased reflector discontinuities, which limit
spatial correlation, and to the reduced contextual information available near boundaries. These findings indicate
the generalization of the framework across diverse structural conditions.

4.3. Limitations and Future Directions

Our framework assumes locally conformable reflectors, making it less effective in the presence of un-
conformities, especially angular unconformities where stratigraphic terminations, erosional truncations, or onlap
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Figure 9. Benchmark evaluation of model performance under varying levels of fault complexity using synthetic seismic volumes. (a) Nearly unfaulted structure;
(b) simple model with a few large-scale faults; (c) moderately complex model with medium-scale faults; (d) highly faulted structure with small-scale intersecting faults
and broken reflectors. Red lines indicate faults.

features occur. In such cases, the assumptions underlying the structure tensor and loss formulation may be
violated, leading to inaccurate shift estimation and degraded performance.

While our method effectively flattens strong and structurally coherent reflectors, challenges remain in handling
weak events situated between them. These weaker reflections with lower amplitude or planarity may be
vulnerable to local squeezing or stretching effects induced by the alignment of adjacent stronger events. To
mitigate this issue, we adopt a planarity-guided weighting scheme that downweights unreliable structural fea-
tures. Despite this strategy, achieving an optimal balance between strong and weak reflectors remains an open
challenge.

In geologically active areas, seismic imaging energy is often difficult to focus, which leads to low-quality data
with poorly defined reflectors. In such conditions, accurately estimating structural orientations becomes chal-
lenging, and critical seismic features are obscured, making it difficult for the model to capture reliable patterns
from the seismic image alone. We argue that extending the framework toward multi-source information fusion
could address this limitation. Incorporating geological knowledge and well-log data as priors could provide
additional structural guidance and improve alignment robustness in low-quality or poorly imaged data sets.

To address these limitations more broadly, future work may extend the physics-informed framework by incor-
porating more geological constraints, such as kinematic fault models or sedimentary process simulations, to guide
the estimation of vectorial deformation fields. Incorporating probabilistic learning may also reduce overfitting to
high-amplitude events and improve the robustness of weak event preservation. Such models would better capture
the full range of structural geometries in complex subsurface settings associated with highly disrupted or poorly
imaged zones.

5. Conclusion

The restoration of deformed geological structures is central to unraveling tectonic processes and enabling reliable
subsurface interpretation. Our study introduces a self-supervised 3-D neural network that couples physics-
informed optimization with data-driven learning to estimate volumetric shift fields and recover stratigraphic
geometry. Unlike conventional PDE-based approaches, our method integrates structural tensors and differen-
tiable warping into a deep learning framework, ensuring both global alignment across faults and local strati-
graphic consistency. Applications to synthetic benchmarks and field seismic data sets show that the framework
consistently outperforms existing restoration methods, maintaining robustness under varying fault densities,
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folding geometries, and noise levels. By enabling automated generation of RGT volumes, the approach offers a
scalable pathway for high-resolution stratigraphic and structural analysis.

The broader implications extend beyond methodological improvements. By encoding geological principles into
self-supervised objectives, this study demonstrates how physics-informed machine learning can bridge inter-
pretation with geological reasoning. Such integration opens new opportunities for advancing digital subsurface
twins, improving reservoir and hazard forecasting, and enhancing the structural reconstruction in geologically
complex regions. This provides a foundation for expanding the role of Al in geoscience, highlighting promising
directions for coupling domain knowledge, physical constraints, and seismic data sets in next-generation
geological modeling.

Appendix A: Isometric Image Warping Equations

Integrating physical constraints into neural networks provides a powerful method for embedding domain-specific
knowledge directly into the optimization process. We introduce a loss function that synergizes a physically-
informed partial differential equation (PDE) constraint using prior knowledge of structural deformation, all
within a self-supervised learning framework. The process of flattening a structural model can be formalized by
identifying a warping function w(x) that transforms a model g(x) = f o w(X) into a horizontally aligned state in
an unknown flattened space x = [x;,x,,x3]. Here, the vector shift field is defined as s(x) = x — w(x). The
Jacobian matrix of the warping function J,, = 0w/0x is expressed as:

1- 051/0)(1 —6s1/0x2 —0s1/0x3
Jm = - 0s2/0x1 1-— 032/6)62 - 052/0X3 . (Al)
—0ds3/0x;  —0s3/0x, 1 — 0s3/0x3

This matrix J,, relates directly to the partial derivatives of the shift vector field s(x). The transpose of this matrix
defines the relationship between coordinate rotations in the original and flattened images,

Ju=n, (A2)

where n = [0 0 1] is the unit normal vector oriented downward in the undeformed space, and u = [u; u, us]
corresponds to the local orientations derived from structure tensor analysis. With the orientation vector u, we
derive a rotation matrix J, that defines a rotation in terms of the axis [u,, —u;,0] with an angle around the
plane [us],

u; + u%/(l +uz) —uuy/(14+u3)  uy
Jo=|—wuy/(A+us) us+ /(1 +us) —u, |- (A3)

— U — U U3

This matrix aligns the orientation vector with the unit normal vector of the flattened image, ensuring JI u = n.To
maintain the flatness of the restored image g(x), we solve the following equation,

I =L (A4)

where I is the identity matrix. This leads to a system of nine linear flattening equations with unknowns [s;,s5,53]
that approximate an isometric warping process w(x) at each image point,
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The parameters ny, ns, and ng are defined as,
2
n
= +
"4 1+ ns "3
n2
ns = 1 + ns (A6)
1+ n3
—nny
ng = .
6 1+ ns
By solving Equation 5, we use weights computed from the eigenvalues of the structure tensor to assess the quality
of the estimated normal vectors and selectively enhance locally coherent image features. Thus, we formulate the
physically-informed constraint of PDEs by averaging all the elementary terms,
, 33
Lfaien = |ILlI7 = z Z E?,j’ (A7)
i=l j=I
The resulting vector field can satisfy the assumption of flexural slip conditions, in which the deformation
mechanism of geological structures is flexural slip (Luo & Hale, 2013; J. Mallet, 2014) The constraint of iso-
metric warping presents a desirable characteristic to preserve metric properties of the structural and stratigraphic
features during restoration, such as layer thickness, surface area, angles, and bulk volume. However, it is not true
for an exact isometric warping process as structural normal vectors often vary, necessitating additional warping
constraints in deep learning to achieve accurate image alignment.
Appendix B: Dynamic Time Warping for Pairwise Alignment
Given two sequences f and g with length N = 200 samples, the alignment error between these sequences is
defined as e[i,w;| = (flw; + i] — g[iD?. The DTW computes a sequence of shifts w; that align f with g by
solving the following optimization problem,
N-1
® = arg min Z (floo; + ] = gli])* (B1)
@;[0:N—1] =0
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subject to the constraint |@; — w;_| < 1. This constraint limits the waveform stretching during the warping
process.

To include this strength constrain in Equation 1, we recursively compute the accumulated distance map d[i, @;]
from the alignment errors e[i, w;],
d[0,wy] = e[0,wy],
d[l — 1, w; — 1]

dli,w;] = eli,w;] + min{d[i — 1, ;] ,

dli—1,w; + 1]
fori = 1,2,...,N— 1.

where only three previously computed distances are used to compute the current distance d[i, w;].

To determine the optimal alignment path, our approach projects the shifts onto the accumulated distances by
minimizing the alignment errors along the path.

N-1

1 . :
Loy = N > 2 dliwylill, (B2)
k(jhek i=l

In computing the pairwise correlations, the set K with N, column pairs is randomly extracted at the lateral grid of
the image to be restored, and each pair is extracted at a random inline and crossline index.

As is shown in Figure Blc, the shift sequence is represented by a path that minimizes the total alignment error
while ensuring that the shifts between samples do not vary too rapidly. To save computational cost, we evaluate
alignment error for a subset of the pairwise columns where the interval between columns is in a predefined range
and the randomly extracted columns are evenly distributed in space. By minimizing Equation 2, the network
learns to correlate multiple pairs of critical features indicated by magenta circles in Figure B1 in the two columns.
These features represent peaks and troughs of reflections that must be horizontally aligned in the restoration.
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Figure B1. Dynamic time warping alignment of two sequences. (a) The original sequences before alignment with
discrepancies in the timing of key features. Dashed lines indicate the correspondence of critical features between the
sequences. (b) The sequences aligned by using the optimal shift computed by minimizing the cumulative alignment errors.
(c) The accumulated distance array and the resulting optimal alignment path.

Appendix C: Structural Flattening and RGT Transformation

The flattening process involves applying vertical shifts to transform the structural model from its original depth
domain denoted as [x;,x,,z] to a flattened domain [x;,x,,7], where geological layers are horizontally aligned.
The RGT volume corresponding to these shifts can be defined as,

T[x1,%2,2] = 7+ @[x,x,2]- (C1)
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displacement across these faults corresponds to the amount of fault slip. Mathematically, any horizon z(x,x,,7)
corresponding to a specific value of 7 can be extracted from the model using inverse interpolation under the
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