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Implicit neural representations for self-supervised seismic deblending
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ABSTRACT

Blended acquisition enables near-simultaneous firing of multi-
ple shots, facilitating faster and denser seismic data collection,
which reduces acquisition time, lowers costs, and potentially
enhances subsurface illumination. However, these benefits re-
quire an additional deblending process to recover the seismic data
one would have acquired via a conventional survey. Numerous
data-driven deblending algorithms have emerged, predominantly
relying on supervised deep learning. Nevertheless, constructing
training pairs that are representative and transferable to complex
field data remains challenging. Some unsupervised methods have
been developed, but they often focus on local similarities within
individual seismic data, neglecting the continuity of seismic
wavefields and relationships between different data across the
entire data set. Implicit neural representation (INR) provides a
versatile framework for modeling continuous seismic signals
using neural network parameterized functions, capturing the

intrinsic relationships throughout the entire data set. Building
on this advantage, this study introduces INR for self-supervised
seismic deblending. Specifically, to capitalize on the prior
knowledge that desired unblended signals in nearby unblended
common-receiver gathers (CRGs) vary smoothly due to the con-
tinuity of seismic waveforms, a deep neural network is used as
an implicit function to parameterize desired unblended CRGs
with receiver indices as inputs. By leveraging the blending oper-
ator, a physics-informed training strategy is implemented to en-
force measurement consistency, enabling the trained network to
recover corresponding deblended CRGs accurately. Numerical
experiments conducted on synthetic and field data sets demon-
strate the efficacy of our approach. Compared with sparsity-pro-
moting inversion with a patched 2D Fourier transform, a widely
adopted method in the industry, and the plug-and-play method
with blind-spot networks, one of the most widely accepted
self-supervised approaches, our method shows superior perfor-
mance.

INTRODUCTION

In traditional seismic data acquisition, maintaining receivers to
register only the wavefield triggered by a single shot requires setting
relatively large intervals between adjacent shots. Such an approach
incurs substantial time costs, particularly when striving for high-den-
sity, wide-azimuth seismic data surveys. A notable enhancement in
acquisition efficiency comes in the form of blended acquisition, which
enables multiple seismic shots to approximate synchronous excitation
within a brief timeframe, thereby reducing the acquisition cycle time
and significantly cutting down costs (Berkhout, 2008; Berkhout et al.,
2008). This advancement has made remarkable strides in the realm of

seismic data acquisition. However, it comes at the expense of blending
together wavefields originating from different shots.

Presently, two approaches are used to manage blended wave-
fields. One approach involves adjusting conventional imaging and
inversion techniques to accommodate blended data (Dai et al.,
2011; Verschuur and Berkhout, 2011; Chen et al., 2017; Luo et al.,
2022). However, since most mature processing workflows are
tailored for unblended data, a more prevalent strategy is to treat in-
terference caused by other shots as blending noise and devise
deblending methods to mitigate its effects. From a mathematical
standpoint, the blending process can be represented as a linear map-
ping that transforms conventional unblended seismic data into
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observed blended seismic data using a blending operator. This
operator encompasses the firing time of shots at various positions
(Berkhout et al., 2008; Berkhout, 2013). Consequently, deblending
methods can be broadly classified into two categories based on
their utilization of the blending operator: filtering and inversion
techniques.

Filtering-based deblending methods rely on the premise that with
the use of an appropriate random dithering code in the blended ac-
quisition, the blending noise exhibits coherence in the common-
shot domain (CSD) and random distribution in other domains after
applying the adjoint of the blending operator to the observed
blended data (referred to as pseudo-deblending). In contrast, the de-
sired seismic data maintains coherence across all domains. Conse-
quently, effective filtering techniques can be used for blending noise
suppression by leveraging the distinct characteristics between de-
sired seismic data and blending noise. In these domains, widely
used methods include the median filter and its various improved
versions (Huo et al., 2012; Chen, 2015; Huang et al., 2018; Chen
et al., 2020) and prediction-error filters (Spitz et al., 2008;
Mahdad et al., 2012). In addition, rank-reduction methods (Cheng
et al., 2015; Wu and Bai, 2019) are used as filtering techniques.
Notably, filtering the sparse transform domains can be applied not
only to blended common-receiver gathers (CRGs) (Ibrahim and
Sacchi, 2014) but also to blended common shot gathers (CSGs)
(Yu et al., 2017).

Although these traditional methods have proven effective, they
often rely on manually designed filters and may struggle with com-
plex noise patterns. Deep-learning approaches have emerged as
powerful alternatives for blending noise filtering, allowing the ability
to learn intricate data representations automatically. A straightforward
approach involves training a deblending network using pseudo-de-
blending data as inputs and corresponding unblended data as labels
through end-to-end training. Advanced network architectures such as
convolutional neural networks (CNNs) (Sun et al., 2020), U-nets
(Wang et al., 2021), and transformers (Zu et al., 2022) have been ex-
plored in this context. Regarding training data sets, a common practice
involves collecting suitable field unblended seismic data from other
surveys or generating synthetic unblended seismic data for simulating
blended acquisition scenarios (Sun et al., 2020; Wang et al., 2021; Zu
et al., 2022). However, models trained on such data sets may exhibit
limited performance when applied to field blended data with distinct
or more complex characteristics. In addition, using conventional
processing workflows to deblend blended data and then using the re-
sults as training targets introduces significant computational overhead
and may compromise training quality due to residual blending arti-
facts (Sun et al., 2022). To mitigate these issues, several training data
construction strategies have been explored. One approach involves
using previously acquired unblended data from the same survey area
to construct training pairs, ensuring consistency in acquisition condi-
tions (Baardman et al., 2020). Another effective strategy is to incor-
porate unblended shot gathers acquired at the end of each sail line
during the blended acquisition process, which has been demonstrated
to be successful in blended-by-acquisition scenarios (Sun et al., 2022).
Given the similarity in features between blended CSGs and unblended
CRGs, a strategy is proposed that entails using observed blended
CSGs or pseudo-deblending data in the CSD for training, followed
by filtering in the common-receiver domain (CRD) (Xu et al.,
2022b). Furthermore, self-supervised training strategies, which solely
rely on observed blended seismic data, have been proposed for filter-

ing-based deblending methodologies (Wang et al., 2023b; Cheng
et al., 2024).

The literature demonstrates that inversion-based deblending meth-
ods consistently achieve better overall deblending quality than filter-
ing-based approaches (Ibrahim and Sacchi, 2014). The core principle
of inversion-based methods is to frame deblending as a linear inverse
problem, where the objective function is designed to minimize the
residuals between observed blended data and the estimated blended
data. However, this inverse problem is inherently underdetermined,
which necessitates carefully incorporating priors or regularization
techniques to effectively constrain the solution space and enhance
the recovery of the desired seismic data. In line with this approach,
regularization enforcing sparsity has been extensively used (Mahdad
et al., 2011; Mansour et al., 2012; Zhou et al., 2014, 2016; Li et al.,
2019; Zu et al., 2019; Kontakis and Verschuur, 2024), leveraging the
notion that useful seismic data can be represented in an auxiliary do-
main with few nonzero coefficients. This auxiliary domain can be
obtained through fixed-basis transforms, such as the Fourier trans-
form (Mahdad et al., 2011), generalized windowed transforms (Li
et al., 2019), curvelet transform (Mansour et al., 2012), and focal
transform (Kontakis and Verschuur, 2024). Alternatively, it can be
derived from a dictionary learned directly from the observed blended
data (Zhou et al., 2014, 2016; Zu et al., 2019). In addition, the low-
rank property of seismic data, after being rearranged into structured
matrix forms (e.g., Hankel matrices), has been harnessed as a regu-
larization mechanism (Cheng and Sacchi, 2015, 2016; Zu et al.,
2017). Low-rank regularization can be interpreted as imposing sparse
constraints on the singular values.

With the capacity of deep learning to extract meaningful features
from seismic data, pretrained deep neural networks are used as regu-
larization tools. For instance, a pretrained deblending network can
be incorporated into the iterative process to enhance the deblending
outcome (Zu et al., 2020). Integrating a pretrained deep Gaussian
denoiser into the plug-and-play (PnP) framework has demonstrated
very good deblending performance (Xu et al., 2022b). Using the
decoder component of a pretrained convolutional autoencoder as
a nonlinear preconditioner for the deblending problem has proven
effective (Xu et al., 2022a). Unsupervised or self-supervised deep-
learning techniques have also been applied to inversion-based de-
blending to circumvent the need for constructing training pairs. For
instance, the concept of deep image prior (DIP) has been leveraged
for deblending purposes (Xu et al., 2021). Unsupervised double-
deep neural networks have been seamlessly integrated into the iter-
ative process (Wang et al., 2023a). Furthermore, it has been illus-
trated that the pretrained Gaussian denoiser can be substituted with
a novel self-supervised blind-spot network (Luiken et al., 2024).
However, though these techniques can capture detailed patterns
within individual seismic data, they often overlook the broader re-
lationships among different data across the entire data set, which is
crucial prior information for accurate deblending.

The effectiveness of leveraging correlations between adjacent
gathers has been demonstrated in several supervised learning-based
deblending methods (Richardson and Feller, 2019; Sun, 2022; Sun
etal., 2022), motivating the development of a self-supervised strategy
that explicitly exploits such spatial dependencies. Recently, implicit
neural representations (INRs) (Sitzmann et al., 2020; Chen et al.,
2021; Mildenhall et al., 2021; Sun et al., 2021; Brandolin et al.,
2024; Li et al., 2024; Liu et al., 2024; Shen et al., 2024) have show-
cased robust capabilities in representing diverse signals. The core
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concept involves encoding temporal or spatial information of signals
through neural networks, thereby yielding corresponding signal
values based on this temporal or spatial information. Inspired by
the recent success of INRs for video (Chen et al., 2021), we further
incorporate the INR between adjacent unblended CRGs and develop
a self-supervised seismic deblending method. In essence, similar to
the strong correlation between adjacent frames in a video, seismic
data acquisition reveals a certain degree of similarity in features
among seismic records collected by adjacent receivers due to the sub-
surface’s gradual variation or overall consistency. Consequently, un-
blended CRGs can be represented as a function of receiver indices.
During training, a deep neural network is used as an implicit function
to model desired unblended CRGs, using receiver indices as inputs.
Training on individual CRGs allows the network to capture local fea-
tures within each CRG effectively. By leveraging receiver indices, the
network also learns the relationships among different CRGs, encod-
ing data set-wide similarities and acquiring the capability to represent
all CRGs. A blending operator is incorporated into the training
strategy to enforce measurement consistency. The trained network
is a surrogate for all deblended CRGs in the inference phase. It
can output the corresponding deblended CRG given the receiver in-
dex. Synthetic and field data sets are used to evaluate the performance
of the proposed method in comparison to sparsity-promoting inver-
sion with patched 2D Fourier transform, a widely used industry tech-
nique, and PnP with blind-spot networks, one of the most accepted
self-supervised approaches.

The paper is organized as follows: it begins with a detailed de-
scription of the proposed method, followed by experimental results
based on synthetic and field seismic data sets. A subsequent section
discusses the limitations of the proposed method, its connection to
the DIP approach, and the challenges associated with its application
in practical blended acquisition scenarios. This is followed by an
analysis of the computational efficiency of the proposed method.
Finally, the paper concludes the paper and outlines potential direc-
tions for future research.

METHOD
Deblending problem statement

To retrieve deblended seismic data from
blended records, it is necessary to establish a
forward model that maps unblended data to
blended data. Given the seismic geometry com-
prising various shots {s;}’", and receivers
{r;}!r,, in conventional seismic data acquisi-

Shots information in bl

blended acquisition triggers multiple shots rapidly based on a pre-
designed random dithering code. This process results in the inco-
herent superposition of wavefields from different shots, which are
subsequently recorded by the receivers. This process leads to the
incoherent blending together of wavefields from different shots,
subsequently recorded by receivers. Thus, the blended seismic
data b,, registered by receiver r; can be represented as the super-
position of all unblended data {d/, Y

n“ .
b, =Td, => T;d, )
j=1

where {I';}}2, € R/ " represents the time-shift operator, which
shifts and pads each {dy, }’ | to match the length of the blended seis-
mic data b,,. Figure 1 shows the forward model of blended acquisition.

For the blending operator I, each {I’ j};‘;l can be explicitly rep-
resented as a block matrix (Xu et al., 2022b)

r,=|1, |, 3)

where I, € R™*"s denotes an identity matrix. In addition, 0;. and
0,, represent zero matrices of dimensions c; X n; and (f —n, — c;,)
xng, respectively. The integer c;, where 0 < ¢; < (f —n,), varies
with the firing time of shot s;. It is worth noting that each
{I; };‘:, possesses the following properties:

First, for any j, the self-product of I'; satisfies the relation

— 2 —
;=070 +I; +070, =1,.

J J2 )2 s

“4)

Second, for any pair j # k, the cross-product of Iy and T'; is
given by

0 0| .
I 0 ifcp+n2c;+1

ny+cp—c;
T, = 0 I 5)
k™ n+cj—cy : :
ife,+1<c;,+n
0 0 k J t
0, otherwise
ded isiti Unblended receiver gathers Blended common shot gathers

| Firing time |

tion, the initiation of the next shot occurs only | Positions |
after all seismic waves produced by the current

shot have been completely received. Hence, a

vectorized CRG recorded by receiver r; can

be represented as \

d, =[d};dZ;...;d}], (1)

i
where {d/, }i2, represents the time series re-
corded by receiver r;, resulting from the inter-
action between seismic waves emitted from
shot s; and the subsurface, comprising n, time
samples. Although maintaining the same seis-
mic geometry as conventional acquisition,

Blending operator F

' ® —
\\\

Reshaped unblended CRGs {d, }7,  Observed blended CRGs {b, }",

i=1

Forward blending model:

rd, =b,

Figure 1. Schematic of the forward model for blended acquisition.
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Correspondingly, I' € R/*("*n:) signifies the blending operator,
constituting a horizontal stack of {I';}7*

F:[Fl,rz, ""F’h]' (6)

As a consequence of the blending effect, the blended seismic
data b,, constitutes a singular long vector of length f, where
f<(n;Xny).

The application of the adjoint of the blending operator I' to the
blended data {b, }/", is referred to as pseudo-deblending, which
generates the pseudo-deblended data as follows:

I’b, =I'Td,,

S 1]
27‘:1 Fgrjdjri

d;, +377, T ;dy,

2 n, j
di +> 000 e rIr;dy, )

S IO T, a7 + 30 T Td],

It can be observed that the result of pseudo-deblending is a com-
bination of the original CRG and the so-called blending noise.
Specifically, by combining equations 5 and 7, it becomes evident
that the blending noise on each trace, denoted as Y7, ., TTT;d/,,
is produced by extracting and rearranging specific parts of the
original CRG using ['/T ;- Studies have shown that, with a suitable
random dithering code, the blending noise appears laterally coher-
ent in the CSD but laterally incoherent in nonshot domains, such
as the CRD. Consequently, filtering-based methods can be effec-
tively applied.

Deblending by inversion

In addition to obtaining deblended data (Alrl from blended data b,
using filtering methods, the deblending process can also be cast as
an inverse problem according to equation 2, facilitating the recovery
of deblended data (i,‘ from blended data b,.. From a Bayesian per-
spective, this problem can be formulated as the following maximum
a posteriori (MAP) estimation:

~

d, = argmax log p(b,|d,,) +log p(d,), ®)

where p(b,, |d, ) represents the likelihood term and p(d,,) denotes
the prior distribution of unblended data d,,. Typically, solving the
MAP problem in equation 8 corresponds to addressing the follow-
ing optimization problem:

d, =arg r{ilin E(b,.I'd,)+ AR(d,), )

Ti

where E(b,,,I'd,,) denotes the data fidelity term, which quantifies
the difference between observed blended data b, and the result of
the blending operator I' applied to the desired d,,. The I, norm is
typically associated with Gaussian distribution, while the /; norm
corresponds to Laplace distribution. Here, R(d,,) signifies the regu-
larization term, which encapsulates the prior structures of unblended
data d,,. Given the underdetermined nature of the blending model

described in equation 2, selecting an appropriate regularization term

to confine the solution space is paramount. The term A serves as a
trade-off parameter controlling the weight of the regularization term.

Implicit neural representation for CRGs

Over the years, INR (Sitzmann et al., 2020; Chen et al., 2021;
Mildenhall et al., 2021; Sun et al., 2021; Shen et al., 2024; Li et al.,
2024; Liu et al., 2024) has garnered significant attention for its
notable performance in parameterizing various complex signals
in a self-supervised manner. The fundamental concept involves con-
tinuously representing the signal of interest as an implicit function,
which is approximated using a learnable neural network f,. By us-
ing a point-wise training scheme, the network effectively maps the
signal coordinates x € R™ to their corresponding values y € R”.
Once adequately trained, the network can be used as a proxy
for the signal, providing flexible representation capabilities in a
self-supervised manner.

Due to their resolution-agnostic nature, efficient memory usage,
ability to mitigate locality biases, and broad adaptability, multi-
layer perceptrons (MLPs) are predominantly used in implement-
ing INRs (Molaei et al., 2023). However, adopting conventional
rectified linear unit (ReLU)-based MLPs in INRs often makes
them learn low-frequency details, manifesting a phenomenon
termed spectral bias (Rahaman et al., 2019; Tancik et al., 2020).
To address this challenge, Fourier feature mapping (FFM) (Tancik
et al., 2020), which expands signal coordinates as a composite
of distinct frequency components, can be integrated before MLPs
to enhance their capability in capturing high-frequency signal
components. Furthermore, the integration of periodic activation
functions has been shown to effectively facilitate the learning
of high-frequency signal components, exemplified by the utiliza-
tion of sine functions in sinusoidal representation networks
(Sitzmann et al., 2020). In addition, augmenting the output dimen-
sionality of MLPs proves beneficial in mitigating the difficulties
encountered by INRs in learning high-frequency components
(Aftab et al., 2022). Notably, unlike point-wise INRs, in which
output values correspond to individual coordinate points, Chen
et al. (2021) propose an image-wise INR for video, termed NeRV.
This approach maps frame indices to their corresponding video
frames, demonstrating significant advantages in encoding effi-
ciency, decoding speed, and representation quality.

Most existing supervised deep-learning-based deblending meth-
ods operating on CRGs need to learn the structural features of
all CRGs from the training data and then use this knowledge to
process all CRGs. Although not explicitly stated, these methods
implicitly assume a certain degree of similarity among all CRGs.
This assumption is reasonable due to the gradual variation and
relative homogeneity of subsurface geologic structures typically ob-
served in seismic exploration. Usually, the close physical proximity
of adjacent receivers leads them to capture reflected signals from
comparable subsurface structures and layers. As a result, neighbor-
ing CRGs often exhibit more similar morphological characteristics.
However, most existing unsupervised or self-supervised deep-learn-
ing methods focus solely on local similarities within individual
CRGs, failing to exploit this prior information fully. Leveraging this
prior could potentially further enhance deblending performance.

Drawing upon the strengths of INR, we introduce a concise and
efficient method to represent CRGs, incorporating the prior knowl-
edge that adjacent CRGs share more similar features into the net-
work parameters in a self-supervised manner. Specifically, similar
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deblended CRGs. For a given receiver index {r; }}~,, the correspond-
ing deblended CRG can be generated by inferring the trained neural
network: {(i,,_ ()i

The neural network fy, shown in Figure 3, comprises an FFM
module y(7;), an MLP module M, parameterized by ), and a
convolutional decoder module D, parameterized by 6. As a result,
the network can be represented as fy(r;) = Dg, (M, (y(r;))),
where 0 = {0,,,0p}.

‘We now describe the different modules of f,. The FFM module, as
previously mentioned, enhances the capability of MLPs in capturing
high-frequency signal components (Tancik et al., 2020). More impor-
tantly, in the context of seismic deblending, FFM flexibly constrains
the correlations between CRGs across different data sets. Therefore,
we use an FFM to encode the receiver indices as follows:

to how a video is represented as a function of frame index 7 in NeRV
(Chen et al., 2021), CRGs can be represented by a neural network as
a function of the receiver index. The network f, with parameters 6
can be defined as follows:

foiri €R > d, € R, (10)
The receiver index {r;};", is derived from the actual absolute
coordinates of the receivers. The output {d, }/", represents the cor-
responding CRG. Once properly trained, the CRGs can be encoded
as follows:
d, = fo(r;)., rie{l.2,....n}. (11)
It can be seen that the network function f, maps receiver indices
to the CRGs, encoding the relevant information of all the CRGs into
the network parameters. In addition, since receivers with similar
absolute coordinates have close index values, the prior knowledge
that adjacent CRGs exhibit more similar morphological character-
istics is inherently integrated into the network parameters based on

y(ri) = [cos(w;r;), sin(w;7y), ...,
cos(wgr;), sin(wgr;)]T, (13)

where K denotes the number of frequency components, and

the receiver indices.

Inversion-based seismic deblending via
INR

Building on the preceding analysis, to ensure
that the prior knowledge of adjacent CRGs hav-
ing more similar morphological characteristics
informs the optimization process, we propose
introducing INR for CRGs to tackle the inver-
sion-based seismic deblending problem. In this
approach, deblended CRGs are reformulated as
the optimization of the neural network parame-
ters. Figure 2 provides an overview of the pro-
posed framework.

Specifically, the desired unblended CRGs
{d, }/~, are parameterized as a function of
the receiver indices by a neural network fy
with parameters 6. Furthermore, to encode the
prior knowledge of adjacent CRGs having more
similar morphological characteristics, all ob-
served blended CRGs and their corresponding
receiver indices are paired as training samples
{ri,b, }i~, and included in the training process.
Therefore, based on the formulation in equa-
tion 9 and adopting the /; norm for data fidelity
term, the inversion-based seismic deblending
optimization problem with INR for CRGs can
be expressed as

A &
6 =argmin_— " b, = fo(r);. (12)

ri=1

It should be noted that, just as in DIP (Ulyanov
et al., 2018), the explicit regularization term
R(d,,) in equation 9 is replaced by the implicit
regularization from neural network parameters
0. After obtaining the optimal neural network
parameters 0 through end-to-end training, the
neural network f;; serves as a proxy for all the

{w;:xp'}X | represents the exponential-based frequency mappings.
Given a receiver index r;, normalized between (0, 1], the output of
FFM y(r;) is fed into the subsequent neural network.

Similarity between adjacent CRGs I

Receiver indices

}«i r .ee r; eee }‘;14 ] ——|—>

141 8

|
|
|
|
| Network /5(®)
|
|
|

/ 4 I | 3
d, d, ... d dr,,,.l dr.., | {dri}le

Physics-informed training startegy:
Given observed blended CRGs {b,, }'. » and blending operator I, the following loss function is used:
A 1
O=argmin—3 [[b, ~17,() |
1

=l

Figure 2. Overview of the proposed framework.
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Figure 3. Overview of the proposed network architecture.
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The MLP module My, comprises two fully connected (FC)
layers. The number of neurons in each layer are hyperparameters
that define the model’s representative capacity. Each layer is fol-
lowed by a ReLU activation function to introduce nonlinearity
and mitigate the vanishing gradient problem. Consequently, the
mathematical representation of the MLP My, is as follows:

My, (r(r;))=d(W2-p(W,y(r;)+by)+by),  (14)

where W; and b; represent the weights and biases for the ith layer,
respectively, with i = 1, 2. And ¢(-) denotes the element-wise ReLU
activation function. The MLP module My, transforms the high-di-
mensional encoding generated by the FFM into a compact latent rep-
resentation that captures essential global features. This representation
is subsequently reshaped into a 3D feature tensor, which serves as a
coarse-resolution approximation of the CRG and acts as the initial
input to the convolutional decoder module for progressive refinement.

The convolutional decoder module Dy, is applied following the
MLP module to enhance feature map resolution and representation.
As shown in Figure 3, this module comprises a certain number of
convolutional upsampling blocks, each consisting of a convolu-
tional layer, a PixelShuffle (Shi et al., 2016) layer that effectively
rearranges the feature map’s spatial dimensions to increase resolu-
tion, and a ReLU activation function. This hierarchical design fa-
cilitates progressive refinement of spatial features while preserving
local details. The number of channels in the decoder is adjusted in
accordance with a fixed strategy: the first upsampling block retains
the same number of channels as the MLP output, while each sub-
sequent block attempts to halve the number of channels. To avoid

a)1o an T m

0.5 ul

Time (s)
o

1 64 128 192 256
Shot number

b) T T
1500 - O Conventional acquisition
(@] Blended acquisition

90 100 110

1200

300

L L L
1 64 128 192 256
Shot number

Figure 4. Tlustration of shot timing patterns for the Marmousi data
example. (a) Random dithering code applied to each shot in the blend-
ing simulation and (b) conventional and blended shot firing times.

excessively reducing the feature dimension, a minimum channel
threshold is enforced, and once this threshold is reached, all remain-
ing blocks maintain this fixed channel count. Finally, a 1 X 1 con-
volutional layer reduces the number of channels to one, generating
the single-channel CRG output.

The overall network architecture balances the expressive capacity
of global implicit representations, enabled by the FFM and MLP
modules, with the spatial modeling strengths of decoder module.
This architecture is consistently adopted across different data sets.

Once the network architecture is established, the parameters are
optimized using the Adam optimizer (Kinga and Adam, 2015), with
an initial learning rate of 5 x 10~ and a cosine annealing learning
rate schedule (Loshchilov and Hutter, 2016). Since the proposed
method is self-supervised and does not require labeled data, no val-
idation or evaluation metrics are used. Instead, an early stopping
strategy is adopted, where the network is trained for a predefined
number of epochs without intermediate validation. Upon comple-
tion of training, the deblended CRG corresponding to the specified
index is directly generated.

EXPERIMENTS

This section presents the proposed method’s deblending perfor-
mance using synthetic and field data sets featuring complex subsurface
structures. For these data sets, we simulate continuous blending with
random time dithering. In this approach, airguns towed by the acquis-
ition vessel are fired sequentially at regular time intervals, with each
shot delayed by a predefined random time. The receivers record the
seismic waves continuously, resulting in blended data {b,, }ir,, which
is the superposition of unblended data, each shifted in time according
to the applied delay. To evaluate the performance, we compare our
method with two established approaches, including the sparsity-pro-
moting inversion with patched 2D Fourier transform (Abma et al.,
2015), a widely adopted technique in industry. It is important to note
that, for this method, we follow the procedure outlined in Luiken et al.
(2024). In addition, we compare our approach with the PnP method
using blind-spot networks, referred to as SSDeblend (Luiken et al.,
2024), one of the most widely recognized self-supervised methods.

The recovery performance is quantitatively assessed using the
signal-to-noise ratio (S/N) metric, defined as

S/N = Id,,[13
/N =10log;g ———"——, 15
”dr,- - dr,”%
where ‘ir, is the deblended CRG, and d,, is the original un-
blended CRG.

In addition to S/N, f-k spectrum analysis of the deblending results
is performed to validate the proposed approach’s effectiveness
further.

The Marmousi data example

The synthetic data set is derived from the central portion of the 2D
Marmousi model, comprising 256 shots and 256 receivers. Each shot
record consists of 768-time samples with a sampling interval of 8 ms,
resulting in a total recording duration of 6.136 s per shot. The regular
shot time interval is set to half of the recording duration to simulate
continuous blending acquisition, i.e., 3.068 s. A predefined random
dithering code, ranging from —1 to 1 s and shown in Figure 4a, is
applied to introduce timing variations into the blended acquisition.
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Figure 4b shows the shot firing times in both conventional and
blended acquisition. Unlike conventional acquisition, blended ac-
quisition reduces the total acquisition time by approximately half.

Figure 5a and 5b shows the 96th unblended CRG and its corre-
sponding pseudo-deblended CRG, respectively. Figure 5c and 5d
shows the f-k spectra of the data shown in Figure 5a and 5b, respec-
tively. It is evident that in the CRG domain, blended acquisition
introduces incoherent blending noise, obscuring the useful signal’s
structural features. Similarly, Figure 6a and 6b shows the 96th un-
blended CSG and its corresponding pseudo-deblended CSG,
whereas Figure 6¢ and 6d shows their f~k spectra. In the CSG do-
main, blended acquisition causes overlapping signal energy, result-
ing in coherent artifacts in the f~k domain.

The proposed method and two comparative approaches are ap-
plied to all blended data. For the patched 2D Fourier sparse inver-
sion method, patches of size (64, 64) with an
overlap of (32, 32) samples are used, and the ini-
tial regularization parameter is set to 4, = 5.0 for a)
deblending. For the SSDeblend method, the
outer and inner iterations are set to 30 and 10,
respectively, with p = 1, denoiser epochs of
20, and a batch size of eight. For the proposed
method, 256 receivers are indexed from one to
256 and normalized to the range (0, 1]. These
indices are encoded using an FFM module with
hyperparameters K = 90 and f = 1.25, resulting
in a 180-dimensional input vector per receiver.

Time (s)

Distance (km)
2.50

entirely suppressed. Figure 9d-9f shows that the proposed method
yields the smallest residual error, highlighting its superiority. The f-
k spectra corresponding to Figure 9 are shown in Figure 10, where
the proposed method’s deblended result exhibits the closest match
to the target data. Similarly, Figure 11 shows the deblending results
of various methods for the 96th CSG, and Figure 12 shows the cor-
responding f-k spectra. It is observed that all three methods produce
acceptable deblending results, with the proposed method yielding
the smallest error, further demonstrating its effectiveness.

The Gulf of Suez data example

The Gulf of Suez field data set is used to simulate blended data.
This data set comprises 128 shot locations and 128 receivers, with a
uniform spatial interval of 12.5 m for both shots and receivers. Each

b) Distance (km) C) Wave number (km™") ) Wave number (km™")
20 10 0 1020 20 100 10 20

Frequency (Hz)
Frequency (Hz)

The MLP module comprises two FC layers:
the first projects the input to a 32-dimensional

Figure 5. CRGs from the Marmousi data example. (a) The 96th unblended CRG, (b) the
corresponding pseudo-deblended CRG, (c) f~k spectrum of the unblended CRG, and
(d) f~k spectrum of the pseudo-deblended CRG.

hidden representation using ReLU activation,
and the second generates a 10752-dimensional
output. This output is reshaped into a tensor
of size 224 X 12 x4, where 224 denotes the
number of feature channels and 12 X 4 represents
the initial spatial resolution. The resulting tensor
is passed to a convolutional decoder with three
upsampling stages, using stride settings of eight,
four, and two, respectively. These stages progres-
sively increase the spatial resolution from 12 X 4
to 96 X 32, then to 384 x 128, and finally to
768 x 256. The number of feature channels is
adjusted as follows: the first upsampling block
retains the input channel of 224, while each sub-
sequent block halves the number of channels un-

a) Dizstsaonce (km) Wave number (km™") ) Wave number (km™")

5.00 -10 0 10 20 4620 -10 0 10 20

Distance (km)
b) ’ |zs'5nc m) c)

Time (s)
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Figure 6. CSGs from the Marmousi data example. (a) The 96th unblended CSG, (b) the
corresponding pseudo-deblended CSG, (c) f-k spectrum of the unblended CSG, and
(d) f-k spectrum of the pseudo-deblended CSG.

til the minimum of 64 is reached, which is then 03
maintained in the remaining blocks. A final 1 X 1 convolutional
layer reduces the channel count from 64 to one, producing the sin- 025

gle-channel CRG output. The network is trained for 1000 epochs
with a batch size of eight. As shown in Figure 7, the training loss
indicates successful convergence.

The final S/N results are shown in Figure 8. Although all methods
achieve effective deblending, the proposed method significantly 0.1
outperforms the patched 2D Fourier sparse inversion method in
terms of S/N. In addition, it achieves comparable performance to 005
the SSDeblend method, demonstrating its superior deblending \
capability while preserving more useful signal information. Figure 9 % 20 40 60 80 1000 120 1400 1600 1800 2000
shows the deblending results of different methods for the 96th CRG. Epoch
From Figure 9a-9c, it can be observed that all three methods
successfully recover the useful signal, with blending noise almost

o
o

Loss value
o
&

Figure 7. Training loss curve of the proposed method for the
Marmousi data example.
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shot record consists of 512 time samples at a temporal interval of
4 ms, resulting in a total recording duration of 2.044 s per shot. The
regular shot time interval is set to half of the recording duration to
simulate continuous blending acquisition, i.e., 1.022 s. A predefined
random dithering code, ranging from —1 to 1 s and shown in Fig-
ure 13a, is applied to the shots. Shot firing times for conventional
and blended acquisition are shown in Figure 13b.

Figure 14a and 14b shows the 96th unblended CRG and its
corresponding pseudo-deblended CRG, respectively. Figure 14c
and 14d shows the f-k spectra of the data shown in Figure 14a
and 14b, respectively. Similar to the observations in the Marmousi
data set, blending noise in the CRD is incoherent and obscures the

CRG index
32 64 96 128 160 192 224 256

o 20 [
T
= +  Pseudo-deblending
o 151 X patched 2D Fourier sparse inversion
O  sSDeblend
Proposed method

-5

Figure 8. S/N results of different methods on all the blended CRGs
for the Marmousi data example.

Distance (km)

Figure 9. Deblending results of various methods  a) , 250
applied to the 96th CRG from the Marmousi data
example. (a) Deblended CRG obtained by patched
2D Fourier sparse inversion method, (b) deblended
CRG obtained by SSDeblend method, (c) de-
blended CRG obtained by the proposed method,
(d) difference obtained by patched 2D Fourier
sparse inversion method, (e) difference obtained
by SSDeblend method, and (f) difference obtained
by the proposed method.

Distance (km)
d) 0 2.50

structural characteristics of the useful signal. Likewise, Figure 15a
and 15b shows the 96th CSG and its corresponding pseudo-de-
blended CSG, whereas Figure 15¢ and 15d shows their f~k spectra.
It is evident that in the CSD, the overlapping shot records introduce
mutual interference.

The proposed method and two comparative approaches are ap-
plied to all blended data. For the patched 2D Fourier sparse inver-
sion method, patches of size (64, 64) with an overlap of (32, 32)
samples are used, and the initial regularization parameter is set
to 49 = 2.50 for deblending. For the SSDeblend method, the outer
and inner iterations are set to 30 and 10, respectively, with p = 1,
denoiser epochs of 20, and a batch size of eight. For the proposed
method, the 128 deployed receivers are indexed from one to 128
and normalized to the range (0, 1). These normalized indices are
encoded using the FFM module with hyperparameters K = 90
and f = 1.25, resulting in a 180-dimensional input vector for each
receiver. The MLP module comprises two FC layers: the first proj-
ects the input to a 32-dimensional hidden representation using
ReLU activation, and the second outputs a 3584-dimensional vec-
tor. This output is reshaped into a tensor of size 224 X 8 X 2, which
is then passed to a convolutional decoder consisting of six upsam-
pling stages, each with stride two. These stages progressively
increase the spatial resolution from 8 X 2 to 512 x 128. The number
of feature channels is adjusted during upsampling as follows: the first
stage retains the input channel of 224, and each subsequent stage
halves the number of channels until the minimum of 64 is reached,
which is then preserved in the remaining stages. A final 1 X 1 con-
volutional layer reduces the number of channels from 64 to 1, pro-
ducing the single-channel CRG output. The network is trained for
2000 epochs with a batch size of 32. As shown in Figure 16, the
training loss curve confirms that the model has converged stably.

Various methods are applied to all blended CRGs, and the cor-
responding S/N results are shown in Figure 17. It can be observed

b) Distance (km) c) Distance (km)
5.00 o 2.50 5.00 o 5.00
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that while the proposed method does not achieve
a higher S/N than the SSDeblend method, it out-
performs the patched 2D Fourier sparse inversion
method. Figure 18 shows the 96th deblended
CRGs obtained using different methods. Fig-
ure 18a—18c shows that although all three meth-
ods effectively suppress most of the blending
noise, the patched 2D Fourier sparse inversion
method exhibits the most residual blending noise
and introduces discontinuities in the recovered
signal. Figure 18d—18f shows that the proposed
method preserves more signal information than
the patched 2D Fourier sparse inversion method.
Although it introduces more signal distortion
compared with the SSDeblend method, the level
of distortion remains acceptable, demonstrating
the superior deblending capability of the pro-
posed approach. The f-k spectra corresponding
to Figure 18 are shown in Figure 19, further sup-
porting this observation. Figure 20 shows the
96th deblended CSGs obtained using the three
methods, whereas Figure 21 shows their corre-
sponding f-k spectra. The patched 2D Fourier
sparse inversion method causes the most signifi-
cant signal distortion. Although the proposed
method introduces slightly more signal damage
than the SSDeblend method, the results remain
comparable, validating the effectiveness of the
proposed approach in seismic deblending.

DISCUSSION

This section discusses the parameter selection
for the FFM module in the proposed method, its
connection to the DIP approach, its performance
in irregular shot-distributed blended acquisition,
and an analysis of its computational cost.

Parameter selection for FFM module

As previously discussed, we aim to use the
FFM module to encode the correlation between
unblended CRGs recorded by adjacent receivers.
To validate the feasibility of this approach,
Figure 22 shows the FFM-encoded results and
their correlation patterns for 200 CRG indices
under different parameter settings. It can be
observed that varying the number of frequency
components K and the frequency scaling factor
P leads to changes in the correlation patterns of
the FFM-encoded results. This demonstrates that
the FFM can adapt to different data sets by
adjusting its parameters, effectively capturing
data set-specific relationships. Furthermore, the
ability to reveal diverse correlation patterns high-
lights the FFM’s capability to represent all CRGs
comprehensively.

However, the correlation between adjacent
CRGs varies across different data sets, making
the optimal selection of K and f nontrivial. Taking
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Figure 10. The f-k spectra of the deblending results for the 96th CRG from the Mar-
mousi data example. (a) f~k spectrum of the deblended CRG obtained by the patched 2D
Fourier sparse inversion method, (b) f-k spectrum of the deblended CRG obtained by the
SSDeblend method, (c) f~k spectrum of the deblended CRG obtained by the proposed
method, (d) f-k spectrum of the difference obtained by the patched 2D Fourier sparse
inversion method, (e) f-k spectrum of the difference obtained by the SSDeblend method,
and (f) f-k spectrum of the difference obtained by the proposed method.
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Figure 11. Deblending results of various methods applied to the 96th CSG from Mar-
mousi data example. (a) Deblended CSG obtained by patched 2D Fourier sparse inver-
sion method, (b) deblended CSG obtained by SSDeblend method, (c) deblended CSG
obtained by the proposed method, (d) difference obtained by patched 2D Fourier sparse
inversion method, (e) difference obtained by SSDeblend method, and (f) difference ob-
tained by the proposed method.
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Figure 12. The f-k spectra of the deblending re-  a) Wave number (k) b) _ Wave numbor (™) | o Wave number ()
40

-10 0 10 20

-10 0 10

sults for the 96th CSG from the Marmousi data
example. (a) f-k spectrum of the deblended CSG
obtained by the patched 2D Fourier sparse inver-
sion method, (b) fk spectrum of the deblended a0
CSG obtained by the SSDeblend method, (c) f-k
spectrum of the deblended CSG obtained by the
proposed method, (d) f-k spectrum of the differ-
ence obtained by the patched 2D Fourier sparse
inversion method, (e) f-k spectrum of the differ-
ence obtained by the SSDeblend method, and
(f) f-k spectrum of the difference obtained by
the proposed method.
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Figure 13. Illustration of shot timing patterns for the Gulf of Suez Figure 14. CRGs from the Gulf of Suez data example. (a) The 96th
data example. (a) Random dithering code applied to each shot in the unblended CRG, (b) the corresponding pseudo-deblended CRG,
blending simulation and (b) conventional and blended shot firing (c) f~k spectrum of the unblended CRG, and (d) f~k spectrum of
times. the pseudo-deblended CRG.
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the Gulf of Suez data set as an example, Figure 23a and 23b shows
the loss curves and final S/N values obtained under different K and
settings. Although all configurations eventually converge (as indi-
cated by the negligible changes in the loss curves after 1750 epochs),
the convergence rates and final loss values exhibit noticeable
differences. Furthermore, the resulting S/N varies significantly across
different parameter choices, necessitating empirical tuning to achieve
optimal performance. This remains a practical limitation of the pro-
posed method.

Despite this limitation, we provide empirical guidelines for
selecting K and f. For data sets with more complex structures,
a larger K is generally required, but our experiments suggest that
K does not need to exceed 90. In addition, we observe that when
p exceeds 2.5, the network often struggles to converge. Based
on these findings, we recommend a practical range of § between
1.0 and 2.5.

Relation to deep image prior

DIP (Ulyanov et al., 2018) is another widely used unsupervised
method incorporating physics-informed strategies. It has been
demonstrated that a CNN-based network can recover a clean sig-
nal from a degraded one during the optimization process of
mapping random noise to the degraded signal, and it has been suc-
cessfully applied to seismic deblending (Xu et al., 2021). From the
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Figure 15. CSGs from the Gulf of Suez data example. (a) The 96th
unblended CSG, (b) the corresponding pseudo-deblended CSG,
(c) f-k spectrum of the unblended CSG, and (d) f-k spectrum of
the pseudo-deblended CSG.

perspective of INR, DIP can be regarded as an implicit function
that maps random noise to the target signal. This raises a funda-
mental question: Given the difficulty of selecting optimal FFM
parameters and the demonstrated success of DIP in encoding ran-
dom noise, is it still necessary to use an FFM module based on
receiver indices in the proposed method? To investigate this,
we retain all other components of the proposed method but replace
the encoding results of the FFM module with randomly sampled
Gaussian vectors. This results in a DIP-based variant of our
approach, termed variant-DIP (V-DIP).

It is crucial to highlight the similarities and differences between
V-DIP and the original DIP (O-DIP). The O-DIP method typically
adopts an encoder-decoder hourglass architecture, often a U-Net-
like structure. In contrast, V-DIP uses an MLP + decoder archi-
tecture. In essence, the encoder in O-DIP and the MLP in
V-DIP serve as feature encoding modules, processing the input
similarly to extract meaningful representations. This structural
similarity indicates that V-DIP can still be regarded as part of
the DIP framework. Another key distinction is the training
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Figure 16. Training loss curve of the proposed method for the Gulf
of Suez data example.
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Figure 17. S/N results of different methods on all the blended
CRGs for the Gulf of Suez data example.
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strategy. O-DIP uses a zero-shot training approach, processing
only a single instance from the data set at each training session.
In the case of seismic deblending, this corresponds to a single
CRG. In contrast, V-DIP preassigns a randomly sampled Gaussian
vector to each CRG in the data set (with the same dimensionality
as the FFM encoding output to ensure a fair comparison with the

Distance (km)

Figure 18. Deblending results of various methods  a) , 0625
applied to the 96th CRG from Gulf of Suez data °
example. (a) Deblended CRG obtained by patched

2D Fourier sparse inversion method, (b) deblended
CRG obtained by SSDeblend method, (c) de-
blended CRG obtained by the proposed method,

(d) difference obtained by patched 2D Fourier
sparse inversion method, (e) difference obtained E
by SSDeblend method, and (f) difference obtained  *
by the proposed method.
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Figure 19. The f-k spectra of the deblending re-
sults for the 96th CRG from the Gulf of Suez data
example. (a) f~k spectrum of the deblended CRG
obtained by the patched 2D Fourier sparse inver-
sion method, (b) fk spectrum of the deblended
CRG obtained by the SSDeblend method, (c) f-
k spectrum of the deblended CRG obtained by
the proposed method, (d) f~k spectrum of the dif-
ference obtained by the patched 2D Fourier sparse
inversion method, (e) f~k spectrum of the differ-
ence obtained by the SSDeblend method, and
(f) f-k spectrum of the difference obtained by
the proposed method.
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proposed method), and all CRGs participate in training simulta-
neously. This constitutes the primary difference between V-DIP
and O-DIP. However, O-DIP could also be modified to train on
all CRGs simultaneously by increasing the number of input chan-
nels. From this perspective, V-DIP can still be considered a form
of DIP.
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Figure 24a and 24b shows the loss convergence curves and final
S/N obtained using V-DIP and the proposed method on the Mar-

Performance of the proposed method in irregular
shot-distributed blended acquisition

mousi data set. Similarly, Figure 25a and 25b shows the results
for the Gulf of Suez data set. It can be observed that, compared
with V-DIP, the proposed method achieves superior deblending per-
formance, demonstrating the necessity and effectiveness of the FFM
module.

In practical blended acquisition, the shot positions are often
irregularly distributed due to terrain constraints and economic
considerations. In other words, they do not always align with a regu-
lar grid, which results in insufficient lateral continuity of CRGs and
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o, Figure 20. Deblending results of various methods
applied to the 96th CSG from Gulf of Suez data
example. (a) Deblended CSG obtained by patched
2D Fourier sparse inversion method, (b) deblended
CSG obtained by SSDeblend method, (c) de-
blended CSG obtained by the proposed method,
(d) difference obtained by patched 2D Fourier
sparse inversion method, (e) difference obtained
by SSDeblend method, and (f) difference obtained
by the proposed method.

Distance (km)

Distance (km) f)
(] 0.625 1.25

0.625 1.25

Distance (km)
d) 0 0.625 E e) 00

Wave number (km™")

a) Wave number (km™') b)
-20 0 20

Wave number (km™') C)
-20 0 20

0 20

Figure 21. The f-k spectra of the deblending re-
sults for the 96th CSG from the Gulf of Suez data
example. (a) f~k spectrum of the deblended CSG
obtained by the patched 2D Fourier sparse inver-
sion method, (b) f-k spectrum of the deblended
CSG obtained by the SSDeblend method, (c) f-k
spectrum of the deblended CSG obtained by the
proposed method, (d) f~k spectrum of the differ-
ence obtained by the patched 2D Fourier sparse
inversion method, (e) f~k spectrum of the differ-
ence obtained by the SSDeblend method, and
(f) f-k spectrum of the difference obtained by
the proposed method.
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poses significant challenges for seismic deblending. To evaluate the
capability of the proposed method in handling irregular shot-distrib-
uted blended CRGs, we conduct experiments using the Marmousi
and Gulf of Suez data sets.

First, to simulate deviations in source vessel activation positions
from a regular grid, we randomly remove 50% of the traces to gen-
erate irregular-grid CRGs. It is important to note that such devia-
tions are typically less pronounced in real-world scenarios. We then
apply continuous blending simulation to construct the blended data,
which is subsequently processed using the proposed method.

For the Marmousi data set example, Figure 26a shows an irregu-
lar-grid CRG, which serves as the target for deblending. Figure 26b
shows the corresponding pseudo-deblended CRG, whereas
Figure 26c and 26d shows the deblended CRG obtained using
the proposed method and the corresponding difference, respec-
tively. Figure 26e and 26f shows a CSG and its corresponding
pseudo-deblended CSG, respectively. Figure 26g and 26h shows
the deblended CSG obtained using the proposed method and the
corresponding difference. The results indicate that the difference
remains within an acceptable range, demonstrating the effectiveness
of the proposed method in handling irregular shot-distributed
blended acquisition. Similarly, Figure 27 shows an example from
the Gulf of Suez data set, further validating the robustness of
our approach in irregular acquisition scenarios.

Computational cost analysis

We conduct all experiments on an Intel(R) Xeon(R) Silver 4110
central processing unit (CPU) @ 2.10 GHz equipped with a single
NVIDIA GeForce RTX 3090 graphics processing unit (GPU). The
computational cost of seismic deblending algorithms can be catego-
rized into two main components: the cost of forward and adjoint
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operations using the blending operator in iterative optimization,
and the computational overhead associated with the applied priors.
Among the three methods evaluated, the SSDeblend method and the
proposed approach require network training, which incurs higher
computational costs than the patched 2D Fourier sparse inversion
method, which relies solely on patched Fourier operators.

The SSDeblend method is essentially based on the alternating
direction method of multipliers (ADMM) algorithm, which requires
solving a quadratic optimization problem and updating network
parameters iteratively. In the provided implementation (Luiken
et al., 2024), network optimization is performed on the GPU, while
all non-network computations run on the CPU. This leads to slow
computations on the CPU and additional overhead from CPU-GPU
data transfer. Empirically, we found that the computational time of
the SSDeblend method is significantly affected by the CRG size.
For the Marmousi and Gulf of Suez data sets, the processing times
are approximately 2007 and 142 min, respectively. Notably, while
the data volume approximately doubles, the computational time in-
creases by a factor of 15, which suggests that the method exhibits a
nonlinear scalability issue, likely due to memory access inefficien-
cies and increased iteration complexity.

In contrast, the proposed method leverages a blending-operator-
informed training strategy and fully uses GPU computations, result-
ing in significantly lower computational costs than the SSDeblend
method. The processing times for the Marmousi and Gulf of Suez
data sets are approximately 306 and 104 min, respectively.

Our proposed method requires significantly less GPU memory
than SSDeblend. Taking the Marmousi data set as an example,
the SSDeblend method consumes 23,785 MiB, whereas our method
only requires 2992 MiB, demonstrating a significant reduction in
memory footprint.
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Limitation of shot firing time accuracy

In the proposed self-supervised framework, the blending operator
is constructed based on the assumed accurate shot firing time, which
plays a critical role in enforcing measurement consistency during
network training. Although shot timing information is generally
well recorded, it may still be partially missing or inaccurate in cer-
tain challenging acquisition scenarios due to factors such as clock-
ing errors or field operational delays (Chen et al., 2023). If the

V629

provided timing information deviates from the actual shot schedule,
the blending operator used in training may not faithfully reflect the
true blending process, which can lead to degraded deblending per-
formance. Therefore, while the method does not require unblended
data for training, it relies on the availability and accuracy of shot
time metadata. Future work may explore strategies to improve ro-
bustness against shot timing uncertainty, such as incorporating tim-
ing estimation or adopting data-driven approaches to infer blending
patterns.

Figure 23. Loss curves and final S/N values for ~ 8)°®

the Gulf of Suez data example under different f
and K settings in FFM module. (a) Loss curves
under different § and K settings and (b) final S/
N values under different # and K settings. 01
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Figure 24. Loss curves and final S/N obtained using V-DIP and the
proposed method on the Marmousi data example. (a) Loss curves
and (b) final S/N values.
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Figure 25. Loss curves and final S/N obtained using V-DIP and the
proposed method on the Gulf of Suez data example. (a) Loss curves
and (b) final S/N values.
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Figure 26. Deblending results of the proposed method on the irregular shot-distributed
Marmousi data example. (a) An unblended CRG, (b) the corresponding pseudo-de-
blended CRG, (c) the deblended CRG obtained using the proposed method, (d) differ-
ence between the unblended and deblended CRG, (e) an unblended CSG, (f) the
corresponding pseudo-deblended CSG, (g) the deblended CSG obtained using the pro-
posed method, and (h) difference between the unblended and deblended CSG.
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Figure 27. Deblending results of the proposed method on the irregular shot-distributed
Gulf of Suez data example. (a) An unblended CRG, (b) the corresponding pseudo-
deblended CRG, (c) the deblended CRG obtained using the proposed method, (d) differ-
ence between the unblended and deblended CRG, (e) an unblended CSG, (f) the
corresponding pseudo-deblended CSG, (g) the deblended CSG obtained using the
proposed method, and (h) difference between the unblended and deblended CSG.

ment consistency, thereby improving the accuracy
of the deblended CRGs. Numerical experiments
on synthetic and field data sets demonstrated
that the proposed method outperforms the patched
2D Fourier sparse inversion method and
achieves comparable deblending performance to
the SSDeblend method. Notably, the proposed
method operates self-supervised, eliminating the
need for labeled training data. This characteristic
makes it particularly advantageous for large-scale
applications, where a small subset of data can be
initially processed to generate training pairs. It can
then train a superior network architecture with a
supervised learning strategy. By leveraging the
rapid inference capability of supervised deep
learning, the remaining data set can be processed
more efficiently, significantly accelerating the de-
blending workflow. Moreover, the current study
focuses on 2D seismic deblending and assumes
that noise components such as direct waves and
random noise have been effectively suppressed
before deblending. Future work will extend the
proposed approach to 3D seismic deblending
while accounting for the presence of noise, further
enhancing its applicability to real-world seismic
data processing.
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