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SUMMARY
We explore the potential of neural networks in approximating
the action of the computationally expensive Estimation of Pri-
maries by Sparse Inversion (EPSI) algorithm, applied to real
data, via a supervised learning algorithm. We show that given
suitable training data, consisting of a relatively cheap predic-
tion of multiples and pairs of shot records with and without
surface-related multiples, obtained via EPSI, a well-trained neu-
ral network is capable of providing an approximation to the
action of the EPSI algorithm. We perform our numerical exper-
iment on the field Nelson data set. Our results demonstrate that
the quality of the multiple elimination via our neural network
improves compared to the case where we only feed the network
with shot records with surface-related multiples. We take these
benefits by supplying the neural network with a relatively poor
prediction of the multiples, e.g. obtained by a relatively cheap
single step of Surface-Related Multiple Elimination.

INTRODUCTION
Removal of the effects of the free surface is a vital step in seis-
mic data processing. In general, surface-related multiple elimi-
nation can either be cast as a prediction and subtraction problem
(Berkhout and Verschuur, 1997; Guitton and Verschuur, 2004;
Wang et al., 2008), or, more recently, as an inversion problem
that considers the primary reflections as unknowns (Groenestijn
and Verschuur, 2009; Lin and Herrmann, 2013). In this work,
we train a CNN to carry out the task of surface-related multiple
elimination by approximating EPSI (Groenestijn and Verschuur,
2009) algorithm. We show that by providing a neural network
with a relatively poor estimate of multiples, e.g. obtained by
performing a multi-dimensional convolution of the data with
itself, we are still able to get results that are similar to those
yielded by the costly EPSI.

Machine learning is rapidly attracting interest in the exploration
seismology research community. In the past few years, there
has been numerous attempts to deploy deep learning algorithms
to address problems in active research areas in the field of
seismic, including but not limited to pre-stack seismic data
processing (Mikhailiuk and Faul, 2018; Siahkoohi et al., 2018a;
Ovcharenko et al., 2018; Sun and Demanet, 2018; Siahkoohi
et al., 2018b), modeling and imaging (Moseley et al., 2018;
Siahkoohi et al., 2019; Rizzuti et al., 2019), and inversion
(Lewis and Vigh, 2017; Araya-Polo et al., 2018; Richardson,
2018; Das et al., 2018; Kothari et al., 2019).

Our paper is organized as follows. First, we introduce Gener-
ative Adversarial Networks (GANs, Goodfellow et al., 2014),
which we use to eliminate surface-related multiples. After de-
scribing the training objective function for GANs, we state the
used Convolutional Neural Network (CNN) architecture. Fi-
nally, we explore two approaches for surface-related multiples
elimination and demonstrate the capabilities of our approaches
by comparing their performance with the EPSI method.

THEORY
In this work, which extends our previous attempt to eliminate
surface-related multiples from synthetic data (Siahkoohi et al.,
2018b), we are merely interested in exploring potential capabil-
ities of CNNs in dealing with the free surface on a field data set.
We explore the possibility of approximating the action of the
expensive EPSI algorithm with a neural network. Neural net-
works are able to approximate any continuous function defined
on a compact subspace, with arbitrary precision (Hornik et al.,
1989). Given an input, the output of a feed-forward network
can be evaluated very fast. While CNNs are known to gen-
eralize well—i.e., maintain the quality of performance when
applied to unseen data, they can only be successfully applied
to a data set drawn from the same distribution as the training
data. This can become challenging because of the Earth’s het-
erogeneity and differing acquisition settings. While we have
successfully demonstrated that transfer learning (Yosinski et al.,
2014) can be used in situations where the neural network is
initially trained on data from a proximal survey (Siahkoohi
et al., 2019), we chose in this contribution to work with half of
the shot records in the survey for training as a proof of concept
to see whether neural networks can handle the intricacies of
field data.

Generative adversarial networks
We are after training a CNN Gθ : X → Y , parameterized by
θ , containing the convolution kernel weights and biases in all
layers, to map shot records with surface-related multiples X to
corresponding shot records without surface-related multiples,
Y . In addition, we consider the possibility to concatenate the
input (data with surface-related multiples) with a computation-
ally cheap prediction of the multiples. GANs provide a unique
framework to train the CNN Gθ , called the generator, using a
learned misfit function instead of a predefined one (Goodfellow
et al., 2014). This is accomplished via another neural network
called the discriminator, Dφ , which learns how to penalize the
generator by distinguishing its output from the target domain, Y .
The two coupled networks achieve their goal via an adversarial
training objective (Goodfellow et al., 2014; Goodfellow, 2016).
The adversary is summarized in the fact that Gθ is challenging
Dφ by providing mappings that are indistinguishable from the
distribution of the target domain. In turn, the discriminator will
improve its ability to estimate the probability of its input being
drawn from the distribution of the target domain, Y . Even-
tually, once GAN is trained, the range of generator, Gθ , will
be indistinguishable from samples drawn from the probability
distribution of the target domain, e.g., shot records without
surface-related multiples.

Training objective
We follow Mao et al. (2016) for the objective function to train
our GAN, since it leads to more stable training compared to
the original formulation of GANs (Goodfellow et al., 2014).



Let xi ∈ X and yi ∈ Y be an arbitrary pair of shot records with
and without surface-related multiples, respectively. Given xi
we aim to predict yi using the mapping Gθ . In general, after
training a GAN, the generator solely learns to generate output
indistinguishable from samples drawn from the probability
distribution of the target domain. In order to force the generator
to map specific paired shot records with and without surface-
related multiples, (xi,yi), i = 1,2, . . . ,N, where N is number of
shot records for training, we use an additional `1-norm misfit
introduced by (Isola et al., 2017) to make sure xi gets mapped
to yi. The adversarial training objective, combined with the
coherence misfit, is then written as follows:

min
θ

E
x∼pX (x),y∼pY (y)

[(
1−Dφ (Gθ (x))

)2
+λ ‖Gθ (x)−y‖1

]
,

min
φ

E
x∼pX (x),y∼pY (y)

[(
Dφ (Gθ (x))

)2
+
(
1−Dφ (y)

)2
]
.

(1)
The expectations in the above expression are computed with
respect to pairs (xi,yi) of shot records with and without surface-
related multiples drawn from the probability distributions pX (x)
and pY (y). Based on objective function 1, the generator has
two tasks. First, it has to fool the discriminator and second,
to map specific training pairs to each other—i.e., xi→ yi for
all training pairs (xi,yi). The hyper-parameter λ balances the
importance of the two aforementioned tasks. Our experiments
show that the training is not very sensitive the the value of λ .
We solve the optimization objective 1 by alternatively updating
θ and φ that minimize the two objective functions. Solving
the optimization objective 1 is typically based on Stochastic
Gradient Descent (SGD) or one of its variants (Bottou et al.,
2018; Goodfellow et al., 2016).

CNN architecture
We modify the neural network architecture described in Quan
et al. (2016) to adapt it to the surface-related multiple elimina-
tion task. We accomplish this by adding extra encoding and
decoding layers so that long-distance temporal and lateral corre-
lations in shot records are perceived by the CNN. Our network
can be simply described by 16 blocks, where the first half of
the blocks define the encoding path of the neural network. This
path includes a Residual Block (He et al., 2016), followed by
a convolutional layer with stride two for down-sampling. The
decoding path consists of 8 blocks also including a Residual
Block, followed by a convolutional layer with stride 0.5 for
up-sampling. For i = 1,2, . . . ,7, the output of ith block in the
encoder path of the network, in addition to serving as input to
the next layer, is concatenated with the output of (15− i)th layer
to construct the input to (16− i)th layer. The described neural
network is used as the generator in the GAN framework. Be-
cause its initial success in removing multiples (Siahkoohi et al.,
2018b), we use the network described in Isola et al. (2017) for
the discriminator.

NUMERICAL EXPERIMENTS
We want to indicate that neural networks are able to approx-
imate the computationally expensive EPSI algorithm, when
applied to field data. To demonstrate this, we conduct two nu-
merical experiments. In the first experiment, we choose the shot
records with and without surface-related multiples, obtained

via EPSI, as input-output training pairs of a CNN. In the last
experiment, we also supply the CNN with a relatively poor pre-
diction of the multiples. By providing additional information to
the CNN, we expect the CNN to produce better approximations
to results obtained by EPSI.

Field data has more intricacies compared to synthetic data and
this makes the surface-related multiple elimination via neural
networks more challenging. Partly motivated by conventional
algorithms for removal of the effects of the free surface, such as
Surface-Related Multiple Elimination (SRME, Verschuur and
Berkhout, 1997) and EPSI, which use all the shot records to
predict primaries, the CNNs in our experiments operate on the
entire shot record. By choosing a deep CNN architecture, we
hope the CNN perceives the long-distance temporal and lateral
correlations among recorded traces. Before describing the two
experiments in detail, we first briefly describe the field data set
we wish to process.

Nelson data set
Our field data set, after exploiting reciprocity and applying
near-offset interpolation, consists of 401 shot records that each
contain 401 traces with 1024 time samples per trace. The time
sampling interval is 4 ms and the spacing between receivers is
12.5 m (Baardman et al., 2010). We compute a poor predication
of multiples by performing a multi-dimensional convolution
of the data with itself. This corresponds to the first iteration
of SRME except for the source-function correction, which can
lead to leakage and loss of primary energy. As a result, the
predicted multiples have a wrong source wavelet and possibly
other time dependent scaling errors and consequently, the neural
network needs to adapt these multiples to the total data with
surface-related multiples. We also estimate primaries via the
EPSI algorithm from which we can also compute the predicted
multiples for comparison. As mentioned before, we use the
estimated primaries and multiples via EPSI for half of the shot
records for training and we will evaluate the performance of
the network using the rest.

Experiment one
In our first experiment, a CNN is only given pairs of shot
records with and without surface-related multiples, obtained via
EPSI. We want to demonstrate that this information is sufficient
to obtain a relatively good approximation to results obtained via
EPSI. To show this, we train a GAN by minimizing objective 1
over 201 input-output pairs of shot records containing surface-
related multiples and predicted primaries obtained via EPSI.
During the optimization we use λ = 1500 to maintain a right
balance between the two aforementioned generator’s tasks and
we made 172 passes through the training data set. To increase
the number of training data, we augment the training data by
adding input-output pairs obtained by flipping the shot records
with respect to the offset axis.

Experiment two
This experiment is designed to show that by supplying the CNN
with a computationally cheap prediction of multiples, the accu-
racy of the surface-related multiple elimination increases. We
construct the input to the generator by concatenating 201 shot
records with surface-related multiples with a poor predication
of multiples, obtained by first iteration of SRME, without the



source-function correction. For each input, the corresponding
desired output for the generator is the predicted primaries con-
catenated with predicted multiples, both obtained via EPSI. In
this case, the CNN learns to correct errors in the input pre-
dicted multiples. It also eliminates the surface-related multiples
from the input shot record. By providing the CNN with a poor
prediction of multiples, we expect the CNN to perform better
compared to the first experiment. We train a GAN by minimiz-
ing objective 1 over augmented training data—i.e., including
flipped input-output pairs with respect to the offset axis, by
making 170 passes through the training data. Similar to the
previous experiment, we set λ = 1500.

Results
in Figure 1, we compare the zero-offset traces of the shot
records after surface-related multiple elimination using EPSI,
the CNN according to experiment one, and the CNN according
to experiment 2. Figures 1a and 1b juxtapose results obtained
with the first experiment with results provided by EPSI between
0.7−1.7 s and 3.1−4.1 s, respectively. Similar comparisons
for experiment two can be found in Figures 1c and 1d. At
last, we compare the adapted predicted multiples produced in
the second experiment directly by the CNN with the adapted
predicted multiples using EPSI between 0.7−1.7 s (Figure 1e)
and 3.1− 4.1 s (Figure 1f). The trace comparisons indicate
the increase in performance in the second experiment, which is
expected as discussed earlier. The difference in performance is
greater in later times (compare Figures 1b and 1d).

Figure 2 contains shot records and results that correspond to the
zero-offset traces shown above. Figure 2a shows a shot record
with surface-related multiples from Nelson data set. Figure 2b
includes the same shot record but after multiple elimination via
EPSI. Figures 2c and 2d depict the shot records after multiple
elimination via CNNs trained according to experiments one and
two. Figure 2e illustrates the predicted multiples obtained via
multi-dimensional convolution of data with itself, used as an
input in experiment two. Figure 2f depicts the predicted mul-
tiples via EPSI. Figure 2g contains the predicted multiples in
experiment one, which is computed by subtracting the predicted
primaries (Figure 2c) from the total data (Figure 2a). Finally,
Figure 2h illustrates the predicted multiples via CNN trained
according to experiment two.

Figure 2 demonstrates the ability of a well-trained CNN to ap-
proximate results obtained by the computationally expensive
EPSI algorithm, provided suitable training data. Additionally,
by comparing Figures 2c and 2g with Figures 2d and 2h, we con-
clude that providing the CNN with poor prediction of multiples
increases the accuracy of the CNN in the second experiment.
For instance, in Figure 2g, indicating predicted multiples in
experiment one, we can notice leakage of first primary, errors
in positioning of large offset event, and missing backscattered
multiples. Note that the number of unknowns in the networks
in the two experiments are slightly different because the dimen-
sions of input/output in the second experiment is larger and
consequently, it may need more training time. Although we
have fixed the training time for the two experiments, results ob-
tained via CNN in the experiment two are more accurate. The
training time in both experiments is 15.5 hours. The average

(a)
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(d)

(e)

(f)

Figure 1: Zero-offset trace comparison. Multiple elimination
via EPSI and CNN in experiment one between a) 0.7− 1.7 s
and b) 3.1−4.1 s. Multiple elimination via EPSI and CNN in
experiment two between c) 0.7−1.7 s and d) 3.1−4.1 s. Pre-
dicted multiples via EPSI and CNN in experiment two between
e) 0.7−1.7 s and f) 3.1−4.1 s.

time it takes to evaluate the output of the CNN in experiment
two is 140 ms per shot record. This corresponds to an average
of 4 minutes per shot record to predict primaries, taking into
account the time it takes to train and apply the network. The
required runtime in our experiments may not be less than the
time needed to apply EPSI, but it might be computationally
favorable when applied in a 3D seismic survey. Also, in case
there exists pairs of raw and processed (via EPSI) shot records
from a proximal survey, by pre-training a neural network on the
mentioned data, we can significantly reduce the time needed to
fine-tune the network to the pertinent survey (Siahkoohi et al.,
2019).
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Figure 2: Comparing results obtained from experiment one and two with results obtained from EPSI. a) Shot record with surface-
related multiples. b) Multiple elimination via b) EPSI, c) CNN in experiment one, and d) CNN in experiment two. e) Relatively poor
predicted multiples, via a single step of SRME, without source-function correction. Predicted multiples via f) EPSI, g) CNN in
experiment one—i.e., difference between a) and c), and h) CNN in experiment two.

DISCUSSION & CONCLUSIONS
Our numerical experiments demonstrate that, given suitable
training data, a well-trained neural network is capable of pro-
viding fast approximation to the action of computationally ex-
pensive Estimation of Primaries by Sparse Inversion (EPSI)
algorithm, applied to field data. An important observation we
made is that by providing the CNN with a relatively cheap pre-
diction of multiples, obtained via a single step of surface-related
multiple elimination method, without source-function correc-
tion, the accuracy of primariy/multiple prediction considerably
increases. Although evaluating the trained convolutional neural
network is extremely fast, by taking into account the training
time the proposed method may only be favorable when applied

in a 3D seismic survey, where EPSI will be very expensive. This
method solely gives a fast and accurate approximation to EPSI,
when evaluated on shot records that are drawn from the same
distribution as the training data. In the next step, by exploiting
transfer learning, we are looking forward to pre-training a neu-
ral network on training pairs obtained from a proximal survey
and we hope to limit the number of training pairs needed from
the pertinent survey for fine-tuning.
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