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ABSTRACT

It is well known that source deghosting can best be applied to common-receiver
gathers, while receiver deghosting can best be applied to common-shot records. The
source-ghost wavefield observed in the common-shot domain contains the imprint
of the subsurface, which complicates source deghosting in common-shot domain,
in particular when the subsurface is complex. Unfortunately, the alternative, i.e.,
the common-receiver domain, is often coarsely sampled, which complicates source
deghosting in this domain as well. To solve the latter issue, we propose to train a con-
volutional neural network to apply source deghosting in this domain. We subsample
all shot records with and without the receiver ghost wavefield to obtain the training
data. Due to reciprocity this training data is a representative data set for source
deghosting in the coarse common-receiver domain. We validate the machine-learning
approach on simulated data and on field data. The machine learning approach gives
a significant uplift to the simulated data compared to conventional source deghost-
ing. The field-data results confirm that the proposed machine-learning approach is
able to remove the source-ghost wavefield from the coarsely-sampled common-receiver

gathers.



INTRODUCTION

In marine seismic acquisition sources are towed under the sea surface. Due to the
large impedance contrast between water and air, the sea surface reflection coefficient
is very close to -1 (more precise -0.99956). Therefore, at the sea surface the upgoing
part of the source wavefield becomes a downgoing wavefield, the so-called source-
ghost wavefield. The same mechanism is responsible for the receiver-ghost wavefield
which is the sea surface reflection of the total upgoing wavefield. The source- and
receiver-ghost wavefields cause notches in the wavenumber-frequency domain. The
presence of these notches in the spectrum, due to destructive interference, limits the
usable bandwidth and interpretability of marine seismic data. This is the main reason
why it is desired to remove the source- as well as the receiver-ghost wavefield. These
processes are called source and receiver deghosting. Note that multi-level and multi-
component acquisition systems (Tenghamn et al., 2007; Day et al., 2013) measure
additional information to fill in the notches due to the receiver-ghost wavefield. To fill
in notches due to the source-ghost wavefield, multi-level sources have been proposed

as well (Hopperstad et al., 2008; Parkes and Hegna, 2011; Caporal et al., 2018).

In this paper we focus on conventional pressure-only data acquired with a streamer
and with an airgun array acting as a single source. In this case most receiver deghost-
ing methods require common-shot records that are densely sampled in the inline di-
rection. A full-3D wavefield receiver deghosting method requires densely sampled
receivers in both the inline and crossline direction. It is quite common that there
are acquisition gaps at the source side as well as at the receiver side in marine seis-
mic acquisition due to economic reasons, obstructions such as islands and oil rigs,
unfavourable topography and environmental regulations. In practise, the acquisition
gaps at the source side are often larger than at the receiver side. Large gaps in the

source acquisition limit the applicability of source deghosting methods, that are best



suited for densely sampled common-receiver data.

There are methodologies such as carpet shooting (Walker et al., 2014) that provide
dense source sampling, but in this paper, we focus on the effects and the implications
of coarse source sampling on source deghosting. At the receiver side multi-component
data can assist to overcome the sampling requirement by integrating receiver interpo-
lation with up-down decomposition (Tang and Campman, 2017). Sun and Verschuur
(2017) proposed a method for pressure data at the detector side that implicitly han-
dles sparse data. Interpolation of seismic sources with large acquisition gaps is not
straightforward, especially if the subsurface is complex. Non-linear effects complicate
source deghosting as well. Parkes and Hatton (1986) described the so-called ’shot ef-
fect’ that resulted in such non-linear behaviour. Ghost cavitation is another non-linear
effect that can occur near the water-air interface (Landrg et al., 2011; Khodabande-
loo and Landrg, 2018). Near-field hydrophone measurements can be used to derive
a far-field signature that includes the ghost effect with its non-linearities, which can
be used to estimate the source-deghosted data (Ziolkowski et al., 1986; Hampson,
2017; Kryvohuz and Campman, 2017; Telling and Grion, 2019). Source deghosting is
often carried out in the common-shot domain to satisfy the sampling requirements.
However, when observed in the common-shot domain, the source-ghost wavefield has
travelled through the Earth with all its complexity, which causes the removal of the
source-ghost wavefield in this domain to be far from straightforward (Blacquiére and

Sertlek, 2018).

We propose a machine learning approach to remove the source-ghost wavefield
in the coarsely sampled common-receiver domain. The architecture of the network
that we use in this paper is based on recently developed convolutional neural networks
(CNN) in deep learning for medical image recognition (Ronneberger et al., 2015; Quan
et al., 2016). These networks are applicable in the case of a limited amount of training

data and are known to be effective for data that resemble the training data. Neural



networks were introduced in geophysics quite some time ago, e.g. in seismic inversion
(Roth and Tarantola, 1994; Nath et al., 1999) and interpretation (Glinsky et al.,
2001). In more recent years, the development of powerful graphic processing units
(GPUs) has led to numerous deep learning algorithms in seismic processing (Sun and
Demanet, 2018; Mikhailiuk and Faul, 2018; Siahkoohi et al., 2019b), interpretation
(Huang et al., 2017; Ross and Cole, 2017; Shi et al., 2018; Pham et al., 2019) and

inversion (Lewis and Vigh, 2017; Araya-Polo et al., 2018; Das et al., 2019).

In the first part of the paper we describe the theoretical framework of source
deghosting carried out in the common-receiver domain and receiver deghosting carried
out in the common-shot domain. Then, we show the limitation of source deghosting
carried out in the coarsely sampled common-receiver domain. After that, we demon-
strate the limitations of a source deghosting method carried out in a densely sampled

common-shot domain.

In the second part of this paper we introduce a strategy to obtain a suitable
CNN-training data set. We assume that receivers are densely sampled and sources
are coarsely sampled. To ensure that the shot records resemble the receiver gathers
we first need to redatum the receivers to the source level and replace the original
receiver-ghost wavefield with a receiver-ghost wavefield that corresponds to that same
level, i.e., the source level. After that we subsample the receivers to mimic the coarse
sampling of the sources. Now, we have input training data that consist of coarsely
sampled shot records including the source- and receiver-ghost wavefields. We also
prepare output training data that consist of receiver-deghosted coarsely sampled shot
records. After the training, we test the network for the purpose of source deghosting
of coarsely sampled receiver gathers. In the first machine learning example, we train
and apply the CNN to numerical data. This example shows that we are able to train
a network and obtain a significant uplift of the source-deghosted data. In the second

machine learning example, we test the method on a field data set, acquired offshore
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Australia.

THE GHOST MODEL

As mentioned, the reflectivity at the sea surface is very close to -1. Therefore,
at the source level z,(z,y), the total downgoing wavefield is the combination of the
direct source wavefield and its reflection at the sea surface. The latter is the so-called
source-ghost wavefield. Similarly, at the receiver level z4(z,y) the combination of
the direct upgoing and reflected downgoing wavefield is measured. The latter is the
so-called receiver-ghost wavefield. There are various methods to include the shape
and dynamics of a rough sea surface (e.g. King and Poole, 2015; Grion and Telling,
2016; Vrolijk and Blacquiere, 2020). However, in this paper we neglect the shape
and dynamics of the sea surface and assume that the sea surface is well represented
by a horizontal sea surface z;. We formulate a monochromatic seismic data set P,
including the receiver- and source-ghost wavefields, according to the matrix notation

introduced by Berkhout (1985) as

P(z4;25) = D(24)G(24, 24) X (24, 25) G (25, 25)S(2s), (1)

where S describes the locations and spectral properties of the sources, X is the trans-
fer function of the subsurface below the source and receiver level, D describes the
locations and spectral properties of the receivers, and G is the source or the receiver

ghost matrix. The source ghost matrix at the source side is given by:

G(zs,25) = 1T — W(zs, 20) W (20, 25), (2)

where W (2, z5) describes forward propagation from the source level up to the sea

surface and W (zg, 29) describes forward propagation from the sea surface down to



the source level, the minus sign represents the strong sea surface reflectivity of —1.
The receiver ghost matrix is similar to the source ghost matrix, with propagation
matrices corresponding to the receiver level z;. In the case of a flat sea surface
and a horizontal receiver level z; or a horizontal source level z,, we can replace the
matrix multiplication in the space-frequency domain by a simple multiplication in the

wavenumber-frequency domain with the ghost operator:

Glly;w) =1 — e k=02 (3)

where k£, is the vertical component of the wave vector. In the case of ideal spatial
receiver sampling, i.e., sampling according to the Nyquist criterion and unit receivers,
the detector matrix becomes a unity matrix, i.e., D(z;) = I, and the right-hand side

of equation 1 becomes the following matrix product:

G (24, 24) X (24, 2s) G (25, 25)S(2s). (4)
A shot record representation of matrix product 4 is given by column vector

G (24, 2a)X (24, 25) G (25, 25) S (). (5)

Applying the inverse of G(z4, z4) to expression 5 gives the receiver-deghosted shot
record

X (24, 25) G (25, 25) 5 (24). (6)

In practise, it is not straightforward to obtain the source-deghosted shot record
from expression 6. Because expression 6 must be multiplied from the left by the
matrix product: X(zg, 25)[G(2s, 25)] X (24, 25)] 7}, For the special case of a lat-

erally invariant subsurface the symmetric Toeplitz matrices X and G commute,



— —

1.e.,X (24, 25)G(2s, 25)S(2s) = G(zs, 25)X(2a, 25)S(2s), which simplifies shot record

source deghosting. We will see this later in an example given in Figure 2.

In the case of ideal spatial source sampling, with unit sources, meaning that

S(zs) = I, the right-hand side of equation 1 becomes:
D(24)G(24, 20) X (24, 25) G(zs, 25)- (7)

A receiver gather is represented by

—

D' (24)G (24, 2a) X (24, 25) G (24, 2s), (8)

where the dagger symbol { indicates a row vector. Now, applying the inverse of

G(zs, z5) to expression 8 gives a source-deghosted receiver gather, which is given by

—

D' (24)G (24, 2a) X (24, 2. (9)

Again, it is not straightforward to obtain the receiver-deghosted receiver gather from

expression 9. We take the transposed of expression 9 to obtain
X (24, 25)" G (24, 24) D(2a), (10)

using G (24, zq) = G(24, 2z4)T because of reciprocity, where superscript 7" indicates the

transposed of a matrix. Now, the similarity with expression 6 is evident.

Above, we have formulated source deghosting carried out in the common-receiver
domain (expressions 5 and 6) and receiver deghosting carried out in the common-
shot domain (expressions 8 and 9). In the following section, numerical examples
demonstrate that for a laterally invariant subsurface, source deghosting carried out

in the common-shot domain is similar to source deghosting carried out in the common-



receiver domain. However, for a complex subsurface source deghosting carried out
in the common-receiver domain is preferable to source deghosting carried out in the

common-shot domain.

THE EFFECT OF A COMPLEX SUBSURFACE IN THE
COMMON-SHOT DOMAIN

We first generated ghost-free 2D seismic data with a finite-difference scheme using
the laterally invariant velocity model from Figure la. After that, we only added the
source ghost using equation 3. For now we did not model the receiver ghost, because
we first put all emphasis on the source ghost. Sources as well as receivers were
located at a depth of 15 m with a spatial sampling of 5 m. In Figures 2a and 2b
we show, respectively, a receiver gather and a shot record. As expected, they are
identical. In Figures 2c¢ and 2d we show the corresponding representations in the
wavenumber-frequency domain. The spectra have a clear first-order angle-dependent
notch, which is at 50 Hz for vertical wavefield propagation. This frequency can be
easily computed from the water velocity ¢ and the source depth zg, being 1500 m/s
and 15 m, respectively via f,oen = 0.5¢/25. The amplitude roll-off towards 0 Hz is

the effect of the zeroth-order notch.

In the next example, we generated a similar data set, but now using the Marmousi
subsurface model shown in Figure 1b rather than the laterally invariant subsurface
model of Figure 1la. We show a receiver gather in Figure 3a and a shot record in
Figure 3b. Unlike in the previous example, they are not identical. The difference

in Figure 3¢ shows that the source-ghost wavefield, once observed in the common-



shot domain, is affected by the complex subsurface. In the wavenumber-frequency
domain the first-order notch is clearly visible in the common-receiver domain (see
Figure 3d). However, Figures 3e and 3f show that the first-order notch is blurred in

the wavenumber-frequency spectrum of the receiver gather.

Vrolijk and Blacquiere (2020) give a detailed description of a deghosting algorithm
based on sparse inversion as well as its adaptive variant. The latter was used to obtain
our deghosting results. In Figure 4a we show the result of applying source deghosting
to the receiver gather of Figure 3a. The difference with the original ghost-free data

(see Figure 4b) is quantified by the signal-to-noise ratio (S/N) as follows:

S/N = 10l0g<zz 7 |f)0|po |2> (11)

with py being the modeled ghost-free data and (pp) the deghosted result in the space
time domain. The overall S/N in this example is equal to 39.8 dB. A selected area
with a time range of 2.2 s to 2.6 s and an offset range of -2250 m to -1250 m has
a S/N of 39.8 dB and another selected area with a time range of 1.52 s to 1.92 and
offset range of 1000 m to 2000 m has a S/N of 41.0 dB. The deghosting algorithm
promotes sparsity in the space-time domain, which stabilizes the inversion. Therefore,
no obvious deghosting artifacts are present in the data domain (see Figures 4a and
4b) and notches in the wavenumber-frequency domain are filled with the correct

amplitudes (see Figures 4c and 4d).

We have demonstrated that the source-ghost wavefield, once observed in the
common-shot domain, is affected by the complex subsurface. Consequently, this
will have an effect on the quality of source deghosting in the common-shot domain,
which we demonstrate in Figure 5. To obtain the result in Figure 5a we applied a

different source deghosting algorithm, being adaptive, to the shot record of Figure
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3b. This deghosting algorithm can adapt the depth of each source as a function of
time. In this way, it can handle the source ghost observed in the common-shot do-
main, i.e., after being affected by the complex Earth, to some extent. The difference
in Figure 5b shows that there are some weak ringing artefacts and amplitude losses.
The corresponding wavenumber-frequency spectra of Figures 5a and 5b are given in
Figures 5c and 5d. The overall and selected signal-to-noise ratios in Figure bb are
equal to respectively, 9.0 dB, 0.6 dB and 15.1 dB. These numbers are significantly
lower than the signal-to-noise ratios that we obtained in the common-receiver domain
(Figure 4b). Hence, this example illustrates that it is essential that source deghosting
is carried out in the common-receiver domain to obtain an optimal source deghosted

result.

THE EFFECT OF COARSELY-SAMPLED DATA

We have demonstrated that source deghosting should be carried out in the common-
receiver domain in the case of a complex subsurface to obtain optimum results. How-
ever, in practise, this domain is often coarsely sampled. This complicates source
deghosting as this would cause aliasing artifacts. In Figure 6a we show a coarsely
sampled receiver gather from the Marmousi model with the large spatial source sam-
pling of 75 m. In practise, such a coarse source sampling often occurs in the crossline
direction. The result is that the data is aliased, which leads to the well-known wrap-
around effects in the wavenumber-frequency domain (see Figure 6d). Especially, the
high frequencies are affected by the coarse sampling. Our sparse inversion deghosting
method can handle coarsely sampled receiver gathers to some extent. The result is
given in Figures 6b and 6e in, respectively, the space-time and wavenumber-frequency

domain. In Figures 6¢ and 6f we show the difference with respect to the ghost-free
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data. The aliasing artifacts have a detrimental effect on the overall S/N, which is as
low as —5.4 dB. The selected areas are affected as well (Figure 6¢). Thus, in case of
coarsely sampled sources we have to deal with the following dilemma. In the common-
receiver domain the quality of source deghosting is limited by coarse source sampling,
while in the common-shot domain the quality of source deghosting is limited by the
complex subsurface. In the following section we propose a machine learning approach

to handle this dilemma.

CNN SOURCE DEGHOSTING OF COARSELY-SAMPLED
COMMON-RECEIVER DATA

We have demonstrated that a coarse sampling in the common-receiver domain
causes artifacts in the results of source deghosting. To overcome this issue, we propose
to train a Convolutional Neural Network (CNN) with supervised learning to apply
source deghosting to coarsely sampled receiver gathers. We start with the seismic

data given by the following matrix product:

D5(2a) G (24, 2a) X (24 25) G (25, 25)S a(25), (12)

where the subscript A indicates a coarse sampling (here for the sources), with spatial
interval Az, while subscript ¢ indicates a dense sampling (here for the receivers), with
spatial interval dx. The relation between the two is given by Ax = ndx, where n is

an integer number.

The input training data consist of coarsely sampled shot records including the
source-ghost wavefield as well as the receiver-ghost wavefield, whereas the output

training data consist of receiver-deghosted coarsely sampled shot records. We apply
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the following processing steps to generate the training data. At first, we apply receiver
deghosting to matrix product 12. After that, we redatum the receivers to the level
of the sources (see Figures 7a and 7b) using acoustic wavefield propagation on the

pressure data, such that it becomes

Ds(25)X(2s, 25) G(2s, 25)Sa(2s)- (13)

In seismic acquisition receivers are usually located below the source(s), and forward
wavefield propagation must be carried out to obtain equation 13. In case receivers
are located above the source, backward wavefield propagation must be carried out.
Wavefield propagation is described by e.g., Wapenaar and Berkhout (1989) from a
flat receiver level and by Sun et al. (2018) from an arbitrary receiver level. In this
paper we only use a forward propagation step in the field data example, because in
the other examples the sources and receivers are located on the same level. Forward
propagation can be carried out accurately when receivers are sampled according to

the Nyquist criterion. We then numerically add the receiver-ghost wavefield to obtain

Ds(25)G(zs, 25) X (25, 25) G(2s, 25)Sa(2s), (14)

where the receiver-ghost wavefield is now related to the level of the sources. This
step ensures that the shot records of matrix product 14, being our training data,
are similar to the receiver gathers of matrix product 14, except that their spatial
sampling is different. In the next step we subsample the receivers of matrix products
13 and 14 such that the spatial receiver sampling becomes identical to the coarse
source sampling (see Figure 7c). Given that n is the rate between the source and
the receiver sampling, the index k of the first detector can have values ranging from
1 to n. This means that n different subsampled data sets can be made of each shot

record. Only if the source and receiver locations coincide, the dataset is reciprocal
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(see k = 1 in Figure 7c). The n subsampled data sets, being the input training data,

are obtained from matrix product 14 and can be formulated as:
[Xem] = [Da(20)]kG (25, 28) X (25, 25) G(2s, 25)Sa(2), for k=1,2,....n. (15)

To obtain the output training data we subsample the receivers of matrix product 13

such that
[ytrain}k = [Da(26)]x X (25, 25)G(2s, 25)Sa(zs), for k=1,2,...,n. (16)

The CNN handles each shot record combination from equation 15 with receiver ghost
and 16 without receiver ghost as an individual training pair. Once the network has
been trained, we apply the network to remove the source-ghost wavefield from the

transposed of matrix product 15, which is given by:

[X}k - SA(ZS)TG(ZS7Zs)X(Zs,Zs)G(Zs,Zs)[DA(ZS)]Z, for k=1,2,...n. (17)

Notice the similarity with equation 15. Therefore, we can now use the CNN to carry

out the source deghosting, which results in:
[y]k = SaA(2)" X (26, 26)G (26, 2)[Da(zs)]f, for k=1,2,...,n. (18)
Undoing the transposition, and using Ds = >";'_; DA we obtain:
D;(25) G (25, 26) X (25, 2:)8a(25), (19)

which after conventional receiver deghosting, carried out on the well-sampled shot
records, becomes:

Dy (25)X(2s, 25)Sa(2s)- (20)

13



If desired this can be redatumed to Ds(z4)X (24, 25s)Sa(2s), which represents the fully
deghosted version of equation 1. Following this approach, the network can be applied

to the same data distribution to ensure the reliability of the network.

CNN ARCHITECTURE

The CNN architecture used in this paper is based on the work of Ronneberger
et al. (2015) and Quan et al. (2016) on convolutional encoder-decoder networks. These
networks have been applied successfully in the medical field with a limited amount
of training data and in terms of the amount of data that resembles our case. The
network consists of four encoding layers and four decoding layers connected by a
bridge (see Figure 8). Each encoding layer consist of a convolutional layer, a batch
normalization layer, an activation layer and a max pooling layer. The max pooling
layer downsamples the data with a factor of two in both the time and space direction.
Each decoding layer consist of a transposed convolutional layer, a batch normalization
layer and an activation layer. The transposed convolutional layer upsamples the data
and makes sure that the number of filters is equal to its connected encoding layer. The
encoding layers are connected with a summation to a corresponding decoding layer,
which makes the network fully residual. The components of the bridge are similar to
those of the encoding layer, but without a max pooling layer. The number of filters
gradually increases towards the bridge block and then gradually decreases towards
the predicted output. The activation layer consist of a ReLU (rectified linear unit)
function. We used stochastic gradient descent to minimize the L2-misfit between
training input and output. In addition, we modified the size of the kernel to handle

the seismic data properly.
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CNN SOURCE DEGHOSTING: NUMERICAL EXAMPLE

To obtain the training data we first modeled ghost-free seismic data for the Mar-
mousi velocity model shown in Figure 1b using a fixed spread configuration. In total
we modeled 1200 sources and 1200 receivers on a grid of dx = 5 m, which allowed us
to add both ghost wavefields as explained earlier. The ghost wavefields correspond
to sources and receivers located at z;, = z; = 15 m under the sea surface. Then
we applied source subsampling with a factor n = 15, from dz = 5 m to Az = 75
m to obtain 80 modeled shot records. Because we put the sources and receivers on
the same level redatuming is unnecessary and we created a situation as illustrated in
Figure 7b. After that we subsample the receivers of these 80 modeled shot records
with a factor n = 15 for each index k to obtain the input training data (see Figure
7c). To obtain the output training data we applied receiver deghosting before the
receiver subsampling stage. In total we used 1200 training pairs, which is equal to
the number of shot records, being 80, times n. We created an additional 300 pairs
from the dense data excluding the 80 shot records used for training to validate the
network and to determine the number of filters, number of layers and the learning
rate. We show the performance on the training data and validation data in Table
1. These results indicate that the performance of the network is quite robust with
respect to changes in the learning rate and the size of the network. Only the results
obtained with a smaller amount of filters significantly reduced the performance of the
network. The results that we show in the data and frequency domain are obtained
using a CNN with four encoding layers, four decoding layers and a learning rate of
0.01. The number of filters increases from 64 to 1024 at the bridge block, after which

the filter size recursively decreases to 64.

In Figure 9a we show a subsampled receiver-deghosted shot record with a lateral

source position of 2925 m. After training (100 epochs), the differences between the
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CNN receiver-deghosted shot record and its corresponding training output has an
overall S/N of 29.2 dB and signal-to-noise ratios of respectively, 29.8 dB and 24.8 dB

for the selected areas (see Figure 9c).

In Figure 9b we show a subsampled validation record with a lateral source position
of 4325 m. The differences in the selected areas with the modeled source-ghost-free
receiver gathers in Figure 9d have signal-to-noise ratios of 18.4 dB and 22.2 dB and
an overall S/N of 22.2 dB. We applied the CNN to remove the source-ghost wavefield
from the original 1200 coarsely sampled receiver gathers as well. We show examples
in Figures 10 and 11 for receiver gathers with lateral receiver locations of 2890 m and
4750 m, respectively. Note that the receiver ghost is still present. The differences
in Figure 10c and 11c have signal-to-noise ratios between 16.0 dB and 29.1 dB. The
wavenumber-frequency spectra show there is only a small amount of residual energy
around the notch frequency of 50 Hz related to vertical propagation (see Figures 10f
and 11f). The CNN result gives a significant uplift compared to the source-deghosted
result of Figure 6b. Note that the overall performance on the application data is

comparable to the overall performance on the validation data (see Table 1).

In Figure 12a we show a shot record corresponding to Figures 10b and 11b. Next,
we applied receiver deghosting based on sparse inversion to the well-sampled source-
deghosted shot records, leading to fully deghosted records. An example of a shot
record before and after receiver deghosting can be found in Figures 12a and 12b. The
corresponding wavenumber-frequency spectra are shown in Figures 12d and 12e. The
difference with the modeled ghost-free shot gather is shown in Figures 12c¢ and 12f.
The selected areas in Figure 12c¢ have signal-to-noise ratios of 20.3 dB and 26.6 dB
and an overall S/N of 20.6 dB. Again, the results of the CNN has a higher S/N than

the conventional deghosting result shown in Figure 7a. This is due to latter method
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being carried out in the 'wrong’ domain, which limits it quality, while the CNN does

not suffer from this issue.

CNN source deghosting: Field data example

We applied the machine learning approach for applying source deghosting to
coarsely sampled receiver gathers taken from a field data set, acquired offshore Aus-
tralia. For this example, we took a subset of 110 shot records with a spatial source
sampling of Az = 75 m and a spatial receiver sampling of dx = 6.25 m, meaning
that n = 12 in this example. The source depth was 5 m and the depth of the slanted
cable ranged from 8 m to 60 m. A single shot record is shown in Figure 13a and its
wavenumber-frequency spectrum in Figure 14a. Due to the slant of the cable, which
leads to notch diversity, there is no clear receiver-ghost notch in the wavenumber-
frequency spectrum. Figures 13b and 14b show the result after receiver deghosting.
The arrows in Figures 13a and 13b indicate that the slanted ghost effect is removed
accurately. In addition, the receivers have been redatumed to the source level of 5
m. We then numerically added the corresponding receiver-ghost wavefield, see Fig-
ure 13c. As expected, now a clear first-order receiver-ghost notch becomes visible in
the spectrum around 150 Hz for vertical propagation, see Figure 14c. To create the
training data for the CNN, we subsampled the shot records with and without the
redatumed receiver-ghost wavefield by the factor n = 12. The number of layers, the
number of filters and the learning rate remain the same as in the numerical example
discussed previously. Only the size of the kernels was adjusted to the size of the

subsampled shot records from the field data. Once the network was trained (after
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200 epochs) with the subsampled shot records, we applied the CNN to remove the

source ghost from the coarsely sampled receiver gathers.

We then carried out receiver deghosting using sparse inversion in the densely
sampled common-shot domain. A shot record from the now fully deghosted result
is shown in Figure 13d. The reflections have the high-resolution appearance that
characterizes ghost-free, wideband data, without any obvious deghosting artifacts.
The corresponding wavenumber-frequency domain representation is shown in Figure
14d. As expected, we see that the amplitudes around the zeroth- and first-order
source-ghost notches, at 0 Hz and 150 Hz respectively, have been boosted, whereas
in between these notches the amplitudes have been reduced. Thus, both the shot-
record and its wavenumber-frequency spectrum indicate that the source-ghost and

the receiver ghost have been removed successfully.

A conventional technique to obtain the source deghosted result is to apply trace-
by-trace sparse deghosting with a 1D ghost model. We compare results obtained
with trace-by-trace sparse source deghosting with results obtained with CNN source
deghosting for a shallow near-offset section in the common-shot domain with a mini-
mum offset of 175 m (Figures 15a and 15b). The trace-by-trace sparse source deghost-
ing result has some deghosting artefacts, which are most visible near the water-bottom
reflection. These artefacts might be related to the relatively weak angle-dependancy
of the ghost. They are not present in the CNN source deghosting result. As an
additional quality control we compare the corresponding stacked frequency spectra
of Figures 15a and 15b in Figure 16. We also show the frequency spectrum before
source deghosting. Figure 16 shows that the observed artefacts after trace-by-trace
source deghosting are the result of over-amplified amplitudes in the notch area, which
confirms that these artefacts are the result of neglecting the angle-dependancy of the

ghost.
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DISCUSSION

This paper demonstrated the capabilities of a machine learning approach for re-
moving the source-ghost wavefield from coarsely sampled data. It is a first step
towards a fully 3D source wavefield deghosting method that is suitable for coarsely
sampled data. Other seismic processing methods such as source redatuming, which
are limited by coarsely sampled data, might benefit from a comparative strategy. One
of the challenges in 3D would be the different azimuth distribution between the reda-
tumed and subsampled shot gathers, and the aliased receiver gathers. In principle the
method can handle irregular geometries by adjusting the subsampling or if necessary
interpolating the training data to the required irregular sampling geometry. Another
challenge is to account for variations between the source and receiver ghost wavefield
due to rough sea surface effects. A rough sea surface causes asymmetry between the
source ghost and the receiver ghost throughout a survey. The source ghost is almost
instantaneous and therefore, accurately described by an effective static sea surface
model. However, the receiver ghost could only be handled by a dynamic sea surface
model. In such a case, the receiver ghost must first be removed using a method
that can handle a dynamic rough sea surface (e.g. King and Poole, 2015; Grion and
Telling, 2016; Vrolijk and Blacquiere, 2020). Subsequently, an effective static sea sur-
face model could be included during the modelling of the receiver ghost wave field
on the source depth. It is also known that e.g., ghost cavitation causes asymmetry
between the source side and the receiver side. The field data results indicated that
the CNN might be able to deal with the non-linear source effects since no obvious
deghosting artefacts effects were present. Including the exact source effects, azimuthal
differences and rough sea surface effects in the training data could be challenging and
further research is required. In addition, comparing our proposed method with exist-
ing deep learning interpolation schemes (Wang et al., 2020; Siahkoohi et al., 2019a;

Garg et al., 2019) followed by, e.g., a sparse source deghosting method could also
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provide more insight in its capabilities.

It is expected that the method can be easily adapted to be suitable for application
to coarsely sampled common-shot gathers acquired with ocean-bottom nodes. After
source deghosting and redatuming of the sources to the ocean-bottom, the training
of the CNN can be carried out on subsampled common-receiver gathers with and
without modelled source ghost wavefield. Then the CNN could be applied to coarsely

sampled common-shot gathers to remove the receiver ghost wavefield.

CONCLUSIONS

We successfully applied a CNN to remove the source-ghost wavefield from coarsely
sampled receiver gathers. The key is that we used the symmetry that exists between
source deghosting in the common-receiver domain and receiver deghosting in the
common-shot domain. As receiver deghosting in the well-sampled common-shot do-
main is relatively easy, we proposed a strategy to train the CNN with subsampled
shot records before and after receiver deghosting. Because of the symmetry, this
case mimics the situation of coarsely sampled receiver gathers before and after source
deghosting. Tests on numerical as well as field data show that our approach can
accurately remove the source-ghost wavefield from coarsely sampled receiver gathers.
These results are better than those obtained from adaptive source deghosting in the

well-sampled common-shot domain.
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Figure 1: Velocity models used for acoustic finite-difference modeling. a) Velocity
model of a laterally invariant subsurface. b) Velocity model of a complex subsurface

(Marmousi model including water layer on top).
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Figure 2: Data including the source-ghost wavefield in various domains for a laterally
invariant model and a source depth of 15 m. a) A receiver gather including the source
ghost. b) A shot record including the source ghost. d) The wavenumber-frequency
spectrum of the receiver gather including the source ghost. e) The wavenumber-

frequency spectrum of the shot record including the source ghost.
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Figure 3: Data including the source-ghost wavefield in various domains for the Mar-

mousi model and a source depth of 15 m. a) A receiver gather including the source

ghost. b) A shot record including the source ghost. ¢) Difference between Figures 3a

and 3b. d) The wavenumber-frequency spectrum of the receiver gather including the

source ghost. e) The wavenumber-frequency spectrum of the shot record including

the source ghost. f) Difference between Figures 3d and 3e.
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Figure 4: The source-deghosting result based on sparse inversion of the data shown in
Figure 3a. a) Common-receiver gather after source deghosting. b) Difference between
Figure 4a and modeled ghost-free receiver gather. c¢) The wavenumber-frequency

spectrum of Figure 4a. d) The wavenumber-frequency spectrum of Figure 4b.
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Figure 5: The adaptive source-deghosting result of Figure 3b. a) Shot record after
source deghosting. b) Difference between Figure 5a and modeled ghost-free shot
record. ¢) The wavenumber-frequency spectrum of Figure 5a. d) The wavenumber-

frequency spectrum of Figure 5b
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Figure 6: a). Modeled, coarsely sampled, ghost free common-receiver gather. b)
Common-receiver gather after deghosting. c¢) Difference between Figure 6a and Figure
6b. d) The wavenumber-frequency spectrum of Figure 6a. e) The wavenumber-
frequency spectrum of Figure 6b. f) The wavenumber-frequency spectrum of Figure
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Figure 7: The preprocessing steps to obtain the training data. The four raypaths in
a) and b) are respectively, the direct event, the source ghost, the receiver ghost and
source-receiver ghost. a). The coarsely-sampled sources at source level z; and densely-
sampled receivers at receiver level z;. b) The original receiver ghost is replaced with a
receiver ghost that corresponds to receivers at the depth level of the sources (z4 = z;).

¢) A densely-sampled shot record is subsampled for n = 6.



@ Encoding layer = Convolutional layer + Batch Normalisation + Relu activation + Max Pooling layer (Downsampling

@ Decoding layer = Transposed Convolutional layer (Upsampling) + Batch Normalisation + ReLu activation

@ Bridge layer = Convolutional layer + Batch Normalisation + Relu activation

Figure 8: The architecture of the convolutional neural network, showing the encoder-

decoder structure and the residual connections between each encoding and decoding

block.
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Figure 9: The results of the CNN for one input training shot record and one vali-
dation shot record. a) Training shot record (lateral source location: 2925 m) after
CNN receiver deghosting. b) Validation shot record with source (lateral source lo-
cation: 4325 m) after CNN receiver deghosting. c¢) Difference between Figure 77
and corresponding output training shot record. d) Difference between Figure 7?7 and

corresponding output validation shot record.
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Figure 10: The CNN result for a coarsely sampled receiver gather with a lateral
receiver location at 2890 m. a) Receiver gather including the source as well as the
receiver ghost. b) Receiver gather after CNN source deghosting. c¢). Difference
between Figure 10b and modeled source-ghost-free receiver gather. d), e) and f) The

wavenumber-frequency spectra of Figures 10a,10b and 10c.
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Figure 11: The CNN result for a coarsely-sampled receiver gather with a lateral
receiver location at 4750 m. a) Receiver gather including the source as well as the
receiver ghost. b) Receiver gather after CNN source deghosting. c¢). Difference
between Figure 11b and modeled source-ghost-free receiver gather. d), e) and f) The

wavenumber-frequency spectrum of Figures 11a,11b and 11c.
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Figure 12: Receiver deghosting after source deghosting. a) Input: shot record after
CNN source deghosting carried out in the common-receiver domain. b) Output: shot
record of Figure 12a after receiver deghosting using sparse inversion carried out in the
common-shot domain. ¢) Difference between Figure 12b and the modeled ghost-free

shot record. d), e) and ) The wavenumber-frequency spectra of Figures 12a, 12b and

12c.



Network Perfomance (dB)

Network Parameters

Training data

(1200 pairs)

Validation data
(300 pairs)

Application data
(1200 pairs)

encoding Layers=4
decoding Layers=4
learning-rate=0.01

filter numbers=64,128,256,512,1024

274

23.3

22.6

encoding Layers=4
decoding Layers=4
learning-rate=0.001

filter numbers=64,128,256,512,1024

27.0

23.2

22.5

encoding Layers=4
decoding Layers=4
learning-rate=0.01

filter numbers=16,32,64,128,256

21.6

20.9

20.5

encoding Layers=3
decoding Layers=3
learning-rate=0.01

filter numbers=64,128,256,512,1024

26.7

23.2

22.5

Table 1: The sensibility of the overall CNN performance of the training data, vali-

dation data and application data with respect to the number of layers, the learning

rate and the filter numbers.
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Figure 13: a) Shot record including the source ghost effect as well as the slanted-
cable receiver ghost effect. b) Redatumed shot record including the source ghost
effect. ¢) Redatumed shot record including source ghost effect as well as modeled
receiver ghost effect. d) Shot record after CNN source deghosting and conventional

receiver deghosting.
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Figure 14: a) The wavenumber-frequency spectrum of Figure 13a. b) The
wavenumber-frequency spectrum of Figure 13b. ¢) The wavenumber-frequency spec-

trum of Figure 13c. d) The wavenumber-frequency spectrum of Figure 13d.



Offset (m) Offset (m)
500 500

Figure 15: a) A near-offset section after sparse receiver deghosting and trace-by-trace
sparse source deghosting. b) A near-offset section sparse receiver deghosting and

CNN source deghosting.
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Figure 16: The stacked frequency spectra corresponding to Figures 15a and 15b and

before receiver deghosting.





