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Abstract
Multiple attenuation is an important step in seismic data processing, leading to improved

imaging and interpretation. Radon-based algorithms are commonly used for discrimi-

nating primaries and multiples in common depth point seismic gathers. This process

implies a large number of parameters that need to be optimized for a satisfactory result.

Moreover, Radon-based approaches sometimes present challenges in discriminating pri-

maries and multiples with similar moveouts. Deep learning, based on convolutional

neural networks, has recently shown promising results in seismic processing tasks that

could mitigate the challenges of conventional methods. In this work, we detail how

to train convolutional neural networks with only synthetic seismic data for assessing

the demultiple problem in field datasets. We compare different training strategies for

multiples removal based on different loss functions. We evaluate the performance of

the different strategies on 400 clean and noisy synthetic data. We found that training a

convolutional neural network to predict the multiples and then subtracting them from

the input image is the most effective strategy for demultiple, especially for noisy data.

Finally, we test our model to predict multiples on an elastic synthetic dataset and four

distinctive field datasets. Our proposed approach reports successful generalization capa-

bilities predicting and eliminating internal and surface-related multiples before and after

migration while mitigating Radon challenges and relieving the user from any manual

tasks. As a result, our effectively trained models bring a new valuable tool for seismic

demultiple to consider in existing processing workflows.

K E Y W O R D S
data processing, deep learning, demultiple, multiples, noise, seismic

INTRODUCTION

In conventional seismic processing, only primary reflections
are used for imaging the Earth’s interior. Multiple reflec-
tions are therefore considered coherent noise. The presence
of multiple reflections can severely impact the accuracy and
reliability of seismic interpretation, making demultiple an
essential process in various applications, including sedimen-

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original
work is properly cited.
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tary and tectonic interpretation, hydrocarbon exploration and
reservoir characterization (Oz, 2001).

Multiple attenuation methods are traditionally divided
into two main categories (Vershuur, 2013): (1) methods
based on periodicity and predictability and (2) separation
based on transform domains. Predictability-based methods
exploit the repetitive nature of multiples and their con-
nection to primaries. These methods typically involve a
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prediction–subtraction workflow, where predicted multiples
are subtracted from the data. Some widely used techniques
include the wavefield extrapolation method (Wiggins, 1998,
1999) and surface-related multiple elimination (SRME)
(Vershuur, 2013; Verschuur et al., 1999). These methods are
known for effectively suppressing water bottom multiples.
However, they are computationally demanding, require dense
seismic acquisition, need quality near-offset data or must rely
on data interpolation techniques (Vershuur, 2013). On the
other hand, separation-based methods transform seismic data
into intermediate domains that allow better discrimination
of multiples and primaries than in the regular time-offset
domain, enabling the selective elimination of multiples. One
widely used approach is the Radon transform (RT), which
maps common depth point gathers (CDP) from time-offset
to the Radon domain where seismic events with different
moveouts can be discriminated and then back-transformed
(Beylkin, 1987; Hampson, 1986). A general challenge of this
method is that the RT operator is not orthogonal; therefore,
the forward and inverse mapping without data loss is not triv-
ial (Trad et al., 2003). Parabolic RT addresses this problem by
fitting the data with a combination of parabolic events, where
the Radon domain is optimized to reconstruct the original
data in the least square sense (Hampson, 1986). This method,
however, presents challenges when discriminating events
with similar moveouts due to low resolution in the Radon
domain. RT discrimination also may introduce artefacts due
to possible sharp cutoffs in the transform domain. Several
variants of the RT have been proposed to overcome these
challenges. High-resolution RT is achieved by stochastic
inversion in the time domain (Thorson & Claerbout, 1985),
or the frequency domain by sparse inversion (Sacchi &
Ulrych, 1995) or mixed time-frequency methods (Lu, 2013;
Trad et al., 2003). Nonetheless, its application is difficult due
to the sensitivity of the hyperparameter search needed for
optimal results (Trad et al., 2003). Additionally, parabolic RT
assumes that the seismic events follow an idealized parabolic
pattern and do not account for deviations from it, often
present in field data. Analogous problems are encountered
when linear (Abbasi & Jaiswal, 2013; Vershuur, 2013; Taner,
1980) or hyperbolic RT (Vershuur, 2013; Foster & Mosher,
1992) are used. Another practical limitation of RT methods
is that the cutoff function that discriminates multiples and
primaries in the Radon domain is usually calculated by one
reference CDP. This function might not be optimal across all
CDP gathers, requiring a mute definition in several reference
CDPs with interpolation between them.

Machine learning (ML) methods are data-driven methods
that learn to solve a task by extracting information from
data without being explicitly programmed (Goodfellow et al.,
2016a; LeCun et al., 2015). Deep learning (DL), based on
convolutional neural networks (CNNs), is an ML method
that uses multiple layers to extract progressively abstract fea-

tures of the data (Goodfellow et al., 2016a; LeCun et al.,
2015). DL has recently obtained successful results in sev-
eral computer vision tasks such as image restoration (Isola
et al., 2016; Ulyanov et al., 2017), image generation (Good-
fellow et al., 2016b), classification (Krizhevsky et al., 2012;
LeCun et al., 1998), among others. The success in this field
and their similarity to some of the seismic challenges have
created a new venue of research for applying DL to seis-
mic problems (Mousavi et al., 2024; Harsuko & Alkhalifah,
2022). In particular, DL approaches have shown an alterna-
tive solution for seismic processing tasks such as interpolation
(Chai et al., 2020; Fernandez et al., 2022c, 2022b; Mandelli
et al., 2019), denoising (Birnie et al., 2021; Qiu et al., 2022;
Zhang et al., 2019), deblending (Shirui et al., 2021), ground-
roll attenuation (Guo et al., 2020; Kaur, Fomel, et al., 2020),
velocity picking (Wang et al., 2021), dispersion curve estima-
tion (Chamorro et al., 2023), among others. For the demultiple
problem, supervised DL has shown alternative solutions to
the conventional approaches, mitigating challenges in tradi-
tional methods. Considering shot/receiver seismic gathers, a
DL model has been trained for performing the adaptive sub-
traction of surface-related multiples required in the SRME
method (Li & Gao, 2020; Zhang et al., 2021) or to recon-
struct near-offset data needed to improve SRME performance
(Qu et al., 2021). Also, a DL network has been proposed to
approximate the estimation of primaries by a sparse inversion
algorithm to eliminate surface-related multiples (Siahkoohi
et al., 2019). Alternative solutions with DL methods were
also proposed for demultiple based on move-out discrimi-
nation in CDP seismic gathers. A CNN has been trained to
compute the hyperbolic Radon transform for separating mul-
tiples and primaries in the CDP (Kaur, Pham, et al., 2020).
Also, CNNs have been trained to predict primaries for a
given input CDP with primaries and residual multiples in
post-migrated seismic data (Breuer et al., 2020; Bugge et al.,
2021; Durall et al., 2022; Fernandez et al., 2023a). Addi-
tionally, other methods for training CNNs were applied for
demultiple in post-migrated CDP gathers, such as generative
adversarial networks (Fernandez et al., 2023b), and diffu-
sion models (Durall et al., 2023). The main advantage of DL
methods for multiple attenuation is that parameters of the
CNNs are trained once during the training phase, resulting in a
parameter-free user-friendly approach during inference time,
reducing computational time and time-consuming manual
tasks, that is, picking the mute function in the Radon domain
and searching for optimal parameters. However, to the best of
our knowledge, previous studies of DL for seismic demulti-
ple on CDP gathers only consider the case of post-migrated
data, where some demultiple processing was already applied.
Also, previous studies consider the prediction of primaries but
do not investigate multiple prediction or joint multiple and
primary prediction.
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TOWARDS DEEP LEARNING FOR SEISMIC DEMULTIPLE 1187

In this paper, we tackle the seismic demultiple problem in
normal moveout corrected CDP gathers by leveraging a super-
vised DL model. Our goal is to obtain a DL model, allowing
direct application of surface-related and internal multiple
attenuation to many different field datasets. We first describe
the process of constructing a synthetic dataset tailored for the
seismic demultiple task of a wide range of field applications.
We then perform an extensive evaluation of various training
strategies, emphasizing the significant impact of different loss
functions on model performance, in particular for different
kinds of noisy data. Using our preferred learning strategy,
we show that a single U-Net network, trained in a super-
vised manner with only synthetic data, can generalize across
diverse field datasets, effectively predicting and eliminating
surface-related and internal multiples, both pre- and post-
migration. Additionally, we compare the efficiency of our
U-Net model with traditional seismic demultiple-processing
workflows, including SRME, parabolic Radon transform, and
linear Radon transform. Lastly, we discuss the advantages and
limitations of employing this DL approach for seismic demul-
tiple, providing a comprehensive analysis of its potential in
practical applications.

METHODOLOGY

In this section, we describe our seismic demultiple method-
ology with supervised deep learning. We first detail the
process of building synthetic training data for seismic demul-
tiple based on moveout discrimination in normal moveout
(NMO)-corrected common depth point (CDP) gathers. Then,
we describe different strategies for multiple attenuation based
on different training loss functions. Finally, we discuss the
choice of our neural network architecture.

Training data

Training data is a fundamental aspect of supervised deep
learning applications. In the demultiple problem, we do not
have real data labels, that is, field data with merged pri-
maries and multiples and corresponding separated primaries
and multiples. Real data labels could be obtained by con-
ventional demultiple methods, for example, Radon. However,
this approach is time-consuming, and the performance of the
trained network would have the same limitations as the con-
ventional methods used to create the training data. Therefore,
we consider only synthetic training data to overcome the lack
of real labels. In this case, the challenge is to generate syn-
thetic data that are sufficiently realistic to apply the train
networks on field data during inference time.

The training data consists of one hundred thousand syn-
thetic CDP seismic gathers (C), that is, merged primaries

and multiples, and the corresponding separated primaries
(P), and multiples (M) true labels. We modelled the train-
ing data through a convolutional method for a large number
of variations (Figure 1). We obtain those variations by scan-
ning a high-dimensional parameter space to include possible
real scenarios of mixed multiple and primary energy. The
following workflow details the synthetic data creation:

∙ The starting point for modelling each synthetic CDP with
the convolution model is defining the source time func-
tion 𝑆(𝑡). We consider the Ricker wavelets and vary peak
frequency, phase and the superposition of a pair of Ricker
wavelets (Figure 1a).

∙ Following, the zero offset (ℎ = 0) one-dimensional reflec-
tivity function 𝑅(𝑡, ℎ = 0) = 𝑅0(𝑡) is constructed as a white
reflectivity spectrum, biased towards the sparseness of the
strong reflection coefficients (Figure 1b).

∙ For the extension to non-zero offset, hyperbolic move-
out is calculated by defining a time-dependent velocity
function 𝑣(𝑡). In addition, the reflectivity coefficients are
scaled by the Shuey approximation (Shuey, 1985), includ-
ing amplitude variations with offsets/angles. Moreover,
kinematic inaccuracies are simulated by adding time per-
turbations 𝛿𝑡 to the reflectivity coefficient’s time, providing
the final two-dimensional (2D) reflectivity 𝑅(𝑅0(𝑡), 𝑣(𝑡), ℎ)
(Figure 1c).

∙ We obtain the 2D seismic gathers convolving the source
time function 𝑆(𝑡) with our 2D reflectivity series 𝑅(𝑡, ℎ);
moreover, we incorporate a frequency decay along the time
axis to compute the actual wavelet that is set active at convo-
lution time 𝑡(𝑡0, ℎ). The final CDP gather of the primaries is
obtained by simulating far offset amplitude decay for some
CDP samples (Figure 1d).

∙ The synthetic gathers with primaries are corrected with the
NMO equation, using the velocity model of the primaries,
perturbed by inaccuracies that simulate imperfections of the
process of velocity picking performed at each CDP. This
step mimics two important characteristics observed in real
data: (1) NMO stretch in primaries and (2) residual moveout
effect (RMO) in primaries, not completely flattened due to
inaccurate velocity picking. Modelling RMO in primaries
allows the networks to avoid eliminating primaries not com-
pletely flattened after NMO and includes over-corrected
primaries as well (Figure 1e).

∙ Analogously, we create the NMO-uncorrected CDP gather
of the multiples using velocities lower than the ones used
for the primaries. The multiples are NMO corrected with
the velocity used to flatten the primaries, providing multi-
ples with stronger moveouts than primaries and presenting
also stretching at far offsets. Note that we do not pay any
attention to physically relating the reflectivity series of
the multiples to the reflectivity series of the primaries.
Therefore, the network will learn to distinguish between
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1188 FERNANDEZ ET AL.

F I G U R E 1 Generation of training data. (a) Source time function. (b) 1D reflectivity series. (c) 2D reflectivity series. (d) Synthetic primaries
obtained by convolution of the source time function and the 2D reflectivity series. (e) Primaries (𝑃 ) after NMO correction. (f) Multiples (𝑀)
generated following the same workflow as primaries. (g) Mixed primaries and multiples (𝐶 = 𝑃 +𝑀).

primaries with little RMO and crossing multiples with
larger RMO, while it does not learn to identify periodic-
ity nor relate multiples to primaries generating reflectors
(Figure 1f).

∙ Realistic CDP seismic gathers with the corresponding
ground-true labels are generated by mixing the primaries
and multiples (Figure 1g).

∙ Additionally, linear seismic noise is included in the mul-
tiple images, considering steep near and far offset events,
to asses challenging cases for the Radon transform (RT)
method. Finally, the synthetic data are also augmented dur-
ing training by adding different levels of random uniform
noise to further mitigate the difference between synthetic
and real data and improve the robustness of our models to
this perturbation often present in field data. In particular, we
consider random noise from the uniform distribution 𝑋 ∼
 (−𝑎, 𝑎), where the value 𝑎 is also randomly sampled from
a distribution at each epoch to allow for different signal-to-
noise rations during training, that is, 𝑎 ∼  (0,0.1). Figure 2
shows some examples of the synthetic CDP gathers created
with our workflow.

Strategies

As we want to test the significance of predicting primaries,
multiples or both simultaneously, we present three supervised
strategies to train the convolutional neural network (CNN)’s
weights (𝜃) to solve the seismic demultiple task with synthetic
data generated by the workflow described in the previous sec-

tion. The first strategy trains the weights of a CNN to map
seismic data (C) with merged primaries (P) and multiples
(M) to the desired image with only primaries (𝑓𝜃(𝑪) = 𝑷

∗)
(Figure 3a). This is equivalent to predicting primaries. Mul-
tiples are calculated by subtracting from the input image the
estimated primaries 𝑴∗ = 𝑪 − 𝑷

∗, constraining the training
with the information of multiples labels in the second term of
Equation (1).

min𝜃{𝛼1𝐿(𝑷 − 𝑷
∗) + 𝛼2𝐿(𝑴 − (𝑪 − 𝑷

∗))}. (1)

The second strategy consists of training a CNN to predict
the multiples (𝑓𝜃(𝑪) = 𝑴

∗) for a given input seismic data
(C) with combined primaries and multiples (Figure 3b). Pri-
maries are obtained by subtracting from the input image the
estimated multiples 𝑷 ∗ = 𝑪 −𝑴

∗, constraining the training
with the information of primaries labels in the second term of
Equation (2).

min𝜃{𝛼1𝐿(𝑴 −𝑴
∗) + 𝛼2𝐿(𝑷 − (𝑪 −𝑴

∗))}. (2)

Finally, strategy 3 learns how to map an image (C) with
joint primaries and multiples to both multiples (M*) and pri-
maries (P*) simultaneously (𝑓𝜃(𝑪) = (𝑷 ∗,𝑴∗)) as a double
output channel of the CNN (Equation 3) (Figure 3c). Both out-
puts are trained simultaneously with the corresponding labels.
In this study, we consider the parameters 𝛼𝑖 in the losses equal
to 1, and the mean absolute error (L = L1).

min𝜃{𝛼1𝐿(𝑷 − 𝑷
∗) + 𝛼2𝐿(𝑴 −𝑴

∗)}. (3)
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TOWARDS DEEP LEARNING FOR SEISMIC DEMULTIPLE 1189

F I G U R E 2 Training data examples in the form of five CDP gathers of varied frequency and reflectivity content. (a) Synthetic gathers (labelled
C in the text) with mixed primaries and multiples. (b) Primaries (labelled P in the text). (c) Multiples (labelled M in the text).

F I G U R E 3 Demultiple strategies with CNNs. (a) Predicting primaries (strategies 1). (b) Predicting multiples (strategy 2). (c) Predicting
simultaneously both multiples and primaries (strategy 3).

Architecture and hyperparameters

Different deep learning architectures have been proposed to
extract information from data according to the different data
characteristics and applications. For computer vision tasks,
architectures based on CNNs have dominated the field (Long
et al., 2015; Isola et al., 2016; Krizhevsky et al., 2012; LeCun
et al., 1998; Ulyanov et al., 2017), while for natural language
processing transformer-based architectures are the state-of-art
choice (Devlin et al., 2019; Vaswani et al., 2023). Applying
CNNs or transformer architectures to seismic tasks makes the
assumption of handling the seismic data as images or text,
with respective advantages and disadvantages.

CNNs are designed to capture local features and build hier-
archical representations (Goodfellow et al., 2016a; LeCun
et al., 1998; Krizhevsky et al., 2012), which align well with
the structure of images. Additionally, the convolutional and
pooling operations in CNNs provide a natural way to handle
translations within images, making them robust to variations
in object positions (Goodfellow et al., 2016a; Gu et al., 2017;
Krizhevsky et al., 2012; LeCun et al., 1998), for example,
in our case, multiples and primaries. Another advantage is
that the built-in biases towards local feature learning and spa-

tial hierarchies make CNNs effective with relatively smaller
datasets compared to transformers (Dosovitskiy et al., 2021;
Liu et al., 2021). The main disadvantage of CNNs is the diffi-
culty in capturing global context and long-range dependencies
within an image, which can be a limitation for certain tasks
(Liu et al., 2021). On the other hand, self-attention mech-
anisms allow transformers to capture global relationships
across an image, which is useful for understanding complex
scenes (Vaswani et al., 2023). However, the self-attention
mechanism has quadratic complexity to the input size, mak-
ing transformers computationally expensive, especially for
high-resolution images (Vaswani et al., 2023). Additionally,
capturing global context patterns for data is a desired feature,
but it comes with the cost of requiring more training data (Liu
et al., 2021).

In this study, we consider that the CNN’s advantages of
successfully detecting objects in images due to local and hier-
archical learning make them robust to successfully detect and
predict multiples in seismic gathers. Additionally, the induc-
tive bias towards local feature learning and spatial hierarchies
makes CNNs effective with small datasets compared with
transformers (Liu et al., 2021). This is indeed an advantage
in many tasks, such as demultiple, where real ground-truth
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1190 FERNANDEZ ET AL.

labels are not available, and a synthetic training dataset, ide-
ally small, needs to be created. In particular, we use the
U-Net topology (Ronneberger et al., 2015). The U-Net net-
work was developed for the biomedical image segmentation
task (Ronneberger et al., 2015). This architecture type as well
as variations of it has been broadly used due to its excellent
performance in many computer vision tasks and seismic pro-
cessing tasks (Birnie et al., 2021; Fernandez et al., 2022a;
Mandelli et al., 2018; Yang & Ma, 2019). The architecture is
notable for its U-shaped structure, which allows it to capture
both local and global context in images. This architecture has
shown good performance in detecting objects for biomedical
images, most likely making it suitable for detecting the shape
of multiples in CDP gathers. To focus our investigation on
testing the different strategies for seismic demultiple and its
generalization capacities for realworld field applications we
consider the original U-Net. The architectural characteristics
of this network could be fine-tuned for this particular appli-
cation. However, the huge range of applications where this
architecture has successfully been applied justifies our choice
to use it as a baseline network to test our different strategies
and test its generalization properties across many datasets.

For training the U-Net, we consider the mean absolute loss
function (L1). Alternatively, other training methodologies
could have been considered, such as generative adversar-
ial networks (Goodfellow et al., 2014) or diffusion models
(Ho et al., 2020; Sohn et al., 2015). This last method has
shown successful application in eliminating residual multi-
plies in post-migration datasets (Durall et al., 2023; Fernandez
et al., 2023b). However, these more sophisticated methodolo-
gies have not outperformed training based on mean absolute
error loss function (L1) for eliminating residual multiples.
Additionally, diffusion models come with high computation
cost, making them less suitable for real seismic processing
deployment. In our work, we attempt to further generalize the
capacity of our network to consider not only post-migration
multiple elimination but also pre-migrated surface-related
multiples, while keeping the computational cost as minimal
as possible. This makes the U-Net trained with an L1 misfit
function suitable for our study.

Finally, our training workflow starts normalizing our data
before training or inference with automatic gain control con-
sidering a time window of 0.3 s. This helps to mitigate the
amplitude differences between real cases and training data.
We train the models for 200 epochs, considering a batch size
of 64 images. The optimizer is the Adam optimizer (Kingma
& Ba, 2017), and the learning rate is 0.001.

RESULTS ON SYNTHETIC DATA

We train convolutional neural networks (CNNs) for each of
the three strategies described above. Moreover, we repeat the

training of each strategy 10 times. Repeating the training 10
times is beneficial for two main reasons. First, it can avoid
local minima. Neural network training involves non-convex
optimization, which means the training process can get stuck
in local minima (Goodfellow et al., 2016a). Different initial-
ization might lead to different local minima. Re-propagating
experiments several times and analysing results from multi-
ple runs can mitigate the impact of any single poor or good
initialization. Second, it allows to analyse the variance of the
model’s predictions related to the training data. Each indi-
vidual model might capture different aspects of the data,
and assessing their predictions can lead to better analyses of
the model robustness. We consider the same CNN architec-
ture, training data and workflow for all the strategies. In this
section, we first investigate quantitatively the generalization
performance of the three CNN models on a test synthetic
dataset generated also with the convolutional method, but
unseen during training. Second, we further assess the gen-
eralization capabilities of our methodology to synthetic data
generated with a finite difference wave equation solver, that
is., synthetic data generated with a different engine.

Synthetic test dataset

For a quantitative analysis of the performance of convolu-
tional neural networks (CNNs) trained with the three different
learning strategies, we consider synthetic data generated using
the convolutional method described in the Methodology sec-
tion, which was not seen during the training phase. In the
seismic demultiple problem, we have two labels, that is,
primaries and multiples (P and M); however, the accurate
estimation of one correlates with the other. The ultimate
goal of the demultiple process is to obtain the best estima-
tion of primaries. Therefore, we evaluate the performance of
the demultiple process using primary ground-truth synthetic
images. Note that in all the cases, the output of the different
strategies, that is, primaries, multiples, or both simultane-
ously, are directly used to estimate the primaries without any
further processing.

To quantitatively assess the results, we use the signal-
to-noise ratio (SNR) metric between our final estimated
primaries (P*) and the ground-truth labels (P). We evalu-
ate the estimations of each of the three strategies on the
same 400 synthetic examples not seen during training, con-
sidering synthetic data without noise and with different noise
perturbations of increasing complexity as a proxy of the appli-
cation to field datasets. We first evaluate the robustness of the
methods by perturbing the test synthetic data with the noise
distribution used during training, that is, uniform distribu-
tion 𝑋 ∼  (−𝑎, 𝑎) and considering 𝑎 = 0.1 (uniform low).
Then, we test the robustness of the strategies considering a
higher value of 𝑎 = 0.3 (uniform high). Note that for the case
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TOWARDS DEEP LEARNING FOR SEISMIC DEMULTIPLE 1191

T A B L E 1 Statistical results (mean SNR) of primaries estimation considering 400 synthetic data for each of the three strategies: strategy 1
(Equation 1), strategy 2 (Equation 2) and strategy 3 (Equation 3) and different noise perturbations (uniform low, uniform high, Gaussian, Laplace and
synthetic realistic noise).

No-noise Uniform (low) Uniform (high) Gaussian Laplace Realistic

Strategy 1 23.56 21.00 7.82 7.06 3.99 9.45

Strategy 2 26.13 23.50 20.74 16.85 15.10 12.44

Strategy 3 23.00 21.07 6.51 5.62 3.20 8.65

of uniform noise with 𝑎 = 0.3, we consider the same dis-
tribution as the one used for training but allow three times
higher noise amplitudes. To further test the generalization
capacity of our strategies, we tested the trained models on
different noise distributions than those used during training,
specifically Gaussian noise 𝑋 ∼  (𝜇,𝜎) with a mean 𝜇 = 0

standard deviation 𝜎 = 0.1, and Laplacian noise 𝑋 ∼ (𝜇,𝑏)
with mean 𝜇 = 0 and scale parameter 𝑏 = 0.1. Finally, we
consider more realistic noise scenarios. In Appendix A, A we
describe how to generate more realistic noise.

Table 1 shows the statistical results (mean SNR) for the
400 synthetic images. Note that higher values of SNR metric
indicate better estimations of primaries. Our results show that
training a CNN to predict the multiples (M*) from a given
seismic dataset (C) and subtracting them is the most effec-
tive strategy for multiple removal (Equation 1). This strategy
yields better metrics in noise-free examples and demonstrates
greater robustness to different noise perturbations. Impor-
tantly, this strategy is more resilient to noise perturbations
outside of the noise distribution considered during training,
that is, uniform high, Gaussian, Laplace and realistic noise.
This is a fundamental advantage of strategy 2 compared with
the others, considering that in field data applications, the real
noise distribution is unknown.

To provide a clearer understanding of the different strate-
gies and their performance, we present one selected image
from the 400 test dataset. We first solved the demultiple
problem on a noise-free synthetic example using each of
the three strategies: predicting primaries, predicting multi-
ples and predicting both simultaneously. While results on
noise-free data may not be realistic, they allow us to evaluate
potential issues that are unrelated to noise. Figure 4c shows
a synthetic example of mapping a seismic image (𝐶) to the
predicted primaries (𝑃 ∗). The estimated multiples (𝑀∗) are
obtained by subtracting the primaries from the input image
(𝑀∗ = 𝐶 − 𝑃 ∗). Primaries estimations report a high SNR
value. However, we observe that since the model predicts pri-
maries for a given input, small errors occur in all pixels of
the seismic primaries estimation, regardless of the presence
of intersecting multiples in those pixels of the input CDP.
This is more clearly visible in the multiple image estimated
based on the primaries prediction, where leakage of primary
energy appears throughout the image (𝑀∗ = 𝐶 − 𝑃 ∗) (red

arrow in Figure 4g). Figure 4d shows the results of mapping
the image (𝐶) to predicted multiples (𝑀∗). The correspond-
ing primaries are found by subtraction (𝑃 ∗ = 𝐶 −𝑀∗). In
this case, we observed better performance than in the afore-
mentioned case, with a slightly higher SNR value reported
in the primaries estimation. Importantly, errors occur only in
the pixels where multiple events are present, avoiding errors
in primary estimation areas where no intersecting multiples
are present, and thus better preserving the amplitude of the
final primaries. Figure 4e shows the results of predicting both
multiples (𝑀∗) and primaries (𝑃 ∗) simultaneously. Primaries
and multiples are successfully separated, mitigating the leak-
age of primary energy into multiples, but the model struggles
to fully predict multiples at the near offset (yellow arrow in
Figure 4i).

Next, in Figure 5, we visualize the results on the same
synthetic data perturbed with random noise (uniform low).
Again, strategy 2 provides the best quantitative results, that
is, the highest SNR of predicted primaries, as well as the
best qualitative performance (Figure 5). Specifically, strat-
egy 2 successfully predicts multiples in the near offsets, while
strategies 1 and 3 show difficulties in this area (yellow arrow
in Figure 5). Lastly, we show the performance of the three
strategies on the same image perturbed with more realis-
tic synthetic noise (Figure 6). Here, once again, strategy 2
provides the most accurate primary energy reconstruction.
Specifically, it successfully removes multiples, including the
challenging near-offset area, while preserving the amplitudes
of the primaries (yellow arrow in Figure 6). It is important
to note that in this case, by introducing a degree of corre-
lation in our more realistic noise, we randomly added some
coherent events with multiples-like characteristics. These new
coherent noise patterns were detected by our deep learning
models. Predicting primaries removes more of this coherent
noise, but still at the expense of modified primary amplitudes
(red arrow in Figure 6). Predicting multiples (strategy 2) still
provides the best final primaries, where some coherent events
were removed without affecting the primary energy.

Overall, the strategy of predicting multiples and then
deriving primaries (𝑃 ∗ = 𝐶 −𝑀∗) reports to be the most
effective. This strategy limits estimation errors to pixels where
merged primary and multiple energy are present simultane-
ously, avoiding errors in areas where only primary energy is
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1192 FERNANDEZ ET AL.

F I G U R E 4 Deep learning strategies on noise-free synthetic data. (a) Synthetic gather (C). (b) True primaries (P). Predicted primaries (P*)
with (c) strategy 1, (d) strategy 2, (e) strategy 3, (f) True multiples (M). (h) Estimated multiples with (g) strategy 1, (h) strategy 2 and (i) strategy 3.

F I G U R E 5 Deep learning strategies on synthetic data perturbed with uniform noise. (a) Synthetic gather (C). (b) True primaries (P). Predicted
primaries (P*) with (c) strategy 1, (d) strategy 2, (e) strategy 3. (f) True multiples (M). (h) Estimated multiples with (g) strategy 1, (h) strategy 2 and
(i) strategy 3.
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TOWARDS DEEP LEARNING FOR SEISMIC DEMULTIPLE 1193

F I G U R E 6 Deep learning strategies on synthetic data perturbed with realistic noise. (a) Synthetic gather (C). (b) True primaries (P). Predicted
primaries (P*) with (c) strategy 1, (d) strategy 2, (e) strategy 3. (f) True multiples (M). (h) Estimated multiples with (g) strategy 1, (h) strategy 2 and
(i) strategy 3.

present. This strategy is more accurate in the multiple subtrac-
tions in near offsets. Additionally, strategy 2 is more robust
to noise perturbations, including out-of-distributions noise.
Consequently, it results in a more precise deep learning model
for separating primaries and multiples in common depth point
(CDP) gathers, while preserving primary amplitudes.

Finite difference synthetic data

In order to further test the generalization capacity of our best
strategy, we consider a more realistic synthetic dataset, mod-
elled through a three-dimensional finite differences solver
(courtesy of ExxonMobil). Our previous analysis showed that
the most effective strategy is predicting multiples and then
subtracting them from the input data while constraining the
training with both, multiples and primaries (Equation 2).
Therefore, we further test the deep learning network trained
with this strategy. Since we do not have the true labels to
quantitatively assess the performance, we qualitatively anal-
yse the results and compare them with high-resolution Radon
demultiple (Sacchi & Ulrych, 1995). Figure 7 shows the
results of Radon and deep learning (DL) demultiple for a
CDP of the synthetic dataset. Parabolic Radon demultiple is
applied first, removing many parabolic events from the orig-

inal gather (Figure 7b,c). However, near-offset steep events
and far-offset linear noise could not be modelled by parabo-
las and, therefore, not removed from the primaries (arrows
in Figure 7). To further improve the results with conven-
tional methods, we applied linear Radon discrimination to
the primaries obtained after parabolic Radon. Figure 7d,e
shows the results after applying parabolic and linear Radon
demultiple. Linear Radon mitigated the linear steep event in
near offsets, but it could not eliminate some far-offset linear
noise. The DL approach successfully predicts all multiples
and coherent noise present in the CDP gather, providing a
multiple-free seismic gather after subtraction. Importantly, it
mitigates some of the challenges of Radon transform (RT)
demultiple, that is, near offset steep events and far offset lin-
ear noise. This example shows the generalization capacity of
our proposed methodology to a dataset created with a different
engine (wave equation solver) than the one used for creating
the training data (convolutional model). Additionally, our DL
approach does not require parameterization during inference
time, eliminating time-consuming optimal parameter search
and picking a mute function required for successful parabolic
and linear RT demultiple. Furthermore, the multiple mod-
els obtained with the neural network are directly subtracted
from the input CDP without any further processing such as
adaptive subtraction (Guitton & Verschuur, 2004; Verschuur

 13652478, 2025, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1365-2478.13672 by C

ochrane France, W
iley O

nline L
ibrary on [30/12/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



1194 FERNANDEZ ET AL.

F I G U R E 7 CDP gather from a synthetic dataset modelled by 3D finite difference. (a) Data with multiple and primaries. (b) Primaries
estimation with parabolic Radon method. (c) Multiples estimated by parabolic Radon method. (d) Primaries estimation with parabolic and linear
Radon methods. (e) Multiples estimated by parabolic and linear Radon methods. (f) Primaries estimated by subtracting the DL-multiples estimation
from the input image (𝑃 ∗ = 𝐶 −𝑀∗). (g) Multiples estimation from the DL model trained with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗).

& Berkhout, 1997), reducing further the processing effort for
seismic demultiple.

RESULTS ON FIELD DATA

The goal of any seismic processing method is to be applied
to real seismic data. For deep learning (DL) models, the
possibility of providing good results in datasets not seen
during training, that is, generalization, is one of the most
desired properties. In order to test the generalization abil-
ity of our single network trained to predict multiples, we
evaluate the results on four distinctive field datasets. We con-
sider two post-migration datasets where residual multiples
are present, and two pre-migration datasets where no previ-
ous demultiple workflow has been done. For real data cases,
we also do not have ground-true labels, that is, real true
multiples and primaries. Therefore, we qualitatively analyse
the results and compare them with conventional demulti-
ple processing, that is, surface-related multiple elimination
(SRME), and high-resolution Radon demultiple. Note that
in the field data examples of this section, we directly sub-
tract the predicted multiples with a neural network trained
with strategy 2 (Equation 2), without any further processing
of the multiple models obtained (e.g., adaptive subtraction;
Guitton & Verschuur, 2004; Verschuur & Berkhout, 1997),
usually carried out in conventional processing demultiple
(e.g., SRME).

Dataset 1 consists of common depth points (CDPs) after
migration with remaining multiples. Each CDP has 64 traces
on the horizontal axis and 5 s on the vertical axis. It is

characterized by weak amplitude, high-frequency, parabolic
multiples, and linear noise. Figure 8 shows the primaries and
multiples estimated for dataset 1 with Radon and DL methods.
Here again, we applied the first parabolic Radon transform
(RT), eliminating several multiples, but unable to predict steep
near and far offset events. We further apply linear RT to the
image after parabolic RT to better eliminate coherent noise
from the input gather. The primaries resulting after apply-
ing both parabolic and linear RT eliminate a big part of the
coherent noise. However, we observed that near offsets are
not completely free of the coherent noise. Figure 8f,g shows
the results of our DL model. Our proposed DL approach suc-
cessfully predicts all multiples and coherent noise present in
the input gather. More importantly, the DL method is able to
mitigate some of the challenges of RT. In particular, DL mul-
tiples estimation can predict and subsequently eliminate the
near offset steep events and multiples with strong moveout
non-predicted or not fully removed by Radon.

We consider The North Sea Volve Dataset as a second
case (dataset 2). It also consists of CDPs after migration
with remaining coherent noise, that is, multiples and linear
noise. Each CDP has 40 traces in the horizontal direc-
tion and 4505 m depth in the vertical direction. It has
stronger multiples with low- and high-frequency content.
Moreover, the data present strong linear events intersecting
primary energy. Figure 9 shows the demultiple results. In
this case, parabolic Radon successfully eliminates a big part
of the multiples, but it cannot eliminate steep linear events.
Coherent linear noise is further mitigated with linear RT,
but it does not successfully eliminate all the linear noise.
Our DL approach shows successful multiple estimations and
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TOWARDS DEEP LEARNING FOR SEISMIC DEMULTIPLE 1195

F I G U R E 8 Field dataset 1. (a) Data with multiple and primaries. (b) Primaries estimation with parabolic Radon method. (c) Multiples
estimated by parabolic Radon method. (d) Primaries estimation with parabolic and linear Radon methods. (e) Multiples estimated by parabolic and
linear Radon methods. (f) Primaries estimated by subtracting the DL-multiples estimation from the input image (𝑃 ∗ = 𝐶 −𝑀∗). (g) Multiples
estimation from the DL model trained with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗).

F I G U R E 9 Field dataset 2. (a) Data with multiple and primaries. (b) Primaries estimation with parabolic Radon method. (c) Multiples
estimated by parabolic Radon method. (d) Primaries estimation with parabolic and linear Radon methods. (e) Multiples estimated by parabolic and
linear Radon methods. f) Primaries estimated by subtracting the DL-multiples estimation from the input image (𝑃 ∗ = 𝐶 −𝑀∗). (g) Multiples
estimation from the DL model trained with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗).

elimination of both, parabolic and linear events, providing a
cleaner seismic gather with only primaries.

Dataset 3 consists of normal moveout (NMO) corrected
CDPs before migration from the Mississippi Canyon region
of the Gulf of Mexico (Dragoset, 1999). This region is
well-known for multiples originated by the free-surface,
and by a shallow salt body intrusion with high reflectiv-
ity contrast (Sabbione & Sacchi, 2017). Each CDP has

92 traces in the horizontal direction and 7 s in the ver-
tical axis. In this case, no previous demultiple processing
has been carried out. Therefore, it has strong multiples
events (internal and surface-related multiples). In particular,
around 3.5–6.5 s, the presence of a strong multiple pack-
age is present. Figure 10 shows the primaries and multiples
discrimination results with Radon and DL methods. Parabolic
Radon shows overall good multiple eliminations in this
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1196 FERNANDEZ ET AL.

F I G U R E 1 0 Field dataset 3. (a) Data with multiple and primaries. (b) Primaries estimation by parabolic Radon method. (c) Multiples
estimated by parabolic Radon method. (d) Primaries estimated by subtracting the DL-multiples estimation from the input image (𝑃 ∗ = 𝐶 −𝑀∗). (e)
Multiples estimation from the DL model trained with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗).

F I G U R E 1 1 Field dataset 4. (a) Data with multiple and primaries. (b) Primaries estimation by SRME and Radon methods. (c) Multiples
estimated by SRME and Radon methods. (d) Primaries estimated by subtracting the DL-multiples estimation from the input image (𝑃 ∗ = 𝐶 −𝑀∗).
(e) Multiples estimation from the DL model trained with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗).

case. However, multiples are not fully removed in near off-
set. Our DL approach overcomes this difficulty by being
able to successfully eliminate the multiples and preserve
primary energy.

Dataset 4 consists of NMO-corrected CDPs before migra-
tion from the South China Sea. The dataset is from a
two-dimensional exploration profile, targeting sedimentary
and crustal structures and represents deeper environments
with more than of 1 km water depth (Chang et al., 2022).
Each CDP has 77 traces in the horizontal direction and 16 s in

time. Figure 11a shows a subsection of a CDP from 1.6 to 8 s.
No previous demultiple processing has been carried out, and
therefore we observe strong coherent noise. A strong pack-
age of first-order surface-related multiples is present around
3 s. Second- and third-order surface-related multiples are
observed around 5 and 7 s, respectively. Internal multiples as
well as linear noise seismic events with strong moveout are
also observed in the CDP, making difficult the visualization
of primaries. In order to discriminate primaries from coher-
ent noise, we performed SRME, parabolic Radon and linear
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TOWARDS DEEP LEARNING FOR SEISMIC DEMULTIPLE 1197

Radon. Figure 11 shows the primaries and multiples discrim-
ination results of our conventional demultiple workflow. The
traditional workflow allows us to retrieve primaries; however,
it presents challenges where strong surface-related multiples
were present, eliminating primary energy as well for exam-
ple, around 3 s (yellow arrow in Figure 11). Our DL approach
overcomes this difficulty by being able to successfully elimi-
nate the multiples and preserve primary energy. However, in
this case, we also observed some multiple residuals in our pri-
maries at far offset, for example, around 5–6 s (red arrow in
Figure 11).

Overall, we show that our DL model generalizes to very
distinctive field datasets, before and after migration, while
being able to mitigate the challenges of the conventional high-
resolution Radon demultiple. Additionally, the DL solutions
do not require parameterization during inference time, avoid-
ing time-consuming parameter search for optimal results.
Importantly, it also does not require any manual tasks, that
is, mute picking, reducing considerably the time of the
demultiple process in the seismic processing workflow.

DISCUSSION

Generalization

The results presented on synthetic and field data show the
potential of our supervised deep learning (DL) approach
to overcome the limitations of conventional methods and
alleviate time-consuming manual tasks, that is, mute func-
tion picking, and optimal parameter search. Furthermore,
our model shows successful generalization properties, pro-
viding a demultiple tool for distinctive datasets in pre- and
post-migration gathers with surface-related and/or internal
multiples. In general, supervised DL algorithms report good
performance when the input data are represented by the
training data distribution. In the case of input data out-
side of the training data distribution, the performance of
DL methods decays (Goodfellow et al., 2016a). Hence, it is
important to create a feature-rich training dataset by con-
sidering many possible scenarios encountered in field data,
which is never trivial when synthetic data are generated to
use as training data. In Appendix B,B we further investigate
the importance of the training data for more accurate pri-
mary estimations. Additionally, several steps are performed
to further improve the generalization. First, automatic gain
control normalization of the data mitigates the difference in
amplitude between our training and field data distributions.
Moreover, we have shown from synthetic tests that predict-
ing the multiple leads to better multiple attenuation in noisy
data (Table 1). Importantly, this strategy (Equation 2) is more
robust to out-of-distribution noise (Table 1), which is an
important property of field data where the noise distribution is
always unknown.

Additionally, our multiple model prediction with DL shows
accurate amplitude prediction in field datasets alleviating
for adaptive subtraction usually carried out in conventional
demultiple such us SRME. However, we think that in chal-
lenging cases of strong amplitude variation with offset,
adaptive subtraction could further mitigate the generalization
challenge for the seismic demultiple task.

Importantly, the synthetic multiples generated in the train-
ing dataset do not follow perfectly the moveout of multiples
predicted by physical assumptions, for example, parabolic and
hyperbolic shapes, and this may be an advantage. Indeed, the
moveout of multiples is most often predicted following simple
assumptions, for example, one-dimensional tabular medium,
and ray theory, among others. Field data may include more
complex shapes of seismic events, as a result of more complex
physics than considered in conventional multiple elimination
methods such as Radon. As a result, some of the improve-
ments of the DL method when compared to the Radon method
(Figures 7–10) may come from these properties of the train-
ing dataset. The same explanation can be given to explain why
the DL method is as efficient after migration as before: it does
not matter what the multiple events become after the migra-
tion operator is applied, there is no need for the physically
constrained shape of the multiple for it to be removed. Our
results on synthetics using “realistic noise” with some degree
of coherence and field datasets show that the DL method can
also be used to remove coherent events that are not parabolic
multiples. The training dataset here does not include nega-
tive moveouts, but this could be implemented to fully remove
coherent noises with our preferred strategy 2.

Out-of-distribution case

Figure 12 shows one of the limitations of the DL method for
cases out of the training distribution, and a practical solu-
tion to mitigate this challenge. In this case, we consider the
synthetic dataset generated with a three-dimensional finite
difference solver, with a fold of 100 traces in the common
depth point (CDP) gather (Figure 12a) instead of a fold of 64
used in the training dataset. When we input the seismic gather
with 100 traces in the offset direction, we observed that the
multiple around 1–3 s are not completely predicted and there-
fore not completely removed (yellow arrow in Figure 12c).
In particular, the near offset part (flat) of that multiple is not
predicted, while the far offset part with stronger moveout is
correctly estimated. Most likely, the training data represents
multiple geometries with stronger offset moveouts than the
one presented in this case. The moveout threshold choice
between primaries and multiples is learned by the network
on a fold of 64 traces. Therefore, on the 100 traces dataset,
some seismic events are only considered a multiple at far
offsets, while the near-offset part falls into the primaries cat-
egory. One practical solution would be to modify the offset
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1198 FERNANDEZ ET AL.

F I G U R E 1 2 Mitigating out of distribution issue by changing the amount of input traces. (a) Data with multiple and primaries with 100 traces.
(b) Primaries estimated by subtracting the DL-multiples estimation from the input image (𝑃 ∗ = 𝐶 −𝑀∗). (c) Multiples estimation form the DL
model train with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗). (d) Data with multiple and primaries with 50 traces (taking every second trace from a) to bring the
CDP gather close to the geometry we use for training. (e) Primaries estimated by subtracting the DL-multiples estimation from the input image
(𝑃 ∗ = 𝐶 −𝑀∗). (f) Multiples estimation from the DL model trained with Equation (2) (𝑓𝜃(𝐶) = 𝑀∗).

moveout in the input image by eliminating every second trace.
In this case, the input image would have 50 traces in the offset
direction (Figure 12c). If we applied our DL model to predict
multiples on the decimated gather, we observed that the multi-
ples are fully estimated and subtracted (Figure 12e,f). The data
manipulation of eliminating every second trace might bring
the seismic image close to the training data samples where
64 offset traces were considered, and, therefore, multiples
can be fully predicted, including the near offset part (yellow
arrow in Figure 12f). This shows both the complex problem
of generalization and possible solutions coming from data
manipulation to bring the application case close to our train-
ing distribution. For this case, a practical solution would be
dividing our original 100 traces into two gathers of 50 traces
each by taking every second trace, applying the DL model
to eliminate the multiples on both complementary CDPs and
finally recombining the multiple predictions, as presented in
Figure 7.

Deep learning limitations and challenges

Deep learning models can sometimes be challenging to
interpret, making it difficult to understand the underlying rea-
soning behind their predictions. There is no recipe or detailed
workflow to build the best possible model for a given task.
Therefore, training a useful model requires a considerable
trial and error experimentation phase, that is, creating train-
ing data, testing convolutional neural network architectures,
and optimal hyperparameters search (learning rate, batch size,

etc.). On the other hand, this effort needs to be done only once
during the training phase, speeding up the inference time,
where no further parameter search needs to be done. It is
however complicated to understand in detail the limitations
of the DL model. An empirical approach to assess the lim-
itations of a trained model is testing it on several synthetic
and field datasets, as we carried out in the present work. This
challenge could be further assessed by training Bayesian neu-
ral networks and being able to estimate uncertainties in the
multiple predictions and elimination.

Another challenge of our proposed DL method for seismic
multiple attenuation is the lack of user parameters to influ-
ence the demultiple process during inference. Having many
user parameters such as in the high-resolution Radon-based
approach represents an issue, but having no user parameter
at all during inference could also be a problem. In particu-
lar, with our current approach, we give an input image with
merged primaries and multiples and obtain as output the cor-
responding multiple estimations, although the classification
of one event as being multiple or primary can be very sub-
jective to the interpreter. The current method implies a fixed
threshold between primaries and multiples. This discrimi-
nation is implicit in the training dataset where a residual
moveout (RMO) threshold is decided. This can be challenging
in field data applications where the normal moveout velocity
is not accurate enough, leading to misaligned primaries. For
example in Figures 8–11, there are seismic events with small
moveouts considered as multiples in our DL solution. How-
ever, some of these events could be misaligned primaries due
to inaccurate velocity estimation. Therefore, there is a clear
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need for a more flexible model that gives the interpreter more
room to decide whether to keep or eliminate a seismic event
based on moveout discrimination. By incorporating a vary-
ing minimum RMO threshold into our synthetic modelling,
we see a chance for a more flexible solution of a network
learning to generate different versions of the multiples from
which the user can select the best results in a potentially
target-oriented manner. In Fernandez et al. (2024), we pro-
posed to output simultaneously four different multiple models
based on moveout discrimination, allowing selective demul-
tiple. This control mechanism allows the processing expert
to safely remove seismic events with large moveouts while
being conservative with the events of small moveouts that may
be unaligned primaries. There is, however, room to further
improve the flexibility in the demultiple process, predicting
more than four multiple models as well as discriminating seis-
mic events based on other characteristics such as amplitude
and frequency.

Our future research focuses on estimating uncertainties in
our train models, providing more flexible options during infer-
ence, and better understanding the DL models’ strengths and
limitations. Additionally, we would like to investigate how
the different building blocks of the U-Net architecture affect
its performance, for example, the influence of the number
of layers, number of filters, kernel size, among others. This
investigation would allow us to find the optimal U-Net type
architecture for the demultiple task.

CONCLUSIONS

We systematically evaluate the performance of different
supervised deep learning strategies for multiple removals. Our
statistical analysis of synthetic label data generated by convo-
lutional modelling reports that training a convolutional neural
network to predict multiples and then subtracting them from
the input image is the most effective strategy to demulti-
ple. Additionally, it is the most robust strategy to noise. Our
qualitative analysis of synthetic data generated with finite
difference solver shows that our training methodology can
generalize to more physically meaningful examples, outper-
forming limitations of conventional high-resolution Radon
demultiple. We further test the generalization capacity of the
proposed deep learning approach on four distinctive field
datasets before and after migration. Our proposed approach
shows the ability to correctly estimate surface-related and
internal multiples removing them from field datasets, over-
coming some of the limitations of conventional methods and
showing successful generalization capabilities. Furthermore,
the proposed methods work in a parameter-free manner dur-
ing inference time, relieving the user from any manual task
or optimal parameter search. As a result, it can provide a new
powerful tool for attenuating multiples in existing workflows.
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APPENDIX A: REALISTIC SYNTHETIC NOISE
Generating synthetically realistic noise is challenging. How-
ever, here we attempt to create more realistic synthetic noise
for a qualitative analysis in our synthetic test dataset. One of
the characteristics of real noise is that it is usually not com-
pletely uncorrelated. In fact, there is a level of correlation in
time, space or both (Birnie et al., 2021). To synthetically gen-
erate a noise matrix with more realistic characteristics, we
propose to create an initial matrix based on a random noise
distribution, for example, Gaussian, 𝑋 ∼  (𝜇, 𝜎2). Then,
we interpolated the noise matrix, introducing some degree of
coherence and, finally, we applied a band-pass filter between
10 and 50 Hz to further eliminate the random unrealistic tex-
ture, resulting in a more realistic noise. Figure A1 shows the
initial Gaussian noise, the interpolated noise, and the final
frequency-filtered noise.

APPENDIX B: TEST ON DIFFERENT
PERCENTAGES OF TRAINING DATA
Training data plays a crucial role in supervised deep learning
methods. Our training data consists of 100,000 synthetically
generated common depth points (CDPs) and corresponding
multiples and primaries ground-truth labels. Here we aim to
further investigate the influence of our training data on the
final trained models. We analyse the performance of the pre-
ferred strategy 2 for different percentages of the total training
dataset considering our test dataset of 400 synthetic CDPs,
and different noise perturbations. In particular, we consider
training with 75%, 50%, 25%, 10%, and 5% of the initial
training dataset. Table B1 reports the overall decrease in
performance when the training data is smaller. To further
understand the impact of the training data, we visualize one
synthetic sample. Figure B1 shows the decrease in the accu-
racy of the predicted multiples when the model is trained with
a smaller dataset, highlighting the importance of a feature-
rich training dataset for optimal demultiple. Specially, we
observed that the first area affected by the reduction of train-
ing data is near-offset, where multiple predictions start to be
less accurate.
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F I G U R E A 1 Generating realistic seismic noise from a Gaussian distribution. (a) Gaussian random noise. (b) Interpolated Gaussian noise. (c)
Filtered interpolated noise (10–50 Hz).

F I G U R E B 1 Effect of training data in multiple predictions. (a) Input synthetic CDP. (b) Primary label. Primaries obtained training the
network with (c) 100% of training data, (d) 50% of training data, (e) 10% of training data, and (f) 5% of training data. (g) Multiple labels. Multiples
obtained training with (h) 100% of training data, (i) 50% of training data, (j) 10% of training data and (k) 5% of training data.
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T A B L E B 1 Statistical results on test dataset (mean SNR) of
primaries estimations with the preferred strategy 2, considering
different percentages of the initial training dataset (100%, 75%, 50%,
25%, 10%, 5%) and different noise perturbations (uniform low, uniform
high, Gaussian, and Laplace).

100% 75% 50% 25% 10% 5%

Uniform 1 23.50 22.37 21.92 20.74 20.37 18.05

Uniform 2 20.74 19.47 19.32 18.42 18.22 16.80

Gaussian 16.85 15.76 15.53 15.27 15.20 14.23

Laplace 15.10 14.50 14.15 14.13 13.60 13.54
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