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Metodologia basada en aprendizaje profundo para el diseiio de
geometrias de adquisicion sismica 2D guiada por la inversion de
onda completa

RESUMEN

El objetivo principal del disefio de geometrias de adquisicién sismica es iluminar el subsuelo para identificar posibles
reservorios de energia. Los métodos tradicionales de disefio de adquisicién incluyen patrones uniformes, aleatorios y jittered.
Los patrones uniformes pueden resultar poco practicos debido a limitaciones fisicas, mientras que los patrones irregulares
pueden introducir ruido incoherente en los datos por aliasing. Los métodos basados en aprendizaje profundo se han enfocado
en enfoques basados en datos, regularizados mediante la reconstruccién de la calidad de la sefial sismica, con el fin de
disefiar patrones submuestreados. Sin embargo, con frecuencia no se considera el desempefio de la iluminacién del subsuelo,
especialmente en ambientes de alta complejidad geoldgica. En este trabajo se introduce ISPO (Imaging-guided Seismic Pattern
Optimization, por sus siglas en inglés), un enfoque novedoso basado en aprendizaje profundo. ISPO requiere un modelo
de velocidades de referencia, a partir del cual un operador de modelamiento directo genera registros de disparos sismicos.
Posteriormente, un modelo probabilistico de difusién basado en aprendizaje profundo produce perturbaciones del modelo de
velocidades que son estructuralmente diversas pero geolégicamente consistentes. Estas perturbaciones se emplean para entrenar
un operador de iluminacién o imaging que mapea los registros de disparos a modelos de velocidad. El objetivo es optimizar
las posiciones de receptores y/o fuentes mediante una capa binaria, guiada por la calidad de reconstruccién de los modelos
de velocidad obtenidos a partir del patrén optimizado, permitiendo al mismo tiempo el submuestreo. ISPO fue evaluado en
tres escenarios de adquisicion: tnicamente receptores, Unicamente fuentes y submuestreo simultdneo. De manera consistente,
ISPO supera tanto a las metodologias cldsicas como a las basadas en aprendizaje profundo, incluidas las de disefio uniforme,
jittered, aleatorio y las basadas o guiadas por la reconstruccién de datos sismicos. El método muestra un desempefio superior
en métricas de SSIM, MSE y perceptuales, preservando al mismo tiempo las estructuras geoldgicas.

OBJETIVOS

Objetivo general
Desarrollar una metodologia basada en aprendizaje profundo para el disefio de geometrias de adquisicioén sismica 2D, guiada
por modelos de velocidad de onda P obtenidos a partir de la inversién de onda completa.

Objetivos especificos

1) Crear una base de datos sismica que integre modelos de velocidad de onda P con sus correspondientes registros de
disparos (shot gathers).

2) Implementar un operador basado en aprendizaje profundo que realice la inversién de onda completa para obtener modelos
de velocidad de onda P.

3) Desarrollar una metodologia de aprendizaje profundo para el disefio de geometrias de adquisicién sismica 2D,
fundamentada en el operador de aprendizaje profundo y guiada por modelos de velocidad de onda P.

4) Validar la metodologia de disefio sismico basada en aprendizaje profundo en escenarios geoldgicos con diferentes
complejidades estructurales y estratigraficas.

PREGUNTA DE INVESTIGACION

¢ Cudl es la metodologia de diserio de geometrias de adquisicion sismica 2D que permite obtener la mejor iluminacion del
subsuelo mediante patrones submuestreados?
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Imaging guided pattern optimization for seismic acquisition

geometries design with deep learning

Ana Mantilla-Dulcey*”, Henry Arguello™, Senior Member, IEEE

Abstract—The primary purpose of seismic acquisition geom-
etry design is to illuminate the subsurface to identify potential
energy reservoirs. Traditional acquisition design methods include
uniform, random, and jittered patterns. Uniform patterns can be
impractical due to physical constraints, and irregular patterns
can introduce incoherent noise to the data through aliasing.
Deep learning methods have focused on data-driven approaches,
regularized by seismic signal quality reconstruction, for designing
undersampled patterns. However, they frequently overlook imag-
ing performance under geological variability. In this work, we
introduce ISPO (Imaging-guided Seismic Pattern Optimization),
a novel deep learning-based framework. ISPO requires a refer-
ence velocity model, from which a forward operator generates
modeled shot gathers. A denoising diffusion probabilistic model
then produces structurally diverse yet geologically consistent
perturbations to the velocity model. These perturbations are
used to train an imaging operator that maps shot gathers to
velocity models. The central objective is to optimize receiver
and/or source positions using a binary layer, guided by the
reconstruction quality of the velocity models obtained from
the optimized pattern, while allowing for undersampling. ISPO
was evaluated across three acquisition scenarios—receiver-only,
source-only, and simultaneous undersampling. ISPO consistently
outperforms both classical and DL-based baselines, including
uniform, jittered, random, and end-to-end reconstruction-driven
designs. The method yields superior performance across SSIM,
MSE, and perceptual metrics while preserving key structural
features of the velocity model even at low acquisition rates.

Index Terms—2D seismic acquisition design, velocity model
imaging, deep learning, diffusion models, seismic data recon-
struction.

I. INTRODUCTION

XPLORATION of energy sources such as critical raw

materials, hydrogen, or geothermal reservoirs, and carbon
capture and storage has become a central focus for the energy
transition [1]-[4]. It requires precise subsurface characteri-
zation to minimize exploratory risks and support informed
decision-making. Seismic reflection remains the most effective
geophysical method for imaging complex subsurface structures
and identifying potential energy reservoirs [5]-[9]. However,
designing an optimal seismic acquisition geometry that en-
sures effective subsurface illumination remains a significant
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challenge in geophysical exploration [LO]-[17]]. This illumi-
nation depends on strategically placing seismic sources and
receivers, maximizing energy interaction with target reflectors,
and optimizing data recording [10].

Existing approaches are categorized into two main types:
regular and irregular patterns. Regular patterns used the
classical approach, which relies on geological modeling and
numerical simulations of seismic wavefields using specialized
software such as NORSAR, OMNI, and Nucleus [12], [18].
The uniform pattern is evaluated using geophysical imaging
methods, including reverse time migration, velocity model
building with full waveform inversion (FWI), Marchenko
imaging [19], full wavefield migration [13]], and focal beam
analysis [[15]. While these approaches can ensure regular
acquisition patterns and coverage, practical constraints, such as
social, economic, or environmental factors, may hinder their
application, because seismic sources and receivers are often
sparsely distributed.

Irregular patterns introduce variability in receiver locations
to account for practical constraints and reduce data acquisi-
tion costs. The irregular seismic acquisition design approach
includes random, jittered, and optimized patterns. Random and
jittered focus on reducing structured aliasing by converting it
into incoherent noise, which is suppressed but requires high-
quality reconstruction due to undersampling [19]. Optimized
patterns seek to balance signal or image quality and acquisition
cost by undersampling through optimal experimental design
(OED) [20], iterative [21], and deep learning (DL) [22] meth-
ods. The OED approach enhances seismic and geophysical
data acquisition by maximizing information while minimizing
costs and environmental impact [[17], [20]. Unlike standard
methods, OED adapts to subsurface complexity, improving
imaging and inversion results for regular and irregular survey
designs. Its key advantage lies in integrating subsurface infor-
mation to ensure high-quality imaging. [20] outlined a step-by-
step optimization process based on eigenvalue analysis, which
is computationally demanding. To address this, [[17]] proposed
a sequential receiver-wise optimization strategy for source
location, significantly reducing computational costs. Their
study focused on FWI and assumed a predefined subsurface
model. Notably, they highlighted the potential of reducing the
number of sources or receivers in seismic acquisition design
without compromising imaging quality.

Iterative methodologies refine seismic acquisition patterns
using imaging techniques and compressive sensing. For in-
stance, [14] applied particle swarm optimization to determine
receiver location and enhance subsurface coverage. However,
irregular receiver configurations can degrade data quality
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in shallow anomalies. [19]] proposed a compressive-sensing-
based survey with sparse, random sampling for Marchenko
imaging, using the FISTA algorithm to reconstruct missing
seismic data. Similarly, [21] imposed a maximum gap be-
tween adjacent sources or receivers and employed a spectral
gradient-projection method for data recovery. [16] introduced
ergodic sampling to reduce redundancy while maintaining
Nyquist-equivalent information, lowering acquisition costs.
Other works have proposed a target-oriented strategy based
on full-wavefield migration [[13]], optimizing receiver density
per unit area to improve imaging. [15] designed an automated
approach to optimize irregular source or receiver geometries,
validating results through focal beam analysis and gradient
descent. These methodologies integrate imaging constraints to
enhance seismic acquisition design. However, their effective-
ness depends on the assumptions made about seismic noise and
the accuracy of prior knowledge regarding the target depth and
extent.

Most DL designs target signal reconstruction rather than
imaging fidelity under geological variability [22]-[24]. For
instance, [24] combined a convolutional neural network with
a genetic algorithm to optimize source and receiver loca-
tion, outperforming randomized acquisition designs. [22] in-
troduced an end-to-end optimization framework that models
the seismic pattern as a deep binary layer, learning optimal
source and receiver locations for undersampled acquisition
while preserving data quality reconstruction. [25] developed
Seis-PDDN, integrating edge-preserving undersampling with
diffusion null-space iteration to optimize survey design and
data reconstruction. In both cases, the acquisition pattern is
evaluated based on the quality of the reconstructed seismic
signal. While iterative, classical, and OED methods concen-
trate on imaging tasks, DL-based methods prioritize recon-
struction. However, an effective seismic acquisition geometry
design must integrate both aspects to ensure high-quality data
recording.

This work proposes ISPO, a DL-based method that unifies
imaging and undersampling design in a single optimization
framework. ISPO incorporates three tasks for the pattern de-
sign: The first task involves acoustic modeling on a reference
theoretical velocity model that best describes the geological
complexity of the area where the seismic acquisition will
be conducted. The second task focuses on undersampling
the modeled shot gathers using a trainable binary layer that
controls the locations of the acquired receivers or sources.
The third task involves imaging by reconstructing velocity
models from the modeled and subsampled shot gathers. The
ground-truth subsurface model is unknown, and the theoretical
velocity model inherently introduces some uncertainty. A
practical strategy to ensure the adaptability of the optimized
pattern is to test it against a set of realistic velocity-model
perturbations that a diffusion model can obtain.

ISPO addresses the trade-off between acquisition cost and
subsurface imaging quality by proposing the ISPO method.
Our contributions are as follows:

o Imaging-guided design: ISPO is the first DL framework

to optimize seismic patterns directly under imaging con-
straints, rather than solely for signal reconstruction.

« Integration of diffusion-based geological variability: The
method incorporates a denoising diffusion probabilistic
model to generate geologically plausible perturbations to
the reference velocity model, thereby improving the ro-
bustness of the learned acquisition patterns to subsurface
variability.

o Simultaneous optimization of sources and receivers:
ISPO supports flexible design under multiple acquisition
scenarios—receiver-only, source-only, and simultaneous
undersampling—while preserving structural fidelity in the
resulting velocity maps.

o Superior imaging performance: ISPO consistently out-
performs classical (uniform, random, jittered) and deep
learning-based baselines (including end-to-end recon-
struction methods), particularly in SSIM, LPIPS, and
MAE under different undersampling rates.

II. PROPOSED METHODOLOGY FOR DESIGNING 2D
SEISMIC ACQUISITION GEOMETRIES USING DEEP
LEARNING, GUIDED BY P-WAVE VELOCITY MODELS
DERIVED FROM FULL WAVEFORM INVERSION

The proposed method is illustrated in Fig. [I] It aims to
optimize the spatial distribution of sources and receivers while
undersampling. As the primary goal of seismic surveys is
to enhance illumination of subsurface targets, the approach
prioritizes patterns that maximize the accuracy of the recon-
structed velocity model. The process begins with a target
model representing the geological structure of the area under
study. Synthetic shot gathers are computed using acoustic wave
simulation in a dense, uniform acquisition setting. The data is
then passed through an undersampling operator that defines
both the receiver positions and the undersampling ratio. Both
dense and undersampled shot gathers are subsequently input
into a neural imaging operator trained to recover velocity
models. This network is guided by perturbed versions of the
reference model, allowing it to infer consistent reconstructions
from both complete and sparse measurements.

A. Conditional random generation of perturbed velocity mod-
els

This stage involves generating perturbed versions of the
reference velocity model for imaging. Let V. € RFP*@, be
a target velocity model, where P and @) are the number of
samples in distance and depth, respectively. The perturbations
of V are denoted as V* € RP*? and were generated by
training a denoising diffusion probabilistic model (DDPM)
[26]], [27] as illustrated in [T}

1) Theory and training of the DDPM: A Denoising Diffu-
sion Probabilistic Model (DDPM) is a generative model that
learns to create realistic data (such as images or physical
fields) by gradually removing noise from random signals.
The central idea is simple: if we know how to progressively
destroy a signal by adding noise, we can train a neural
network to reverse this process and reconstruct meaningful
structure from noise. DDPMs were introduced as a principled
probabilistic framework for generation, based on a forward
diffusion process and a learned reverse denoising process.
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Fig. 1. Proposed method. First, a forward operator F generates shot gathers P from a reference velocity model V. Second, a trainable binary layer M,
subsamples P, producing Py. Third, an imaging operator Gy, calculates V and V, corresponding to the velocity model obtained from the optimized and
dense pattern, respectively. The process iterates until V and V are consistent in geological structure and velocity values.

Forward diffusion process (adding noise)

The forward process is a fixed, known procedure that grad-
ually corrupts a clean sample (x() by adding small amounts of
Gaussian noise over many steps. After many steps, the signal
becomes almost pure noise. At each step (t = 1,...,7), a
small amount of random noise is added:

o Early steps: the data is only slightly corrupted.

o Later steps: the data becomes increasingly noisy.

« Final step: the sample resembles random Gaussian noise.

This process is designed to directly generate a noisy version
(z¢) of the original data at any step ().

Reverse denoising process (learning to remove noise)

The goal of training is to learn the reverse process: start-
ing from noise and gradually recovering structure. A neural
network is trained to predict the noise that was added at
each step. Given a noisy input (x;) and the step index (%),
the network estimates the noise component and subtracts it.
By repeating this denoising operation step by step, the model
transforms pure noise into a realistic sample. This procedure
can be interpreted as teaching the model to perform many
small denoising tasks rather than one large reconstruction.
Each task is simple, but their composition produces a complex
structure.

Training algorithm (simplified)

o Sample a clean data point (zg) from the dataset.

o Sample a random time step (¢ € {1,...,T}).

o Sample Gaussian noise (¢).

o Create a noisy sample (z;) by adding noise to (zg).

o Use the neural network to predict the noise from ((z;, t)).

o Update the network parameters by minimizing the

squared error between true and predicted noise.

o Repeat until convergence.

Sampling (generation) algorithm

o Start from random Gaussian noise (zr).

e Fort=1T,...,1):

quad Predict the noise in (x;) using the network.
quad Remove part of the noise to obtain (z;_1).
quad Add a small amount of controlled randomness.

o Output (z() as the generated sample.

To limit the random generation to plausible solutions of
the target velocity model, the sampling process is computed
in Algorithm [2| Here k is the velocity conditional time step,
oy = 1 — 8, with 3; as the scheduler, &; = Hi:o as, and €
is the diffusion model with trainable parameters .

The selection of the velocity conditional time step k£ depends
on each velocity model; if £ is big, the resulting models will
be strongly different from the target model, and if k is small,
the models will be similar in structure and velocity values,
as shown in Fig. 2] This strategy allows the training domain
to be limited, establishing a range of plausible solutions for
subsurface imaging.

These perturbations preserve the main geological structure
while introducing realistic deviations, thus enhancing the
model’s robustness to potential discrepancies in real-world
scenarios. The perturbed velocity models differ from the target
model in layer thickness changes, layer count, geometric
variations, and discontinuities. In real-world scenarios, the
ground-truth subsurface model is unknown, and traditional
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Fig. 2. (Upper) Unconditional random generation and (bottom) conditional
diffusion synthesis of perturbations using a target velocity model from a
diffusion step k.

methods for seismic acquisition geometry design estimate a
reference theoretical velocity model given historical geophys-
ical surveys, well logs, and geological information [12f], [18].

Algorithm 1 Training process

Require: T
1: repeat
2: Vo ~q(Vy) > Sample a velocity model
3: t ~ Uniform({1,...,7T})
4 e ~N(0,1)
5: Take a gradient descent step on:

> Total number of diffusion steps

VgHe—Q(\/aVo—i—\/l—dte, t)”2

6: until convergence

Algorithm 2 Velocity conditional sampling process

Require: 5, Vy > Velocity conditional time step and target
velocity model
e~ N(0,1)
Vk = va'F\/l—OzkE
fort =%k, ..., 1do
z~N(0,1I)ift >1,else z=0

N RN

Vi1 = \/% (Vt - \}% eg(vt,t)> +V1 -z
end for
Return V| > Perturbed velocity models

B. Acoustic forward modeling

The modeling process involves computing the seismic wave-
field in the reference velocity model to generate synthetic
shot gathers. A forward modeling operator F simulates the
propagation of the wavefront. The following expression is
based on the acoustic wave equation of an isotropic medium.

1 Pp
2 (z, 2) 2 Vip = S(z, 1),
where v is the velocity value in V, p is the pressure wavefield,
t denotes time, x and z are the distance and depth, respectively,
and S(sy, sz, t) is the seismic source. The amplitude A(t) of
the seismic source is represented by a Ricker wavelet [28]]
with a peak frequency f and is given by:

(D

Alt) = (1 - 20 f22)e™ 170, )

S(x,z,t) = A(t)0(x — 84)0(z — 3)

where s, and s, represent the coordinate position of the
source (or shot). Let s, € N and s, € N be the vectors
representing the positions of all seismic shots in the x and z-
axis, respectively. The numerical solution was computed using
a second-order finite-difference scheme in time and eighth-
order in space. The discretized wave equation in Appendix
A represents the finite-difference formulation of the acoustic
wave propagation.

Suppose we have a set of receivers with positions (r,,r.),
where r € R. The seismic record in a receiver is given by
p(z = ry, z = r,,t), which can be represented as po, where O
is the number of receivers. The pressure wavefield in a receiver
O and time index n is given by p&, = p;_,._. The value of p for
all n in a receiver O is stored as ppy = {pY, 5,1, - - -, PH }»
which represents a seismic trace or column. The po values
form a seismic shot as P = {p1,p2,p3,...., o }. The output
of the wavefront propagation is a set of synthetic seismic shot
gathers P € RMXN*O where M is the number of shots, N
the time samples, and O the receivers.

52)7

P=F(V,ry,r,,8;:,8:, A\ Ax, Az, At, f,1). ()]

C. Seismic subsampling pattern optimization

This task aims to determine the receiver locations that
should be removed, given a desired acquired rate. The output
of the undersampling process is called P, € RM*XNxO A
single shot can be modeled as:

S

where 7 indexes the number of shots, which means pr S
RV*O @ is the Hadamard product, ® € {0,1}V*© is the
subsampling operator that sets to zero the positions of removed
receivers or shots [23]]. The subsampling operator changes
according to receivers, sources, or both, pattern, as described
as follows:

1) Receivers pattern design: The receivers are represented
by the columns of each Pt and the mask ®p is invariant,
meaning that all shots have the exact positions of acquired
and removed receivers. The following equation models the
process:

p;:@@w, i=1,2,..., M,

®p =1y ®sp, wheresy e {0,1}17C. (6)
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The vector s represents the positions of acquired and
removed receivers, denoted as one and zero, respectively. ®
denotes the Kronecker product, and 1 is an N-dimensional
one-valued vector.

2) Shots pattern design: The shots are represented by all
the columns of the input data, which means that if a single
shot is removed, P* = 0. In this case, the mask ®p varies
across the M positions. The process is described as follows:

Oy ®sp if M eL,
p= . (N
Iy ®sp otherwise,

where L represents the positions of the removed shots, and
sp € {0, 1}1><M.

3) Simultaneous receivers and shots pattern design: The
seismic pattern that removes both receivers and shots is
represented by the zeroed columns, or by P?. The mask called
® is composed of the mask of receivers and shots as follows:

P =Pr0Pp (8)

The primary goal is to find a vector sg or sp that yields the
best reconstruction of the velocity model; therefore, a differ-
entiable modeling approach is required. This work optimizes
a real-valued parameter ¢ € RV*© such that:

s = f(y), )
1 .
flp) = 5 (sign(p) +1), (10)
where 81{;5:’) = 0 for ¢ # 0. This leads to a vanishing-

9 —.

gradient problem, in which backpropagation yields
The straight-through estimator (STE) [29]], [30] is apphed,
approximating the gradient as % = 1, enabling real-
valued weight updates. A binary differentiable layer M,
RMXNXO _, RMXNXO g defined by:

My P)=[@;0PV, &; 0P, &, 0P 11

The layer M, is linear in P, and ®; represents the
undersampling case (Equations [6]- [8). The undersampled shots
are given by P, = M (P). The expression which controls
the acquired rate is given by:

2
o (Ul " )
2
o (Mol )" "
Lp=Lr+Lp, (14)
where ygp = %, Yp = % and T is the desired number

of acquired receivers or shots. This means v denotes the
target fraction of ones. The terms ¢r and @p denote the
trainable parameters for the receivers and shots, respectively.
Considering Equation [4| and the perturbed velocity models Vo
obtained from Algorithm [2]

The proposed method lies in the fact that if the seismic
pattern design is optimal and ensures proper illumination of
seismic energy in the subsurface, the velocity model obtained
from the optimized design V = G, (P,) will be consistent
in velocities and geological structures compared to the model
estimated using the dense, uniform design V. = G+ (P) as
follows:

Receivers pattern design
2
i = argmin 7o 10 (Mo (P) = G (PG
+ p2 LR,
Shots pattern design
- w* - Jw* P ;
¢b = argmin 5755 10 (Mer (P)) = G P
+ p2Lp,
Simultaneous receivers and shots pattern design
2
¢ = argmin s 16, (Moo (P)) = Gur P
+ p2 £B7

where p; denotes the influence of the velocity model recon-
struction, and po controls the acquired rate convergence. The
trainable parameter o5 = {¢Rr, ¥p}.

Algorithm 3 ISPO Proposed method
Require: &, V. r,,r,,s;,s,, A\, Ax, Az, At, f,t, p1, p2
1: Generate perturbed velocity models Vo with Algorithm |2 I

2: for each s in M do > Number of shots
3 for [ in N do > Number of time steps
4: P :‘F(V07r$7rzaS&L’aSZ7>\5A$aAzaAta f’t)
5: P=F(V,ry,r.,8z,8:, A Az, Az, At, f, 1)
6 end for
7: end for
8: Train the imaging operator using Adam optimizer
: in — P~ Vo’

o =argmin 5o 0. = Vol

9: for 1,..., E do > Number of epochs

10: Y =G (P)
11: V G+ (Py)

> Velocity map from uniform pattern
> Velocity map from optimized

pattern
12: Optimize the seismic pattern with imaging constraints
2
= arg min
Pe = argy MNO H Hg
+ p2 Lo, c € {R, P, B}.
13: end for
14: Return *

Remark: The proposed method establishes a novel base-
line for seismic acquisition design by explicitly optimizing
receiver or source patterns to enhance subsurface illumina-
tion, similar in objective to classical tools. However, unlike
traditional approaches, this deep learning-based framework
enables optimization guided by velocity model consistency,
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offering greater robustness to geological variability and adapt-
ability to real-world constraints. Furthermore, its differen-
tiable architecture facilitates seamless integration with modern
reconstruction-based seismic workflows, making it a scalable
and flexible alternative for next-generation survey planning.
The motivation for using velocity models lies under three
key assumptions. First, these models provide representations
of complex geological structures, making them essential for
optimizing seismic acquisition design to improve subsurface
illumination. Second, state-of-the-art seismic geometry design
methods depend on prior subsurface information, primarily
velocity models, which are also widely used in processing
workflows such as common reflection points, common mid-
points, and shot gathers. This allows survey design to be
optimized based on geological priors. Third, velocity models
can be computed using differentiable deep learning-based
operators, enabling seamless integration with other algorithms.
A key advantage of this approach is its adaptability, which
allows for the incorporation of various constraints, such as
seismic inversion, denoising, migration, and attributes, based
on data availability. Algorithm [3|summarizes the proposed DL-
based method.

III. NUMERICAL SIMULATIONS
A. Perturbed velocity models

The 2D velocity models were obtained from OpenFWI
[31]], which includes a set of benchmark datasets with varying
geological settings and velocity scenarios. The velocity maps
were resized to 128 x 128 samples in time and space. The
training for the DDPM was conducted using all data from the
10 families in the database. The computational setting involves
a cosine noise schedule defined by 1 — o from 10~ to 0.02,
with 7" = 1000 diffusion steps. The diffusion model €. was
trained for 1000 epochs, batch size of 50, and learning rate of
3 x 10~*. The sampling process was computed separately for
five velocity models from the CurveFault-B family (hereafter
referred to as model A-E), each with 100 perturbed versions.
The 3D velocity model was created using GemPy [32]. A
velocity value was assigned to each geological layer. The
model is V € R64*64x64 The seismic acquisition geometry
design for the dense and uniform pattern includes: 1000 ms
of total simulation, source Ricker wavelet with frequency of
10 Hz, a 64 x 64 grid of receivers for x and y-axis, each
one spaced 10 m, with a depth of 20 m. The total number
of seismic sources was set to 20, equally spaced. This line of
sources was in the middle of the velocity grid. This acquisition
process corresponds to a swath geometry.

B. Seismic modeling

To compute seismic wavefront propagation, the algorithm
developed by [33] with the absorbing boundary condition
was rewritten in a differentiable PyTorch framework. The 2D
acquisition geometry setting to generate P and P* includes
P =@Q =128, Ax = Az = 1 m, A = 120 absorbing
boundary cells, ¢ = 1024 ms of total simulation with a time
step At = 1 x 10~* 5. The Ricker wavelet with a frequency
of f = 12 Hz was used. The total number of shots was 10

with a separation of 12.8 m, and 128 receivers spaced 1 m
each. The final database consisted of P* € R10x1024x128 5,4
P € R10x1024x128 The 3D acquisition geometry corresponds
to a swath, whose settings include 1000 ms of total simulation,
a source Ricker wavelet with frequency of 10 Hz, a 64 x 64
grid of receivers for x and y-axis, each one spaced 10 m, with
a depth of 20 m. The total number of seismic sources was set
to 20, equally spaced. This line of sources was in the middle
of the velocity grid.

C. Evaluation metrics

To quantitatively evaluate the quality of the velocity models,
we employed the Learned Perceptual Image Patch Similarity
(LPIPS) [34], Mean Squared Error (MSE), Mean Absolute
Error (MAE), and Structural Similarity Index (SSIM) metrics
following [31]. For the reconstructed seismic signal at the
receiver’s location, we used the Peak Signal to Noise Ratio
(PSNR) and Signal to Noise Ratio (SNR) as considered in
[22], [23]]. The proposed method was compared in terms of
velocity model reconstruction with baseline patterns uniform,
random, and jittered, as well as with the end-to-end approach
presented in [22], which focuses on seismic pattern design
based on the quality of seismic shot reconstruction.

D. Implementation of an operator based on deep learning that
performs full waveform inversion to obtain P-wave velocity
models

Full-waveform inversion (FWI) is an imaging method that
uses wavefield information from seismic shot gathers to recon-
struct subsurface parameters, such as P-wave velocity [35].
FWI can be addressed by two groups of methods: physics-
based and deep learning-based. The first group relies on
computationally intensive, highly data-dependent nonlinear
optimization techniques [36]]. These methods have challenges
related to high computational cost, strong dependence on the
initial velocity model, parameterization, and objective function
[36]. The second group includes data-driven methods [37]—
[42]. The main limitation lies in their poor ability to generalize,
which depends on the size of the training dataset. Given
that seismic acquisition design depends on prior information,
which may or may not be based on previous campaigns,
and that FWI is computationally intensive, the data-driven
approach was selected for the inversion process. This is
possible due to recent advances in neural networks for full-
waveform inversion, which leverage graphics processing units
to reduce computational cost.

The following equation represents the forward process of
seismic inversion:

d = F(m), (18)

where d are the recorded data, F the forward modeling, and m
the subsurface property. The inverse process can be expressed
as:

m = F(d), (19)
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However, the operator F ! is not explicitly defined because
it corresponds to the partial differential wave equation. There-
fore, the inverse operator was approximated with a neural
network as [9], [31], [35], [37], [40]:

F '~ G, (20)

where G, represents a neural network with trainable parame-
ters w which compute the inversion process.
Implementation and training: The main goal is to find
the optimum values for w, which, given some seismic data,
compute the corresponding velocity model. Therefore the
imaging operator G,, : RM*N*O _, RPXQ This is expressed
as the following optimization process:
21

* . 1 * * 12
w' = argmin 5o 6. (P) V7.
where P* = F(V,) are the seismic shots obtained from
the acoustic modeling in the perturbed velocity models. In
this case, G, has an Attention u-net architecture [43]. It was
trained using a supervised deep learning approach, separately
for each perturbed velocity model Vo. The computational
setting involved a batch size of 16, Adam optimizer, 1 X 10~
learning rate, and 500 epochs.

E. Implementation details

The seismic pattern optimization used Adam optimizer, a
learning rate of 1 x 1073, and 5000 epochs. To ensure the
geophysical term has enough importance in the seismic design
and that the subsampling rate and loss function converge, p;
and po were set as:

1) Receivers pattern design: p; = 167°0°1% where E is
the number of epochs, and ps = 16.
2) Shots pattern design: p; = 16-0001% and p, = 16.

3) Simultaneous receivers and shots pattern design:
p1 =1, and ps = 1.

The computations for seismic pattern optimization were
performed on a graphics processing unit (GPU), specifically
an NVIDIA GeForce RTX 4070 with 12 GB of memory,
highlighting the method’s computational efficiency.

F. Geological setting of the dataset

Model A, G: exhibits lateral variations in layer thickness
and gently folded geometries. In the left-hand sector, folds are
observed in association with a reverse fault that disrupts the
continuity of the units. Velocity increases progressively with
depth, with no evidence of velocity inversion.

Model B: shows a strong structural control, where a fault
system produces horst-and-graben configurations, accompa-
nied by a syncline on the right-hand side. In the central
region, a high-displacement reverse fault causes a marked
discontinuity of the units. Velocity increases consistently with
depth, with no indication of inversion.

Model C, F: displays gentle folding in the left sector, with
moderate lateral variations in layer thickness. A fault in the
central area disrupts the lateral continuity. On the right-hand

side, a synclinal fold is identified, producing greater changes
in layer thickness. No evidence of inversion is observed.

Model D: exhibits lateral variations in layer thickness. On
the right-hand side, a low-velocity intrusive body stands out,
interrupting lateral continuity. Towards the center and left,
the units show increased deformation, with folds and subtle
changes in layer thickness. Although this inversion dominates
the right-hand region, the remainder of the model shows no
evidence of inversion.

Model E: displays anticline and syncline structures on the
left-hand side, where the units maintain good lateral continuity.
Toward the center, an almost vertical high-displacement fault
is identified. On the right-hand side, the units appear more
deformed, with greater variations in layer thickness. Velocity
increases consistently with depth, with no evidence of inver-
sion.

G. Experiment I: Receivers pattern design

This experiment evaluates imaging performance across the
baseline patterns, E2E, and the proposed method at different
acquisition rates for receiver pattern optimization. Table [I|
shows greater degradation in reconstructing and achieves
superior performance across all evaluation metrics. These
improvements are particularly notable at low acquisition rates,
where traditional patterns exhibit increased degradation in the
reconstruction of the velocity models. These results demon-
strate that optimizing acquisition through inversion-guided
learning better preserves geological structures, whereas the
other pattern designs tend to introduce spatial artifacts and
loss of detail. Qualitative results are shown in models A-
C of Fig. 3] The optimized pattern consistently preserves
layer continuity and fault boundaries, while baseline methods
exhibit spatial artifacts and structural degradation. The opti-
mized reconstructions are visually more accurate, particularly
in regions with structural curvature and discontinuities, where
the other patterns tend to fail.

H. Experiment II: Shots pattern design

This experiment aims to evaluate the reconstruction of
velocity models when seismic sources are missing. Table
shows the reconstructed metrics accuracy. The proposed
method consistently outperforms alternative strategies across
most settings, particularly in challenging acquired regimes
where v = 40% and v = 30%, demonstrating its robustness
and adaptability. While the uniform pattern yields competitive
results at higher acquisition rates, it lacks adaptability. It is
sensitive to geological complexity, which may lead to subop-
timal illumination in real-world applications. In contrast, our
method leverages velocity-model-driven learning to optimize
shot configurations, yielding more stable and generalizable
performance. The apparent advantage of uniformity in isolated
metrics does not reflect its practical limitations in complex
subsurface scenarios, where learning-based strategies like ours
better capture illumination requirements and structural vari-
ability. Fig. |3|illustrates the reconstructed velocity models for
Model D and Model E. Notably, the uniform and jittered strate-
gies exhibit symmetric or semi-regular source arrangements,
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Fig. 3. Comparison of reconstructed velocity models using different acquisition patterns—random, uniform, jittered, and the proposed optimized design—across
five structurally distinct test cases (Models A-E). Black lines represent removed receivers, and gray boxes are the removed shots.
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TABLE I
RECEIVER PATTERN DESIGN. QUANTITATIVE METRICS COMPARISON FOR THE VELOCITY MODELS A-C AT DIFFERENT UNDERSAMPLING RATES. MSE
AND MAE VALUES ARE IN THE ORDER OF X 10~ 2. BOLD NUMBERS REPRESENT THE BEST PERFORMANCE METRIC.

%y Uniform Jittered Random End-to-end ISPO (our)

LPIPS| MSE| MAE| SSIM*|LPIPS| MSE| MAE| SSIM1|LPIPS| MSE| MAE| SSIM1|LPIPS| MSE| MAE| SSIM*|LPIPS| MSE| MAE | SSIM7
90 | 0.056 0.2 3.0 0.883| 0062 0.2 31 0.878 | 0.057 0.2 3.0 0.883| 0.048 0.200 2.8 0.894 | 0.048 0.2 28 0.895
80| 0.107 0.5 40 0820 | 0.108 0.5 47 0816 | 0.106 06 47 0818 | 0.108 0.600 49 0817 | 0.092 04 41 0833
70| 0.175 1.4 7.0 0.742 | 0.184 1.6 7.6 0.727 | 0.168 1.5 7.1 0.741 | 0.178 1.600 7.5 0.733| 0.142 0.8 57 0.777
60| 0240 28 10.1 0.658 | 0.245 3.1 107 0.648 | 0.231 2.8 9.9 0.667 | 0259 4.600 12.1 0.630 | 0.180 1.3 73 0.727
50| 0280 54 139 0576 | 0294 58 146 0567 | 0278 47 13.0 0.596 | 0.318 10.100 18.0 0.528 | 0.233 2.2 9.5  0.666

TABLE II

SHOT PATTERN DESIGN. COMPARISON OF AVERAGE QUANTITATIVE METRICS FOR VELOCITY MODELS D-E AT DIFFERENT UNDERSAMPLING RATES.
MSE AND MAE VALUES ARE IN THE ORDER OF X 10~2. BOLD NUMBERS REPRESENT THE BEST PERFORMANCE METRIC.

%oy Uniform Jittered Random End-to-end ISPO (our)

LPIPS| MSE| MAE| SSIM1|LPIPS| MSE| MAE| SSIM1|LPIPS| MSE| MAE| SSIM1|LPIPS| MSE| MAE| SSIM*|LPIPS| MSE| MAE| SSIM+
90 | 0.092 0.3 32 0836 | 0.112 0.6 39 0799 | 0.114 0.5 38 0795|0139 06 42 0758 0.106 0.5 37 0.808
80| 0.076 0.8 52 0.848 | 0.101 1.4 63 0.815| 0.108 1.5 6.7 0.812] 0.117 1.2 6.8 0.802| 0.078 0.7 48 0.845
70| 0.134 14 7.7 0772 0.158 40 105 0.740 | 0.154 33 102 0.742 | 0257 16.7 23.5 0.570 | 0.134 1.8 8.0 0.774
60| 0.148 1.7 84 0749 | 0.171 45 115 0.721 | 0.170 4.1 11.5 0.721 | 0237 157 21.8 0.617 | 0.145 2.0 8.5 0.765
50| 0215 6.0 149 0.661 | 0.244 121 192 0611 | 0241 102 183 0.614 | 0336 209 28.1 0444 | 0201 4.1 129 0.681

which often yield coherent reconstructions in simpler regions
but tend to introduce velocity artifacts in more complex areas.
For instance, in Model D, these strategies produce unreal-
istically high velocity values near the surface, whereas our
method yields more accurate and plausible results. The acqui-
sition pattern learned by our method avoids purely geometric
configurations and instead strategically retains sources that
maximize subsurface illumination and reconstruction fidelity.
These results confirm that our method not only achieves
better numerical performance (as shown in Table |[I) but also
offers practical advantages in resolving fine-scale geological
features under severe undersampling, making it a robust tool
for acquisition design in real-world seismic imaging scenarios.

1. Experiment III: Simultaneous receivers and shots pattern
design

This experiment focuses on optimizing receiver and source
locations simultaneously. Table [[T]] reports quantitative results
for velocity models F and G. Among the baselines, the uniform
pattern performs well at low acquisition rates (e.g., v = 0.1),
occasionally surpassing the proposed method due to its regular
spatial coverage and reduced aliasing under mild sparsity.
This suggests that regular sampling remains effective when
sufficient measurements are available. However, as sparsity in-
creases, uniformity degrades significantly, while the proposed
method maintains consistently strong performance across all
metrics. Qualitative comparisons in Fig. [3| further highlight the
robustness of the proposed approach. For instance, in model
F, the uniform pattern overestimates layer thickness, whereas
the proposed pattern accurately preserves it. In model G, the
uniform, jittered, random, and end-to-end patterns introduce
velocity artifacts in the upper section that are absent with
the proposed strategy. This improvement may result from the
optimized pattern avoiding excessive receiver removal near
key structural transitions (e.g., between interfaces) and instead
concentrating measurements where they maximize subsurface
illumination. The proposed sampling strategy is designed to

enhance both reconstruction fidelity and target illumination
under severe data constraints.

J. Experiment IV: 3D seismic pattern design

This experiment evaluates the performance of the proposed
method for 3D seismic acquisitions. This case evaluates the
design of the 3D receiver pattern. Figure [ compares the
seismic pattern * optimized by our method with state-of-
the-art patterns: random, uniform, and jittered. The optimized
pattern tends to remove more receivers when the velocity
model has lower structural complexity. For example, in the
single-fault model, more traces are removed at the edges
since the fault runs through the entire model. The anticline
model removes fewer receivers at the center because most of
the layers can be illuminated there. The graben model is a
symmetric structure; therefore, the optimized pattern tends to
remove receivers that are homogeneously distributed across
the acquisition area.

Uniform Ours

Random

_Jittered

Model one fault

=
o
ok
<
=
©h
)
=1
=

Fig. 4. Seismic pattern design of the three 3D velocity models under study.
Single-fault and anticline models have a 20% undersampling rate, and graben
models a 50% undersampling rate. Black and white points represent the
removed and acquired receivers, respectively.
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TABLE III
SIMULTANEOUS RECEIVERS AND SOURCES PATTERN DESIGN. COMPARISON OF AVERAGE QUANTITATIVE METRICS FOR THE VELOCITY MODELS D-E AT
DIFFERENT UNDERSAMPLING RATES. MSE AND MAE VALUES ARE IN THE ORDER OF X 10~ 2. BOLD NUMBERS REPRESENT THE BEST PERFORMANCE

METRIC.
% Uniform Jittered Random End-to-end ISPO (our)
°Y(LPIPS | MSE | MAE | SSIM |LPIPS | MSE | MAE | SSIM {|LPIPS | MSE | MAE | SSIM {|LPIPS ] MSE ] MAE | SSIM T|LPIPS | MSE | MAE | SSIM T
10| 0.085 0.59 4.82 0.830 | 0.120 1.60 6.70 0.791 0.100 1.13 5.87 0.809 | 0.102 0.81 5.33 0.828 | 0.100  0.68 5.24 0.814
20| 0.182 198 953 0.698 | 0238 9.49 16.13 0.631 | 0.227 6.84 1422 0.646 | 0278 815 18.68 0538 | 0.146 1.63 796 0.755
30| 0237 4.06 13.07 0.629 | 0.275 13.04 20.09 0.571 | 0.262 9.88 17.68 0.592 | 0.328 27.04 30.08 0464 | 0.243 5.64 13.77 0.633
40| 0.283 9.38 1897 0.559 | 0.311 18.88 2570 0.494 | 0.311 18.67 2599 0.484 | 0355 29.12 3374 0387 | 0.329 20.11 27.83 0.458
50| 0.301 12.69 23.73 0.466 | 0.325 20.28 2839 0439 | 0.320 1821 27.14 0450 | 0.449 49.51 49.03 0253 | 0.274 9.69 20.18 0.519
Dense model Random Jittered Uniform Ours

Model one fault
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SSIM: 0.8266 SSIM: 0.

Fig. 5. Comparison between 3D reconstructed velocity models of uniform, random, jittered, and our optimized pattern with v = 80%. White dashed lines
represent interfaces to highlight the differences. Black and white points represent the removed and acquired receivers, respectively.

Figure [5| compares the reconstructed velocity models for a
3D case with a single fault under different acquisition patterns:
dense, random, jittered, uniform, and the proposed method.
Random, jittered, and uniform undersampling strategies fail
to accurately preserve the geometry of the cyan layer, which
appears artificially thickened and less consistent across the
fault. In contrast, the proposed method maintains the true
layer thickness and structural continuity, closely resembling
the reference model. Quantitative metrics indicate that the
optimized pattern outperforms the baseline patterns, achieving
an SSIM improvement of 0.1711.

IV. DISCUSSION

State-of-the-art approaches different from baseline patterns
include an end-to-end framework, where the optimization
of seismic patterns is carried out as follows:

- . P1 2
0%, or = argmin ——— [[Ny(M,,_(P)) — P||
6. MNO v )
+ po Lo, c € {R, P, B}.

where Ay is a reconstruction neural network with trainable
parameters ¢ with a U-net arquitecture [44]. This method
optimizes acquisition patterns based on the quality of shot
reconstruction. However, high-fidelity shot reconstruction does
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not necessarily guarantee optimal wavefield diversity or sub-
surface coverage, particularly for complex reflection events
that are critical for accurate subsurface imaging. In contrast,
the proposed method explicitly guides the pattern optimization
using a differentiable imaging operator that enforces consis-
tency in geological structures and velocity values. To ensure
that the learned pattern is also effective in signal reconstruction
or other constraints, we also propose to compare the proposed
method in a reconstruction-based approach as follows:

P G (M (P)) = Gur (P2

0%, p. = argmin

60. MNO
P2 _ 2 (23)
+3ivo WVe(Me (P)) = Pl
+p3£ca CG{R7P,B}.
Reference End-to-end HIRS (our)

velocity model

Model A
Depth (m)

Model B
Depth (m)

—
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Depth (m)

—

128
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128
Distance (m)

Distance (m)

P-wave velocitE ;m/s)

1500 4000

Fig. 6. Comparison of reconstructed velocity models using the end-to-end and
end-to-end + Proposed. Black vertical lines represent the removed receivers.

This formulation, henceforth called the hybrid imaging-
reconstruction scheme (HIRS), was computed using p; =
270165 5, = 0.05, and p3 = 10, which were selected using
the Hyperopt grid search technique delineate lateral variations
within the layers resulting velocity models, which use the opti-
mized pattern from Equations 22] and 23] as input. The pattern
optimized by end-to-end tends to produce velocity artifacts
(black boxes) and fails to delineate lateral variations within
the layers accurately. In contrast, HIRS prioritizes acquisition
geometries that better capture subsurface complexity, thereby
improving velocity model reconstruction under identical ac-
quisition constraints. Table [[V] reports the quantitative metrics
for both velocity and seismic data reconstruction.

HIRS consistently outperforms across different undersam-
pling rates, while the reconstructed data remains competitive
with the end-to-end approach. In particular, HIRS achieves
lower MSE and MAE values, as well as higher SSIM scores,
in velocity model reconstruction, indicating improved accuracy
and structural fidelity. Notably, at the most challenging acquire
ratio (7 = 0.5), HIRS reduces the MSE by nearly 66% (from
10.06 to 3.37) and the MAE by over 6 units, while increas-
ing the SSIM from 0.5278 to 0.6184. These improvements
demonstrate the method’s robustness in preserving spatial
continuity and reducing artifacts in the recovered subsurface
structures. Although the end-to-end baseline yields slightly
better results in reconstructing seismic data, particularly in
terms of SSIM and PSNR (e.g., v = 0.9), the HIRS method
provides a better trade-off by promoting more geologically
consistent velocity models. As « increases, the HIRS method
maintains stable performance on seismic data metrics while
significantly improving subsurface velocity estimation quality.
Overall, the proposed strategy regularizes seismic design by
guiding it toward acquisition patterns that not only effectively
recover missing traces but also yield superior reconstruction
of geologically meaningful velocity models. This highlights
its potential for more reliable subsurface illumination and
interpretation in seismic imaging tasks.

TABLE IV
AVERAGE QUANTITATIVE METRICS FOR END-TO-END AND HIRS
METHODS FOR THE RECONSTRUCTION OF VELOCITY MODELS AND
SEISMIC DATA. MSE AND MAE VALUES ARE IN THE ORDER OF X 1072,
BOLD NUMBERS REPRESENT THE BEST PERFORMANCE.

End-to-end velocity models End-to-end reconstructed data
%~ |LPIPS | MSE | MAE | SSIM 1 |MSE | SSIM 1T PSNR 1 SNR 1
90 | 0.048 0.20 2.85 0.894 | 0.40 0967 24.178 13.592
80 | 0.108 0.63 490 0817 | 040 0962 24.104 13.518
70 | 0.178 1.57 7.54  0.733 | 041 0955 24.002 13.416
60 | 0.259 4.61 12.08 0.630 | 0.44 0937 23729 13.143
50| 0318 1006 1798 0528 | 045 0927 23.611 13.025

HIRS (our) velocity models HIRS (our) reconstructed data
90 | 0.049 0.19 2.82 0.895 | 048 0933 23.322 12.736
80 | 0.094 0.45 428 0.832 | 071 0.762 21.555 10.969
70 | 0.159 1.04 6.32  0.758 124 0736 19.117 8.531
60 | 0.211 1.70 8.19  0.700 127 0586 18.991 8.405
50| 0.259 337 1140 0618 | 0.76 0.850 21.321 10.735

V. PLAUSIBLE SCENARIOS IN WHICH THE APPROACH OF
ISPO CcOULD BE HELPFUL TO

Seismic acquisition geometry design is fundamentally
linked to maximizing subsurface illumination while balancing
cost, practical constraints, and geological uncertainty. From
a geophysical perspective, the proposed ISPO framework
is particularly appealing because it integrates imaging con-
straints, data-driven geological variability, and source-receiver
optimization within a unified deep learning (DL) formulation.
Below, we discuss several plausible real-world scenarios in
which ISPO could provide substantial benefits for seismic
exploration and monitoring.

« Exploration in geologically complex areas with un-
certain subsurface structure. Regions characterized by
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strong lateral heterogeneity, faulting, or salt-related defor-
mation pose severe challenges for classical acquisition
design. Illumination gaps, shadow zones, and variable
reflector geometry require survey designs that can adapt
to complex structural patterns. Recent works on target-
oriented survey design underscore these challenges and
the importance of imaging-based optimization [13]]. ISPO
is well-suited for such environments because:

1) The diffusion-based perturbation model generates
geologically realistic variations around a reference
velocity model, allowing the design to be tested
against multiple plausible scenarios.

2) Imaging-guided optimization ensures that the result-
ing pattern maximizes subsurface illumination of
structures most affected by lateral variability (faults,
folds, intrusions).

3) This is particularly helpful in structurally complex
basins (e.g., accretionary wedges, fold-and-thrust
belts), where illumination varies rapidly with depth
and lateral position.

This makes ISPO a competitive alternative to compu-
tationally expensive model-based approaches (e.g., full-
wavefield migration-based design [13] or ergodic sam-
pling [|16]), especially when only approximate subsurface
information is available.

Acquisition with severe operational constraints (envi-
ronmental, social, or logistical). Field acquisition is in-
creasingly constrained by environmental protection, land
access, infrastructure, and community considerations. As
a result, irregular or sparse acquisition geometries have
become common in modern seismic programs. Tradi-
tional uniform designs often cannot be implemented in
such contexts. ISPO provides value in these scenarios
because:

1) It can optimize sparse patterns of receivers or
sources, maximizing illumination despite missing
stations.

2) The binary layer can encode forbidden zones, mak-
ing the optimization fully compliant with surface
restrictions.

3) The reconstructed velocity map performance un-
der severe subsampling (e.g., v = 30%-50%) is
consistently superior to classical jittered or random
sampling approaches (Tables I-III).

This capability aligns with modern irregular acquisition
strategies that aim to reduce costs and environmental
impact while preserving imaging quality, as highlighted
in recent surveys [15], [[16].
Frontier exploration with limited prior information.
In frontier areas—deepwater margins, remote onshore
basins, or regions with limited well control—prior ve-
locity models are often crude or incomplete. The ability
to incorporate uncertainty into survey design is therefore
essential. ISPO contributes by:
— Generating perturbed models through diffusion sam-
pling that represent plausible geological configura-
tions consistent with the available prior.

— Optimizing patterns that remain robust to variations
between the reference and actual subsurface—an
ability identified as highly desirable in DL-based
acquisition design [22].

— Reducing the risk of program failure associated with
under-illumination of critical targets by testing the
pattern against multiple synthetic subsurface scenar-
ios.

This robustness is essential when conducting reconnais-
sance seismic campaigns to delineate basin structure or
map early leads.

Seismic imaging of shallow anomalies and near-
surface complexity. Shallow gas pockets, complex
weathered layers, or low-velocity anomalies significantly
degrade seismic illumination. Several recent studies show
that acquisition geometry strongly affects near-surface
recovery and target imaging performance [12], [14]. ISPO

can help because:
— The  imaging-guided  constraint  encourages
source—receiver  arrangements that  improve

illumination of shallow anomalies.

— The framework does not strictly depend on uniform
sampling and can adapt receiver density to shallow-
layer heterogeneity.

— Perturbation-based optimization trains the pattern
across realistic shallow-layer variability, improving
robustness to uncertainties in the weathered zone.

This scenario is critical for land exploration, shallow
hazard mapping, and offshore engineering surveys.
Advantages and limitations of the imaging operator:
A key advantage of training G, on diffusion-perturbed
velocity models is that the optimized acquisition pattern
becomes robust to plausible model uncertainty, improving
structural consistency under aggressive undersampling.
In particular, this strategy stabilizes the optimization
objective and reduces sensitivity to a single deterministic
reference model. A limitation is that the learned opera-
tor inherits the support of the training distribution and
therefore may not generalize to geological configurations
far outside the reference regime. Extending generalization
across multiple geological families can be achieved by
incorporating multi-prior ensembles or broader generative
priors, although this is not the main objective of ISPO,
which targets survey design within a known exploration
setting.

Relevance of target or reference model to exploration
practice: Survey design is commonly performed using
incomplete prior information, while final high-resolution
inversion is carried out only after acquisition. ISPO fits
naturally within this workflow: it provides a principled
way to optimize acquisition under uncertainty given a
best-available prior, while remaining compatible with
downstream physics-based inversion methods (e.g., FWI
or least-squares migration) once field data become avail-
able.
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VI. CONCLUSIONS

We presented ISPO (Imaging-guided Seismic Pattern Opti-
mization), a novel deep learning-based framework for seismic
acquisition design that directly incorporates imaging fidelity
into the optimization of source and receiver geometries. Un-
like state-of-the-art methods that rely solely on signal re-
construction or heuristic design patterns, ISPO introduces an
imaging constraint and employs conditional diffusion models
to simulate realistic geological perturbations. Through exten-
sive experiments, ISPO demonstrated superior performance
in reconstructing velocity models and preserving geological
structures, even at extremely high data sparsity. These re-
sults confirm that integrating imaging-guided priors into the
acquisition design process enables more resilient, accurate,
and efficient subsurface characterization. ISPO provides a
scalable and adaptable tool for next-generation seismic survey
planning in complex geophysical conditions. Furthermore, the
incorporation of data-driven frameworks, such as the proposed
HIRS method, enables the integration of ISPO across different
tasks for seismic pattern design.
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