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ABSTRACT

Coherent noise attenuation in land seismic data is particularly
challenging, especially when dealing with ground roll. Unlike
incoherent noise, ground roll overlaps with reflections in time-
space and frequency-wavenumber domains, making it difficult
to separate them without distorting the signal. Traditional
attenuation methods often struggle with this overlap, leading
to a trade-off between preserving the reflections and effectively
reducing noise. Recent advances in deep learning offer promis-
ing alternatives, but many rely on supervised learning, which
requires a substantial amount of paired training data, which
is often unavailable in real-world scenarios. Unsupervised
approaches, although avoiding the need for labeled data,
frequently face issues such as convergence instability and
extensive parameter tuning. We develop an unsupervised
deep-learning framework for separating reflections from ground

roll to address these challenges. Our method leverages the in-
herent low-frequency bias of implicit neural representations,
which emphasizes self-similarity features during training. The
network initially learns to represent smoother, flattened events
in seismic data before focusing on features with deeper dips and
incoherent noise. To enhance the network’s ability to capture
the self-similarity of reflections, we apply a normal moveout
(NMO) correction to flatten the reflections before using the net-
work to extract these features from the NMO-corrected data. We
further incorporate a horizontal derivative regularization term
into the loss function. This term penalizes horizontal variations,
ensuring a more stable convergence and reducing the burden of
parameter tuning, thereby eliminating the need for early stop-
ping. Our approach is validated with synthetic and real land data
examples and compared against traditional f-k filtering methods.
The results demonstrate its power in effectively attenuating
noise while preserving the integrity of seismic reflections.

INTRODUCTION

Ground-roll attenuation remains a significant challenge in land
seismic data processing. Ground roll is characterized by its disper-
sive nature (Al-Husseini et al., 1981) and exhibits low frequency,
low velocity, and high amplitude, which makes it a form of coherent
noise that can overwhelm seismic records (Saatcilar and Canitez,
1988; Beresford-Smith and Rango, 1989; Linville and Meek, 1995).
This noise often dominates near-source traces, masking the weaker
reflections critical for accurate subsurface imaging. Although
acquisition techniques like the stackarray can partially reduce
ground roll (Morse and Hildebrandt, 1989), a considerable amount
typically remains on seismic records, requiring advanced signal-
processing methods for further attenuation to achieve the precise
imaging of subsurface structures.
Several techniques have been developed over time to mitigate

ground roll noise effectively. Among these, band-pass filtering is

a straightforward method, effectively separating ground roll and
primary reflections based on their frequency characteristics. For in-
stance, Saatcilar and Canitez (1988) propose distinguishing ground
roll from reflections using 1D linear frequency-modulated match
filters. Another viable approach is the implementation of an f-k fil-
ter, as demonstrated by Treitel et al. (1967) and Beresford-Smith
and Rango (1989). Alternative strategies for ground-roll attenuation
involve using different transforms, such as the S-transform (Askari
and Siahkoohi, 2008), wavelet transform (Deighan andWatts, 1997;
Wang et al., 2012; Chen et al., 2017), curvelet transform (Yarham
et al., 2006; Naghizadeh and Sacchi, 2018), and radial trace trans-
form (Henley, 2003). In addition, methods such as singular value
decomposition (SVD) filtering (Porsani et al., 2010) and matching
filtering (Jiao et al., 2015) have effectively eliminated ground roll.
However, in real data scenarios, the efficacy of transform-based
methods is often limited by the overlap between the reflections
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and ground roll within the transform domains. Furthermore, spatial
aliasing poses a significant challenge for frequency domain tech-
niques, requiring methods that tolerate aliasing.
In recent years, the application of deep learning in seismic data

processing has received substantial attention. Many applications of
deep learning to seismic data processing have been proposed, such
as the attenuation of random noise (Liu et al., 2018, 2020; Sun et al.,
2022a), simultaneous source processing (Sun et al., 2022b; Wang
et al., 2022b, 2023), and seismic interpolation (Oliveira et al., 2018;
Wang et al., 2019; Kaur et al., 2021). Deep learning methods have
also been proposed to tackle coherent noise attenuation, such as
ground roll (Li et al., 2018; Kaur et al., 2020; Liu et al., 2022, 2023a),
strong background noise interferences (Liu et al., 2023b), and multi-
ples (Wang et al., 2022a). These methodologies generally fall into
two categories: supervised and unsupervised. Supervised learning
typically necessitates a substantial amount of clean-noisy data pairs
for effective training, a challenging requirement to fulfill when
processing field seismic data. In general, the network performance
is constrained by its labels, rarely surpassing them significantly.
However, unsupervised learning methods have the advantage of
extracting the features directly from the noisy data. Nevertheless,
most unsupervised methods are tailored for handling incoherent
noise (Zhang et al., 2019; Li et al., 2024). Addressing coherent
noise through unsupervised methods poses challenges, particularly
in guaranteeing convergence (Liu et al., 2023a) and proper parameter
selection (Guo et al., 2020; Pham and Li, 2022).
The implicit neural representation (INR) method (Sitzmann et al.,

2020) has recently gained attention as a powerful signal processing
approach. It uses a multilayer perceptron (MLP) (Almeida, 2020) ar-
chitecture composed of linear layers and element-wise nonlinear ac-
tivation functions. Unlike convolutional neural networks (CNNs),
INRs are free from locality biases (Sitzmann et al., 2020), allowing
them to capture global structures in the data more effectively.
This attribute has contributed to the success of INRs across various
applications, such as surface representation (Sitzmann et al., 2020),
volume rendering (Martin-Brualla et al., 2021; Mildenhall et al.,
2021), and generative modeling (Chan et al., 2021). Similar to other
deep-learning models, INRs tend to learn low-frequency features
first, a property known as the spectral bias (Rahaman et al., 2019;
Xu et al., 2019; Yüce et al., 2022). This bias means the network tends
to capture self-similar, smoother patterns in the data before focusing
on more complex or high-frequency details (Ulyanov et al., 2018;

Zhang et al., 2021). In seismic data analysis, this results in the net-
work learning to represent flattened events, such as reflections, before
addressing features with steeper dips. Incoherent noise, being more
complex, is typically learned at subsequent stages of training. The
effective separation of reflections and noise thus relies on selecting
the appropriate point for early stopping. However, current research
still needs to fully address the challenges of determining the optimal
number of training iterations (Liu et al., 2023a).
This study presents a new, unsupervised deep-learning approach

designed to effectively separate the reflections from the ground roll
and other sources of incoherent noise in seismic data. Our method is
founded upon INR using sinusoidal activation functions, strategi-
cally harnessing the inherent low-frequency bias of INR to prioritize
learning self-similarity features present in the reflections over the
ground roll and incoherent noise. We integrate the normal moveout
(NMO) correction into our approach to flatten the reflections and
enhance the separation efficacy, thereby augmenting their self-sim-
ilarity. In addition, to prevent the network from inadvertently learn-
ing the ground roll during further training iterations, we introduce a
quadratic regularization term based on the derivative of the ex-
tracted data along the horizontal axis into the loss function. This
regularization term penalizes horizontal variations in the extracted
data, preventing the network from learning unflattened events such
as the ground roll. Through comprehensive evaluation using syn-
thetic and field data examples, our proposed method successfully
and effectively isolates the reflections from the ground roll and
other incoherent noise sources with stable convergence, preserving
the integrity of valuable reflections with minimal signal leakage.

THEORY

Implicit neural representation

INR is characterized by a pixel-wise continuous learning process
and mapping input coordinates c to the corresponding signal values
dc through gradient descent, aiming to minimize a distortion measure
such as the mean-squared error. This continuous parameterization
characteristic of INRs enables storing signals at a consistent memory
cost, irrespective of spatial resolution. This feature distinguishes
INRs from other deep-learning techniques in reconstructing high-di-
mensional seismic signals, such as 5D data, a task traditionally chal-
lenging for conventional CNNs due to a high computational cost.

Unlike other deep-learning networks, INRs
exhibit a pronounced spectral bias toward lower
frequencies, meaning the network tends to learn
self-similar, low-frequency features before captur-
ing more complex, high-frequency components.
Appropriately leveraging this bias can make INRs
effective for separating different signal compo-
nents, mainly when focusing on smooth data
structures. However, this bias toward a narrow fre-
quency range with limited resolution can restrict
the broader applicability of INRs. To address this
limitation, several methods have been developed
to extend the frequency range that INRs can re-
present while still retaining their ability to extract
self-similar features. For example, Tancik et al.
(2020) propose adding a Fourier mapping layer
before the MLP, which helps the network learn
higher-frequency components more effectively.Figure 1. An illustration of the proposed ground-roll separation method framework.
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Similarly, Sitzmann et al. (2020) suggest using an MLP with sinus-
oidal activations, which biases the network toward capturing a wider
range of frequencies. Both approaches aim to enhance the ability of
INRs to model complex, high-frequency variations in the data while
maintaining their strengths in representing the underlying structures.
The architecture of the INR with a sinusoidal activation function

can be delineated as follows:

fθðcÞ ¼ WðLÞzðL−1Þ þ bðLÞ; (1)

where

�
zð0Þ ¼ sinðω0ðWð0Þcþbð0ÞÞÞ

zðlÞ ¼ sinðWðlÞzðl−1Þ þbðlÞÞ; l¼ 1; : : : ;L−1
: (2)

Here, c represents the input coordinate to the first layer zð0Þ,
which is succeeded by multiple layers of an MLP, denoted as
zðlÞ. Each layer is defined by its respective weightsWðlÞ and biases
bðlÞ. A sinusoidal activation function is applied element-wise at
each layer l ¼ 1; : : : ; L − 1. The constant ω0 is used for parameter
rescaling at the initial stage. A larger ω0 biases the network toward
higher frequencies, effectively mitigating the low-frequency spec-
tral bias inherent in traditional neural networks.

INR for ground-roll attenuation

As previously discussed, the low-frequency bias of INRs aids in
capturing self-similarity features at early training stages, which can
be leveraged to separate reflections from the
ground roll. However, similar dips in the reflec-
tions and ground roll produce indistinguishable
features, thus complicating separation efforts
based on self-similarities. One approach is to
use an NMO correction on the common-midpoint
gather, which effectively flattens the reflections
and enhances their self-similarity. Similar tech-
niques have been used in traditional methods.
For example, Porsani et al. (2010) demonstrate
that applying the SVD method to the flattened re-
flections post-NMO correction yielded better re-
sults than the conventional f-k filter. In addition,
Chiu (2013) proposes a technique to improve
ground-roll attenuation by incorporating NMO
into multichannel singular spectrum analysis.
The final framework of our proposed method

is shown in Figure 1. We first apply the NMO
correction to the observed data dobs to flatten
the reflections. Subsequently, the NMO-cor-
rected data ~dobs are trained by the network fθ
to separate the flattened reflections from the
ground roll and all other incoherent noise. The
network fθ adopts an INR architecture based
on MLP with a sinusoidal activation function,
aiming to minimize a suitable loss function,
which will be elaborated upon subsequently. Ul-
timately, we apply the adjoint NMO correction to
revert the reflections to their original form.
Figure 2a shows a simple 2D synthetic exam-

ple featuring three reflections and a dispersive

ground roll. This example, also corrupted by incoherent noise,
includes random and erratic noise. The NMO corrected data are

Figure 2. (a) The 2D synthetic example with three reflections and a
dispersive ground roll, (b) the NMO corrected data, (c) the original
reflections, and (d) the NMO corrected reflections.

Figure 3. Reconstructed results at each stage with the l2-norm loss function.
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shown in Figure 2b. We also show the original and NMO-corrected
reflections in Figure 2c and 2d as references to evaluate the denois-
ing performance of the network.
Initially, we apply the MLP network to minimize the following

loss function:

min
θ

X
c∈C

ðfθðcÞ − ~dobsðcÞÞ2; (3)

where fθ represents the INR network parameterized by a set of
weights θ. The vector c denotes a coordinate sample of the observed

data points from the coordinate set C, and ~dobsðcÞ represents the ob-
served data amplitude value after the NMO correction at c. Figure 3
shows the learning output at each stage using the l2-norm loss func-
tion with the fixed learning rate 10−4. Initially, as shown in Figure 3,
the network focuses on extracting the flattened event. However, with
further training iterations, it progressively reconstructs the ground roll
and other noise. The results reveal that the network predominantly
extracts flattened events during the early stages while partially recon-
structing the ground roll and incoherent noise. This observation
aligns with deep image prior-based methods (Liu et al., 2023a),
wherein selecting an appropriate iteration proves challenging.
In contrast to the deep image prior, the parameter ω0 in INR func-

tions as a regulator for the initial frequency spectrum. Consequently,
adjusting the ω0 value can enhance the network’s resistance against
low-frequency ground-roll interference. Other high-frequency noise
can be eliminated similarly by biasing it toward low-frequency fea-
tures. Figure 4 shows the impact of varying ω0 on the loss curve. In
this experiment, we use a reduced learning rate of 2 × 10−5, facili-
tating the slower learning of the ground roll and noise for enhanced
observation. This is also a trick in the deep image before identifying
the optimal early stopping iterations. This figure shows that reducing
ω0 results in increased resistance to the ground roll and incoherent
noise. For example, setting ω0 equal to 5 rad/s extends a stable stage
during which the network refrains from extracting the ground roll.
This occurs because reducing ω0 narrows the network’s output di-
versity, favoring the extraction of more straightforward self-similarity
features. However, although tunning ω0 helps us to extract the reflec-
tions better, it notably slows down the convergence rate. Moreover,

although stable in a prolonged initial stage, ex-
tended training ultimately causes the network to
reconstruct the ground roll, still necessitating
the implementation of “loose” early stopping.
Figure 5 shows the progression at each stage with
ω0 ¼ 5 rad=s, highlighting the network’s gradual
learning of the ground roll, which becomes evi-
dent after approximately 5000 epochs.
To enhance our network’s robustness against

the ground roll, we draw upon the traditional
denoising methods and integrate the regulariza-
tion techniques. Given the observed data after
the NMO corrections ~dobs and the reconstructed
NMO data ~d, we formulate the denoising prob-
lem as follows:

min k ~dobs − ~dk22 þ μRð ~dÞ; (4)

where Rð ~dÞ represents the regularization term
and μ is the trade-off parameter controlling its
influence. In our context, we aim to isolate hori-
zontal reflections in the reconstructed data ~d. Ac-
cordingly, we introduce a regularization term
penalizing horizontal variations. One straightfor-
ward approach is to use a derivative operator Dx

along the horizontal offset axis x. There are two
classical methods to incorporate this operator:
using either kDxdk22 or kDxdk1. The l2-norm
transforms the problem into a typical quadrati-
cally regularized denoising problem, whereas
the l1-norm leads to the total variation solution

Figure 4. The loss versus the epochs for varying ω0 values.

Figure 5. The reconstructed results at each stage with ω0 ¼ 5 rad=s.
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(Rudin et al., 1992). In our scenario, to maintain a smooth ampli-
tude-variation-with-offset response without introducing sparsity in
the solution along the offset direction, we opt for kDxdk22. Conse-
quently, the optimization function becomes

min k ~dobs − ~dk22 þ μkDx
~dk22: (5)

Considering ~d as the reconstructed data equal to fθðcÞ, the final
loss function for the network is given by

min
θ

X
c∈C

fðfθðcÞ − ~dobsðcÞÞ2 þ μðDxfθðcÞÞ2g: (6)

Figure 6 shows the loss curve for the network with and without
the regularization term, whereas Figure 7 shows the reconstructed
results at different stages. Compared with Figure 5, we observe that
incorporating regularization enables a stable extraction of horizon-
tal reflections in much fewer iterations. Furthermore, the results are
derived using the default value of ω0 ¼ 30 rad=s from the original
SIREN network (INR with the sinusoidal activation function)
(Sitzmann et al., 2020). This underscores how regularization eases
parameter tuning and frees us from relying on specific values for ω0.
They emphasize the need to incorporate the derivative regulariza-
tion term into the network to extract flattened reflections exclu-
sively.

EXAMPLES

In this section, we conduct various tests using
synthetic and real land seismic data to demon-
strate the effectiveness of the proposed method.
Throughout the training, we use a fixed learning
rate of 10−4 for synthetic and real data examples.
Given that we are dealing with 2D data gathers,
which are relatively small in size, we apply the
gradient descent directly to the entire data set in-
stead of dividing it into smaller patches with a
mini-batch gradient descent. Posttraining, we
use the adjoint NMO correction to revert the re-
flections to their original form and compare them
with the original data to showcase the perfor-
mance in attenuating the ground roll and minimiz-
ing signal leakage. For the 2D real data examples,
we compare the proposed method with the tradi-
tional f-k filter, a frequently used method in the
industry for ground-roll attenuation due to its
effectiveness and simple implementation. In
addition, we visualize the original data and the
denoised results in the f-k domain to provide
further comparisons and insights.

Synthetic example

Simple synthetic example

We initially apply the proposed method to
separate the ground roll in the data set shown
in Figure 2a. This data set comprises three

reflections and 300 samples with a 4 ms sampling interval. In ad-
dition, it includes 100 traces with a 10 m trace interval. The ground
roll, theoretically dispersive rather than linear, exhibits different
phase velocities for each frequency (Le Meur et al., 2008). Conse-
quently, in this example, we simulate the ground roll as a dispersive
wave instead of linear events. The presence of erratic noise further
complicates the separation task. Figure 8 shows the reconstructed
reflections obtained from the NMO-corrected data in Figure 2b,
along with their associated differences compared with the original
reflections in Figure 2d. The proposed INR method successfully

Figure 6. The comparison of the loss curves with and without the
regularization term kDx

~dk22.

Figure 7. Reconstructed results at each stage with the l2-norm and regularization term.
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separates the reflections from the heavily noisy data. The absence of
visible residual reflections in the difference panel underscores the
high fidelity of our method. Subsequently, we reverse the NMO to
return the reconstructed reflections to their original domain. The
resulting output is shown in Figure 9, along with a comparison
of the errors with Figure 2c. The signal-to-noise ratio (S/N) between
the reconstructed and the original reflections is 23.2 dB. Figure 9
also shows the reconstructed reflections obtained by the f-k filter,
with the S/N equal to 6.3 dB.
We have additionally depicted the result in the f-k domain, as

shown in Figure 10. Traditional f-k filters struggle to eliminate some
of these coefficients due to the overlapping nature of the ground roll
and reflections. The aliasing ground roll also challenges many con-
ventional methods, such as Radon transforms (Turner, 1990). Fig-
ure 10b shows that the proposed method has effectively eliminated
all the f-k coefficients of the ground roll and other incoherent noise.

The complete pattern of the ground roll in Figure 10c further evi-
dences the successful separation achieved by our method.

Finite-difference synthetic data example

Subsequently, we evaluate the proposed method using a more
complex and realistic synthetic example generated via elastic wave
simulation using a finite-difference method. The velocity model in-
corporates intricate near-surface structures and heterogeneities. The
resulting data set comprises 3801 samples with a 2 ms sampling
interval. Furthermore, the data set includes 250 traces with a
32 m trace interval. The NMO-corrected shot gather is shown in
Figure 11a. Figure 11b and 11c shows the separated signal and
ground roll by f-k filter, respectively. Figure 11d and 11e shows
the separated signal and ground roll by the proposed method.
The corresponding f-k domains are shown in Figure 12. Compared
with the red rectangular area signal, the proposed method success-
fully removes the ground roll with minimal signal leakage.

Figure 8. The reconstructed results for the NMO corrected data us-
ing the proposed INR. (a) The extracted horizontal reflections and
(b) the differences relative to Figure 2d.

Figure 9. The final reconstructed reflections: (a) the reconstructed
reflections by the proposed method, (b) the differences between
(a) Figure 2c, (c) the reconstructed reflections by the f-k filter,
and (d) the difference between (c) and Figure 2c.

Figure 10. The f-k panels: (a) the original data, (b) the reconstructed
reflections by the proposed method, (c) the separated noise by the
proposed method, (d) the reconstructed reflections by the f-k filter,
and (e) the separated noise by the f-k filter.
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Real data example

In this section, we use the proposed method to eliminate the
ground roll in the real data examples, consisting of two 2D exam-
ples and one 3D example. The two 2D data sets are from the open
data from Oz Yilmaz. Before commencing network training, the
following preprocessing is performed. First, we clip the data to re-
veal deep, weak events better. Next, we mute the surface refractions
to reduce interference. Finally, we apply NMO to flatten the reflec-
tions. Then, we use our method to denoise the preprocessed data.
Notably, using NMO correction on common-shot gathers is appro-
priate primarily for geologic structures with minimal dip and is an
accepted practice in the industry (Perkins and Zwaan, 2000; Le
Meur et al., 2008).
The first shot gather, Record 06 from the Oz Yilmaz field data set,

is selected for examination. A high-amplitude ground roll signifi-
cantly contaminates the near-offset traces, obscuring the reflections,

as shown in Figure 13a. Figure 13c–13f compares the denoising
outcomes of the f-k filtering and our approach. Although f-k filtering
is effective in areas with moderate noise, it fails to adequately ad-
dress the strong noise as it blurs the near-offset reflections. In con-
trast, our method yields denoised results with clear, continuous
reflections, as shown in Figure 13e. The difference gather in
Figure 13f further confirms the high fidelity of our technique, evi-
denced by the absence of significant signal loss. Figure 14 shows
the f-k panels of the preceding comparative results. Figure 14a
shows that the reflections and ground roll are significantly aliased
and overlapping, presenting a substantial challenge for conventional
processing techniques. Comparison between Figure 14b and 14c
reveals that the cutoff region of f-k filtering is carefully selected
to reduce ringing artifacts, ensuring a fair comparison. Figure 14d
and 14e demonstrates that our proposed method effectively isolates
the reflections from the ground roll and other land noise, even in
spatial aliasing and the overlapping f-k features.
The second example, Record 26 from the Oz Yilmaz data

set, presents unique challenges. Figure 15a shows the original
common-shot gathers. Despite clipping the data, the reflections re-
main exceptionally weak, complicating their extraction via our

Figure 11. The NMO corrected synthetic example generated by the
finite-difference method; the red boxes show that our result has
less signal leakage. (a) The original data, (b) the denoised data
by the f-k filter, (c) the separated noise by the f-k filter, (d) the
denoised data by the proposed method, and (e) the separated noise
by the proposed method. Figure 12. The corresponding f-k panels for the data in Figure 11.
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method. Moreover, the f-k panel shown in Figure 16a does not
clearly differentiate between the reflections and the noise, compli-
cating the determination of the appropriate filtering boundaries.
Figure 15 shows the denoised result comparison, confirming the
previous conclusion that our method surpasses f-k filtering in pre-
serving the reflection wavefield features. This substantial enhance-
ment in the S/N is further evidenced in the f-k panels from
Figure 16, wherein our method effectively extracts the reflections
from the heavily noisy data. The signal in the red rectangular
area demonstrates that our method better preserves the continuity
of the waveforms.
The final example is a 3D field data set comprising 11 shot gath-

ers. As shown in Figure 17, each shot gather consists of 2000 sam-
ples with a sampling interval of 2 ms. The ground roll and near-
surface scattering energy dominate seismic recordings, obscuring
useful signals significantly. First, we use a semblance map to esti-
mate the reflection velocities and apply an NMO correction. We
implement a loose band-pass filter for this complex data set to at-
tenuate a portion of the ground roll while preserving the useful sig-
nal. Then, we apply the proposed method to eliminate the remaining
ground roll. This is consistent with the industrial processing of
complex data, which involves cascading several filters to eliminate
specific noise gradually. In Figure 17b, we can observe an improve-
ment in the S/N. Many reflections previously obscured by noise
have become visible with satisfactory continuity. Further examina-
tion of the noise section in Figure 17c reveals that the ground roll
and scattering have been effectively separated from the original
data. Moreover, there is no evident signal leakage, demonstrating
high-fidelity noise removal. This result verifies that our method
is applicable for effectively distinguishing the proper signals from
the ground roll in complex acquisition conditions, making it a po-
tentially robust solution for processing large-scale prestack data
with high accuracy and reliability. Figure 14. The corresponding f-k panels for the gathers presented

in Figure 13. (a) The original data (muted data), (b and c) the
denoised results and the separated ground roll by f-k filtering,
and (d) and (e) the denoised results and the separated ground roll
by the proposed method.

Figure 13. Record 06 from the Oz Yilmaz field data set, the red boxes show that our results produce more continuous reflections. (a) The
original data, (b) the muted data, (c) the denoised results by f-k filtering, (d) the differences between (b and c), (e) the denoised results by the
proposed method, and (f) the differences between (b and e).
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CONCLUSION

We present an unsupervised deep-learning approach to separate
the reflections from the ground roll and the other incoherent noise.

Figure 16. The corresponding f-k panels for the gathers presented
in Figure 15. (a) The original data (muted data), (b and c) the
denoised results and the separated ground roll by f-k filtering,
and (d and e) the denoised results and the separated ground roll
by the proposed method.

Figure 17. The 3D example: (a) the muted 3D real shot gather,
(b) reconstructed reflections, and (c) separated noise (the ground
roll and the scattering noise).

Figure 15. Record 26 from the Oz Yilmaz field data set, the red boxes show that our results produce more continuous reflections. (a) The
original data, (b) the muted data, (c) the denoised results by f-k filtering, (d) the differences between (b and c), (e) the denoised results by the
proposed method, and (f) the differences between (b and e).
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Our method capitalizes on the inherent low-frequency bias of INRs,
which can effectively extract reflections with self-similar features.
To enhance the self-similarity within the reflections, we apply NMO
corrections to flatten them. In addition, a regularization term is in-
troduced, involving the derivative of the extracted data along the
horizontal axis, ensuring robustness against unflattened events
and guaranteeing convergence. Synthetic and real data sets are used
to demonstrate the effectiveness and robustness of our proposed
method. Our method performs better than traditional approaches
like f-k filtering, particularly when reflections are aliased or weak.
In this challenging context, it successfully separates the reflections
from the ground roll while minimizing signal leakage. Future re-
search efforts will address the challenges posed by the high-ampli-
tude scattering noise associated with the ground roll around zero
offsets.
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