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ABSTRACT

Characterizing the shallow lunar subsurface is essential for future exploration activities, including landing-site assessment,
infrastructure construction and subsurface resource investigation. However, conventional seismic approaches for near-surface
characterization commonly depend on prior velocity information and assumptions regarding the geological structure, which are
difficult to constrain for legacy Apollo seismic datasets acquired with unconventional geometries. In this study, we propose a
data-driven methodology integrating spectral recomposition and neural networks (NNs) for lunar near-surface velocity-model
prediction using active-source seismic data acquired during the Apollo missions. The proposed approach reconstructs spectral
information associated with seismic wavelets linked to reflected events and incorporates this information as an additional feature
for training a fully convolutional NN. To accommodate the Apollo acquisition geometry, the seismic traces were reorganized
into combined common-receiver gathers. Synthetic datasets representative of expected lunar near-surface formations, including
unconsolidated regolith and underlying consolidated layers, were generated to train the network. The predicted velocity models
successfully reproduced the main kinematic characteristics observed in the lunar seismic data, including continuity of reflected
events and travel-time trends. Forward modelling using the reconstructed models generated synthetic seismograms consistent
with the observed Apollo seismic data, yielding low normalized root-mean-square error values. The results indicate the presence
of a shallow low-velocity regolith layer overlying a more consolidated unit, consistent with previous Apollo 16 and Apollo 17
studies. These findings demonstrate that the proposed methodology can provide physically consistent lunar near-surface velocity
models directly from seismic data, without requiring prior velocity analysis, highlighting its potential for future planetary seismic
exploration and lunar geotechnical investigations.

1 | Introduction et al. 2023a, 2023b). However, the challenge of extracting valuable

information from seismic data—such as signal parameters and

Seismic studies are essential in investigating and characteriz-
ing near-surface geological structures, which are crucial for
understanding planetary surfaces, including the Moon. On
Earth, near-surface seismic imaging has been widely applied in
environmental studies, geotechnical investigations, groundwater
exploration and engineering site characterization (e.g., Zuniga

accurate prediction of near-surface features—might become even
more challenging when applied to extraterrestrial environments
due to factors such as lower gravity and the lack of atmosphere,
which results in lower seismic attenuation compared to Earth.
This condition affects signal behaviour and interpretation but
also enables improved temporal separation of reflection events.
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original work is properly cited.

© 2026 The Author(s). Geophysical Prospecting published by John Wiley & Sons Ltd on behalf of European Association of Geoscientists & Engineers.

Geophysical Prospecting, 2026; 74:70202
https://doi.org/10.1111/1365-2478.70202

10of13


https://doi.org/10.1111/1365-2478.70202
mailto:zuniga@unifesp.br
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/1365-2478.70202
http://crossmark.crossref.org/dialog/?doi=10.1111%2F1365-2478.70202&domain=pdf&date_stamp=2026-06-05

A12 fstarii ~

A14 %

S--< 8 A16];

-

Active seismic
experiment thumper

Position 11

Z —

Lunar surface
magnetometer

- Active seismic
e Emtar package

Flag/anchor
Position 19

Radioisotopg
thzrxﬁ%}(f S Luna()r5 n':’odule
15m :
ALSEP seizrans:vlnveeler

central station”’

Heat flow
experiment

FIGURE 1 |
Apollo 16 experiment (adapted from NASA TM X-58131 1974).

Unlike terrestrial sediments, the lunar regolith is completely dry
and highly porous and therefore does not exhibit moisture-related
or atmospheric attenuation. These unique subsurface properties
include strongly unconsolidated regolith, a brecciated transition
zone, and underlying coherent basaltic bedrock with significant
acoustic impedance contrasts.

Understanding the geotechnical parameters of the lunar sub-
surface is of critical importance for future Moon exploration
missions. Establishing permanent lunar stations in underground
structures—such as lava tunnels—could provide essential pro-
tection for personnel against solar radiation and micrometeorite
impacts. Estimating the subsurface parameters with minimal
intrusion is possible through seismic methods, as demonstrated
in previous studies using both passive and active seismic sources.
The Apollo 16 acquisition geometry and experiment configura-
tion are illustrated in Figure 1. Cooper et al. (1974) and Heffels
et al. (2021) applied active-source seismic refraction methods
to estimate P-wave velocities. Larose et al. (2005) used passive
sources and seismic interferometry to retrieve surface waves
and invert them for S-wave velocity estimates. Nishitsuji et al.
(2016), Nishitsuji et al. (2020) and Imazato et al. (2023) applied

(A) Apollo Passive Seismic Experiment Network—A16 indicates the Apollo 16 mission location site. (B) Deployment configuration for

seismic interferometry to deep moonquakes and active-source
Apollo data to estimate subsurface structures and azimuthal
anisotropy. However, techniques such as critical angle (CA)
detection and phase-shift estimation, successfully applied to
Earth-based datasets (Zuniga et al. 2023a, 2023b), show promising
results for analysing unconsolidated lunar materials.

In recent years, neural networks (NNs) have become an effective
tool for extracting information from seismic data, enabling the
identification of subsurface patterns and improving imaging
in complex environments (Jia and Ma 2017; Jia et al. 2018;
Zhang et al. 2019). Leveraging the power of deep learning, NNs
have emerged as a robust tool for fast extraction of essential
insights from seismic data (Ren et al. 2020). These networks can
autonomously learn intricate patterns and relationships within
subsurface structures by analysing large volumes of seismic data,
enabling highly accurate and efficient imaging (Wrona et al.
2018; Jia et al. 2018). The ability of NNs to recognize seismic
features and distinguish signal from noise significantly enhances
the quality of near-surface seismic images, supporting precise
identification of geological features such as stratigraphic layering,
fractures and buried channels (e.g., Di et al. 2019; Klochikhina
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et al. 2020). This synergy between seismic imaging and NN
technology represents a substantial advancement in planetary
near-surface seismic exploration. Seismic attributes and data-
driven approaches have also been widely applied for subsurface
characterization and feature detection in complex environments
(Ismail et al. 2020, 2021, 2022; Gammaldi et al. 2022).

In this study, we propose a data-driven framework that combines
spectral recomposition (SR) with a fully convolutional network
(FCN) to improve near-surface seismic velocity prediction in the
lunar subsurface. The approach integrates spectral information
extracted from seismic data with deep learning techniques to
enhance the characterization of shallow geological structures.
This combination enables a more effective use of limited and
noisy seismic datasets, such as those acquired during the Apollo
missions.

The proposed approach aims to improve the prediction of near-
surface lunar features under constrained acquisition conditions,
including regolith thickness variations and shallow subsurface
structures. The lunar near-surface presents significant chal-
lenges, such as high heterogeneity, unconsolidated materials
and the absence of fluid saturation, which affect seismic wave
propagation. By integrating SR with a data-driven framework,
this study seeks to enhance the characterization of these complex
environments using limited and noisy seismic data.

The SR-FCN framework adopted in this study has been previ-
ously validated using controlled synthetic experiments, including
benchmark models such as Marmousi II (Zuniga 2024, 2026a),
which are widely used to assess seismic imaging and inversion
methods under complex geological conditions. The same frame-
work was also successfully applied to near-surface seismic data
(Zuniga 2026b). These studies demonstrated the robustness of the
approach in the presence of strong lateral heterogeneities.

In this work, we extend the application of this validated
framework to real lunar seismic data acquired during the
Apollo missions, evaluating its capability to improve near-surface
velocity characterization under constrained acquisition condi-
tions through a data-driven approach. The training dataset is
constructed based on prior 1D stratified models derived from
previous Apollo studies. However, the proposed SR-FCN work-
flow enables the prediction of laterally varying (2D) velocity
structures, extending these simplified models into more realistic
representations of the lunar near-surface.

Although the proposed framework enables the prediction of
laterally varying velocity structures, it is important to emphasize
that the present study is primarily focused on evaluating the capa-
bility of the SR-FCN workflow under constrained acquisition
conditions. The application to Apollo 16 data should therefore
be interpreted as a data-driven reconstruction guided by seismic
responses, rather than as a fully validated geological model of
lateral heterogeneity.

2 | Theory
2.1 | SR Method

SR is a signal-processing approach based on the decomposi-
tion and reconstruction of seismic waveforms in the frequency

domain (Huang et al. 1998; Castagna et al. 2003; Li et al. 2011; Cai
et al. 2013). In this study, SR is used to estimate wavelet attributes
including amplitude, peak frequency and phase.

The implementation adopted in this work follows the inversion-
based SR framework proposed by Zuniga et al. (2023a, 2023b)
and Zuniga and Priimenko (2024, 2025), in which seismic traces
are decomposed into constituent wavelets to enhance spectral
and temporal localization. The SR process reconstructs ampli-
tude, phase and arrival-time attributes in the frequency domain
using short-time Fourier transform (STFT) analysis followed by
spectral-ratio inversion (Tomasso et al. 2010; Cai et al. 2013):

d(f)~ Y R (m;. ). M

where R;(m;, f) represents the spectrum of the ith Ricker-wavelet
component. Each component is defined as

Ri(m, f)=a; 9 (m,[), 2

where a; denotes the amplitude and m; the peak frequency of the
wavelet component. The adopted Ricker spectral representation
is expressed as

B m f) = Wexp{—%}. 3

1

The inversion procedure is formulated as a least-squares opti-
mization problem in which the reconstructed spectrum is fitted
to the observed spectrum by minimizing the residual error,

min [Ir (a, m) [|3. 4)
a,m

where r(a,m) denotes the residual between the observed and
reconstructed spectra as a function of the recovered amplitudes
and peak frequencies.

The adopted Ricker-wavelet representation provides a paramet-
ric approximation of localized seismic wavelets. In field data
such as the Apollo 16 records, deviations from an ideal Ricker
wavelet may arise due to instrument response, digitization effects,
attenuation and non-stationary source characteristics. Within
the SR inversion, the Ricker model is used to approximate the
dominant spectral behaviour of localized wavelets rather than
to reproduce the exact physical waveform. Consequently, the
extracted attributes represent the effective spectral and temporal
characteristics of the seismic signal.

The SR-based analysis does not explicitly separate primary reflec-
tions from multiple-related events and diffracted wavefields.
Consequently, the extracted attributes represent the combined
seismic response of the recorded wavefield.

2.2 | FCNs for Seismic Inversion
FCNs are deep learning models designed for dense pixel-wise

prediction tasks, making them suitable for seismic inversion and
subsurface imaging (Li et al. 2019; Adler et al. 2021; An et al. 2021).
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Unlike traditional CNNs, FCNs replace fully connected layers
with convolutional operations, preserving spatial information
and enabling high-resolution output prediction.

In seismic applications, FCNs have demonstrated the capability
to capture spatial and temporal patterns in seismic data, enabling
direct mapping between seismic responses and subsurface phys-
ical properties (Li et al. 2019; Adler et al. 2021; An et al.
2021).

The architecture adopted in this study is inspired by the U-
Net model (Ronneberger et al. 2015), which has been adapted
for geophysical applications (Yang and Ma 2019). The U-Net
structure follows an encoder-decoder paradigm, where the con-
tracting path extracts hierarchical features from the input data,
and the expanding path reconstructs spatial resolution through
skip connections.

In geophysical applications, U-Net-based FCN architectures have
been applied to seismic velocity-model prediction and inversion
tasks (Yang and Ma 2019). Recent developments have explored the
integration of seismic attributes into FCN frameworks, including
SR-derived features. Previous studies (Zuniga 2024, 2026a, 2026b)
showed that incorporating wavelet-based spectral and temporal
attributes into FCN inputs improves prediction stability and
reconstruction accuracy.

3 | Method
3.1 | Apollo 16 Data and Preprocessing

The dataset used in this study corresponds to the Apollo 16
active seismic experiment (ASE), consisting of thumper-source
P-wave records acquired along a short-offset geophone array. The
data were recorded at a sampling rate of approximately 530 Hz
and digitized using a 5-bit logarithmic compression system. The
acquisition system imposes limited dynamic range and reduced
spectral resolution.

The experiment includes 19 shot locations, each recorded by three
stationary geophones, yielding a total of 57 traces. Examples of
Apollo 16 seismic records are shown in Figure 2. These data
were reorganized into three common-receiver gathers (CRGs),
each containing 19 traces. The CRGs were subsequently merged
into a single combined CRG by aligning traces according to
offset and removing redundant measurements. The resulting
dataset contains 37 traces distributed over offsets ranging from
approximately —91.44 to 91.44 m, as illustrated in Figure 3.

The preprocessing workflow included inspection for amplitude
clipping and digitization artefacts associated with the acquisition
system, median filtering for spike removal, spectral balancing,
amplitude normalization, band-pass filtering (5-80 Hz) and
segmentation into overlapping 0.5 s windows. Each trace was
normalized by its maximum absolute amplitude within the
analysis window. The complete preprocessing workflow applied
to the Apollo 16 dataset is summarized in Figure 4.

The logarithmic compression associated with the 5-bit acquisition
system implies that the recorded amplitudes do not correspond to
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FIGURE 3 | Common-receiver gather (CRG) constructed by merging
traces from multiple shot positions into a single combined common-
receiver gathers after offset alignment. The resulting dataset contains 37
traces distributed between offsets of —91.44 and 91.44 m.
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FIGURE 4 | Preprocessing workflow applied to the Apollo 16 seismic dataset. The pipeline includes data inspection for amplitude clipping and
digitization artefacts, median filtering for spike removal, spectral balancing to equalize frequency content, amplitude normalization to standardize trace

amplitudes, band-pass filtering (5-80 Hz) to suppress noise and segmentation into overlapping 0.5 s windows. These steps aim to stabilize the signal and

preserve its spectral and temporal characteristics prior to spectral recomposition (SR)-based feature extraction.
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a linear amplitude scale. No explicit decompression was applied
in this study. Consequently, the analysis focuses primarily on
relative spectral and temporal attributes, which are less sensitive
to compression-related distortions (Wood 1974).

3.2 | Synthetic Models Generation

A total of 1000 synthetic near-surface models were generated
using velocity and layer-thickness ranges consistent with Apollo
16 field conditions (Cooper et al. 1974; Sens-Schonfelder and
Larose, 2010; Heffels et al. 2021).

The models were generated by randomly sampling layer thick-
nesses (2-10 m) and P-wave velocities (100-400 m/s) on the basis
of values reported in previous lunar studies. Observed spectral
ranges, signal-to-noise conditions and first-arrival travel times
from the Apollo dataset were used to constrain the synthetic data
generation.

Each model was forward simulated using a two-dimensional
acoustic finite-difference scheme following Thorbecke and
Draganov (2011), reproducing the acquisition geometry of the
Apollo 16 dataset.

Forward modelling was performed using a two-dimensional
acoustic finite-difference scheme. The computational grid con-
sists of 300 x 200 samples (horizontal distance x depth), with
spatial sampling intervals of approximately 0.612 m horizontally
and 0.503 m in depth. The temporal discretization used a time step
of At =1x107*s, satisfying the Courant-Friedrichs-Lewy (CFL)
stability condition for the maximum modelled velocity. The total
simulation time was set to 1 s.

The finite-difference simulations were performed on a regular
computational grid, whereas the Apollo 16 field data correspond
to anon-uniform shot receiver geometry with 37 traces distributed
over offsets ranging from approximately —91.44 to 91.44 m.
Absorbing boundary conditions with sponge layers were applied
along the model edges to attenuate artificial boundary reflections.
The seismic source was represented by a Ricker wavelet with
a central frequency of 20 Hz, consistent with the effective
bandwidth of the Apollo 16 short-period seismic instruments. The
source was injected as a point source in the pressure field.

Wave propagation was simulated using a second-order finite-
difference formulation of the acoustic wave equation in time
and space. The synthetic gathers were generated by sampling
the modelled wavefield at receiver locations corresponding to
the reconstructed Apollo acquisition geometry. The resulting
synthetic traces were resampled to match the temporal sampling
of the Apollo dataset (At ~ 1.887 X 1073 s).

Noise and spectral characteristics consistent with the Apollo
dataset, including signal-to-noise variations and bandwidth limi-
tations, were incorporated into the synthetic gathers.

The Apollo 16 seismic data were used to constrain the synthetic
training models through observed spectral ranges, signal-to-noise
conditions and first-arrival travel times. Noise and bandwidth
limitations consistent with the observed data were incorpo-

rated into the synthetic gathers to reproduce the acquisition
characteristics of the Apollo dataset.

3.3 | SR-Based Feature Extraction

Following Tomasso et al. (2010), a seismic trace can be repre-
sented as a superposition of Ricker wavelets (Ricker 1953). Each
wavelet is characterized by amplitude, peak frequency and phase
attributes, which define the spectral representation of the seismic
signal.

Isolated reflection events are extracted through temporal win-
dowing and transformed into the frequency domain. A theoretical
Ricker spectrum is fitted to the observed spectrum through least-
squares inversion (Zuniga et al. 2023a). The inversion employs
a multi-start optimization strategy (Sotirov and Terlaky 2013)
initialized from multiple starting points, and the solution with the
minimum spectral misfit is selected. This inversion framework
enables the estimation of key wavelet parameters, including peak
frequency, amplitude and phase, as well as the recovery of phase
information and temporal positioning of wavelets (Zuniga et al.
2023b).

Each oscillatory component identified through the SR inversion
is assigned a temporal position. These positions are stored in
matrices in which columns correspond to seismic traces and rows
correspond to detected wavelet events. The resulting matrices are
used as input features for FCN training. Figure 5 illustrates the
identification of SR-derived wavelet events and the assignment of
their temporal positions within a representative seismic trace.

Reflection-event tracking across traces follows the methodology
proposed by Zuniga and Priimenko (2024), in which wavelets
are associated based on recovered spectral parameters. This
procedure enables automatic identification of wavelets corre-
sponding to the same reflection event within the seismic gather.
The complete SR-based wavelet tracking and automated picking
workflow is illustrated in Figure 6.

The tracking procedure requires an initial reference wavelet
identified in the first trace. Subsequent wavelets are detected
under three constraints: (1) monotonically increasing arrival
times across traces; (2) intertrace time differences constrained
within a predefined continuity window and (3) preservation
of spectral similarity based on peak frequency, amplitude and
phase.

The extracted spectral and temporal attributes are used as input
features for the FCN model. The SR-based inversion relies
primarily on relative spectral and temporal attributes, including
peak frequency, phase and arrival time, reducing sensitivity to
absolute amplitude scaling and preprocessing-related amplitude
variations.

The SR-based feature extraction does not explicitly sepa-
rate primary reflections, multiple-related events and diffracted
wavefields. Consequently, the extracted spectral and tempo-
ral attributes represent the combined seismic response of the
recorded wavefield, and multiple-related events and diffractions
may contribute to the resulting FCN input features.
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3.4 | Dataset Construction and FCN Training

A total of 1000 training samples were generated, each consisting
of an acoustic velocity model, corresponding synthetic seismic
traces and SR-derived wavelet time-position matrices.

The synthetic models were constructed using near-surface veloc-
ity and thickness ranges reported for the Apollo missions. A
representative conceptual set of near-surface models used to
guide the SR-FCN training procedure is shown in Figure 7.
Cooper et al. (1974) estimated a regolith layer with a P-wave
velocity of approximately 100 m/s and thickness of about 4 m
overlying a second layer with a velocity of 327 m/s and thickness
of 32 m. Deeper structures at depths between approximately 250
and 370 m were reported by Heffels et al. (2021). Model parameters
were randomized within these ranges to generate the synthetic
dataset.

The forward-modelling grid consists of 201 x 301 spatial elements
(horizontal distance x depth), with spatial sampling intervals of
approximately 0.612 m horizontally and 0.503 m in depth. The
seismic gathers and SR-derived feature matrices are represented
in the time-offset domain with dimensions of 401 x 301 samples
and used as FCN inputs. The FCN outputs velocity models
with dimensions of 201 x 301 samples in the depth-horizontal
domain.

After generating the synthetic gathers, the SR inversion was
applied to estimate wavelet temporal positions. These estimates
were stored as time-position matrices and paired with the corre-
sponding seismic gathers and velocity models. The final training
dataset, therefore, consists of triplets: (1) velocity model, (2)
seismic combined CRG and (3) SR-derived wavelet time-position
matrix, illustrated in Figure 8.

The network input consists of multi-channel SR-processed seis-
mic traces, whereas the output corresponds to a pixel-wise
velocity model. The dataset was divided into 80% training, 10%
validation and 10% testing subsets.

The network input consists of five channels. The first channel
corresponds to seismic amplitude data from the combined CRG,
whereas the remaining four channels correspond to SR-derived
wavelet time-position matrices. These matrices encode the tem-
poral positions of multiple detected wavelet events across the
seismic traces and are used as additional FCN input features.

The SR-derived features are incorporated through a scalar weight-
ing factor y, such that the multi-channel input tensor is defined
as: X = [A, yT,, yT,, YT, yT,], where A represents the seismic
amplitude data and T; (i = 1,...,4) denote the SR-derived wavelet
time-position matrices. In this study, y is treated as a fixed
hyperparameter selected empirically prior to training to control
the relative contribution of the SR-derived feature channels. Each
channel is normalized prior to training to ensure numerical
stability.

The FCN architecture follows an encoder-decoder structure
inspired by Yang and Ma (2019) using an enhanced U-Net
configuration, illustrated in Figure 9. The network includes
successive convolutional layers with 64, 128, 256, 512 and 1024
feature channels, combined with max-pooling and transposed-
convolution operations to capture multi-scale spatial features.
Batch normalization is applied using the mean and standard
deviation computed over each mini-batch, with a small constant
¢ added for numerical stability. A scalar weighting factor y is
introduced to control the relative contribution of the SR-derived
feature channels during training.

Training was performed using the Adam optimizer with a learn-
ing rate of 1074, batch size of 8 and early stopping criteria. The loss
function corresponds to the mean squared error (MSE) between
predicted and reference velocity models. The network output is
represented in the same spatial domain and resolution as the
target velocity models, enabling direct pixel-wise comparison
during training and evaluation.

Zero-padding is applied prior to convolutional operations to
preserve spatial information and reduce boundary effects during
feature extraction. Variations in feature-map dimensions result
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from the combined effects of padding, convolution, pooling and
upsampling operations within the encoder-decoder architecture.

A key enhancement of the proposed framework is the incorpo-
ration of SR-derived wavelet time-position matrices as additional
FCN input features (Zuniga 2024).

3.5 | Validation and Robustness Assessment

Model performance was evaluated using root-mean-square error
(RMSE) and Jaccard similarity coefficient (JSC) (Liu et al. 2021;
Gupta et al. 2022; Dong et al. 2024; Struble et al. 2020). The
trained model was tested on synthetic data outside the training
distribution and subsequently applied to the Apollo 16 dataset.

The RMSE quantifies the difference between the predicted model
(A) and the ground truth (G) and is defined as

€
MN -

i=1

RMSE = (i, j) -t (i, ), ®

M=

-
I
=N

where u(i, j) and uy(i, j) represent the predicted and reference
values, respectively, M and N denote the horizontal and vertical
model dimensions. RMSE ranges from 0 to oo, where 0 indicates
perfect agreement. Although RMSE measures the magnitude
of prediction errors, it does not explicitly account for spatial
structure or interface continuity.

The JSC measures the overlap between the ground truth (G) and
the predicted model (A), ranging from 0 (no overlap) to 1 (perfect
agreement) (Struble et al. 2020). It is defined as

IGNA| _ IGNA]

JSC = = .
IGUA| |G|+ |A|-|GNA|

(6)

Although RMSE quantifies the magnitude of prediction errors,
JSC evaluates the spatial agreement between predicted and
reference structures. However, JSC requires binarization, which
may introduce thresholding effects.

4 | Results

Figure 10A shows the near-surface velocity estimation obtained
from previous Apollo studies based on 1D models. To evaluate
the impact of the SR-derived feature channels, conventional FCN
training without the SR-derived matrices and weighting factor y
was also performed for comparison.

The prediction obtained using conventional FCN training
(Figure 10B) reproduces the shallowest layers but shows limited
resolution below approximately 60 m depth. In contrast, the
SR-FCN prediction (Figure 10C) exhibits improved continuity
of deeper interfaces and better delineation of shallow structures
between approximately 9 and 30 m depth.

The predicted models in Figure 10B,C exhibit a well-defined
shallow interface with localized lateral irregularities along the
offsets. Quantitatively, the proposed SR-FCN approach achieved
an RMSE of 0.0327 and a JSC of 0.6892, whereas the conventional
FCN training resulted in an RMSE of 0.0492 and a JSC of 0.5185.

Apparent lateral velocity variations are observed in the predicted
models. As the training dataset is based on laterally homogeneous
models, these features should be interpreted with caution.

The predicted velocity models exhibit low-velocity shallow zones
(100-200 m/s), intermediate velocity regions (250-350 m/s) and
deeper high-velocity units (>350 m/s). A shallow low-velocity
zone is observed between approximately 4 and 9 m depth,
whereas denser layers are identified down to approximately
30 m depth. Deeper features extend to approximately 100 m
depth, although resolution decreases with increasing depth due
to acquisition limitations.

To further evaluate the physical consistency of the reconstructed
velocity models, forward-modelling validation was performed
using the predicted SR-FCN velocity field. Figure 11 compares
the observed Apollo seismic gather (Figure 11A) with the syn-
thetic gather (Figure 11B) generated under acquisition conditions
consistent with the Apollo 16 experiment. The simulated data
reproduce the main travel-time behaviour and reflected-event
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continuity observed in the field data. The residual section
(Figure 11C) shows localized discrepancies, whereas the overall
agreement supports the physical consistency of the reconstructed
model. A normalized RMSE of 0.0617 was obtained between the
observed and simulated seismograms.

5 | Discussion

The lunar near-surface is characterized by highly heterogeneous
and unconsolidated materials, including dry regolith and frac-
tured basaltic units, which strongly influence seismic wave prop-
agation. The absence of fluid saturation and reduced attenuation
conditions produce reflection patterns distinct from terrestrial
environments. Although reduced attenuation improves temporal
separation of seismic events, it also alters signal characteristics
and must be considered during interpretation. In addition,
the Apollo 16 ASE presents important acquisition limitations,
including restricted offset range, sparse spatial sampling and
low dynamic range associated with 5-bit digitization (NASA TM
X-58131), making conventional inversion approaches difficult to

apply.

To address these limitations, the SR stage plays a central role in
the proposed workflow. Previous studies demonstrated the ability
of SR-based approaches to improve spectral characterization
under degraded acquisition conditions (Zuniga et al. 2023a,
2023b). This is particularly important for the Apollo dataset,
which contains quantization noise, thermal drift and amplitude
clipping. In this study, SR acts both as a feature-extraction and
signal-enhancement step, enabling more stable estimation of
wavelet parameters for FCN training.

The integration of SR-derived features into the FCN framework
improves the integration of spectral and temporal information
into the inversion process. Compared with conventional FCN
training, the SR-FCN workflow produced improved continuity of
deeper interfaces and reduced velocity smearing, as observed in

Figure 10. Similar improvements in prediction stability and recon-
struction accuracy were previously reported in SR-enhanced FCN
studies (Zuniga 2024, 2026a).

It is important to emphasize that the lateral variations observed
in the predicted velocity models are not directly constrained by
the training dataset, which is based on laterally homogeneous
(1D) models. Therefore, these variations should not be interpreted
as direct evidence of true geological heterogeneity. Instead, they
arise from the network’s response to variations in the seismic
input, including acquisition geometry, wave propagation effects
and noise characteristics. As a result, they may reflect underlying
physical relationships, although they are also influenced by data
limitations and the learning process.

The predicted velocity ranges and shallow-layer thicknesses are
broadly consistent with values reported in previous Apollo studies
(Cooper et al. 1974; Sens-Schonfelder and Larose, 2010; Heffels
et al. 2021). In particular, the shallow low-velocity zone identified
between approximately 4 and 9 m depth falls within the range
commonly associated with the lunar regolith. Although some
localized anomalies may be consistent with fractured or brec-
ciated regions in the lunar near-surface, their spatial distribution
cannot be independently validated within the scope of this study.
These localized features are illustrated in Figure 12.

Despite these improvements, the method presents limitations in
resolving deeper structures beyond approximately 100 m depth,
primarily due to the restricted offset range of the Apollo 16
experiment. Extending the acquisition geometry would likely
improve depth penetration and model reliability.

In addition, the SR-based feature extraction does not explicitly
distinguish between primary reflection events, multiple-related
events and diffracted wavefields. These wave phenomena are
incorporated together within the extracted attributes and may
influence both the spectral representation and the FCN predic-
tions.
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FIGURE 10 | Comparison of near-surface velocity models obtained
using different inversion approaches. (A) Prediction based on 1D velocity
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diffuse. (C) FCN prediction results trained with spectral-recomposition
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The results presented in this study are also limited by the two-
dimensional approximation imposed by the linear acquisition
geometry of the Apollo 16 experiment. Although this configura-
tion allows reconstruction of laterally varying structures along
the profile, it does not account for out-of-plane heterogeneities
inherent to the lunar subsurface.

Additional uncertainty may arise from preprocessing choices
and from the idealized Ricker-wavelet assumption adopted in
the SR decomposition. Filtering, spectral balancing, instrument
response, attenuation and digitization effects may influence the
recovered spectral attributes and consequently affect the FCN
inputs and predictions.

The proposed workflow offers important computational advan-
tages by avoiding global optimization procedures. Instead, the
use of multi-start local-search optimization (Sotirov and Terlaky
2013) enables efficient estimation of wavelet parameters while
maintaining stable inversion performance.
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Given the inherent non-uniqueness of seismic inversion under
limited acquisition conditions, approaches that integrate physical
constraints with data-driven methods, such as the SR-FCN
workflow, are important for producing geophysically consistent
results from degraded lunar seismic datasets.

Overall, the proposed method provides a robust framework for
reanalysing legacy lunar seismic data and provides a useful
framework for future lunar exploration, including site character-
ization, subsurface stability assessment and resource exploration.

6 | Conclusions

We proposed an alternative workflow for near-surface seismic
analysis of the Moon based on SR and FCNs. The proposed
approach uses wavelet-based SR inversion to extract spectral
and temporal attributes, including time position, peak frequency,
amplitude and phase, which are incorporated as structured
input features for FCN-based velocity prediction. Compared with
conventional FCN training, the SR-FCN workflow produced
improved continuity of deeper interfaces and reduced velocity
smearing in the reconstructed lunar near-surface models.

The predicted velocity structures are broadly consistent with
previously reported Apollo near-surface properties, although the
observed lateral variability should be interpreted with caution
due to acquisition limitations and the use of laterally homo-
geneous training models. Despite these limitations, the results
demonstrate that the proposed workflow can recover coher-
ent subsurface information from degraded lunar seismic data
acquired under restricted acquisition conditions.

Overall, the proposed methodology provides a robust and com-
putationally efficient framework for reanalysing legacy lunar
seismic datasets and offers relevant perspectives for future lunar
exploration, including near-surface characterization, subsurface
stability assessment and resource exploration.
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