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Abstract—Seismic deblending is an ill-posed inverse problem
that involves counteracting the effect of a blending matrix
derived from the shots position and firing time. In this letter,
we propose a seismic deblending method based on so-called
deep preconditioners. A convolutional Autoencoder (AE) is first
trained in a patch-wise fashion to learn an effective sparse
representation of the common receiver gathers (CRGs) we aim
to reconstruct. Then, the decoder branch of the trained AE is
used as a nonlinear preconditioner for the deblending problem.
Particularly, to avoid the explicit creation of a training dataset,
we suggest to use the common shot gathers (CSGs) of the
blended dataset itself to train the AE network, as they are not
affected by incoherent blending noise. Numerical examples on
synthetic and field datasets demonstrate the effectiveness of the
proposed method in comparison with significantly comparable
techniques: a dictionary-learning based deblending method; an
end-to-end deblending convolution neutral network (CNN).

Index Terms—Seismic deblending, deep preconditioners, latent
space, Autoencoder, blended common shot gathers (CSGs).

I. INTRODUCTION

CONVENTIONAL seismic data acquisition campaigns
may take up to several months to complete, and

consequently, are associated with high costs, especially when
aiming for high density, wide-azimuth seismic data surveys.
Therefore, seismic blended acquisitions, which allow
multiple shots to be fired within a short time interval have
gained popularity in recent years as a way to increase
efficiency [1]. However, this kind of acquisition techniques
comes with a number of challenges due to the mutual
interference between shot records, which prevents the
subsequent application of traditional processing and imaging
workflows.

Currently, one option is to directly apply conventional
imaging and inversion algorithms to blended data [2]–[5].
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Although these methods reduce the impact of crosstalk
without any explicit deblending, sometimes the information
contained in the unblended single shots is crucial.
Furthermore, most of the mature processing workflows are
carefully designed for unblended data. Therefore, another
strategy is to develop deblending methods to separate the
blended data into individual shots and exploit existing
standard processing workflows.

Deblending methods can be roughly classified into two
categories: filtering and inversion. Filtering methods exploit
the idea that, after pseudo deblending, the blending noise is
coherent in the common shot domain and is random-like in
the non-shot domain, whereas the useful signal is coherent in
every domain. Inversion methods work by explicitly
reversing the blending process, which is an ill-posed inverse
problem that needs regularization. Within these two
categories, deblending methods may build upon different
methodologies: median filtering [6]–[8], rank-reduction [9],
[10], sparse representation [11]–[16], and deep learning
[17]–[19].

It is worth mentioning that approaches based on sparse
representations look for the solution of the deblending
inverse problem into a domain where the useful signal can
be explained by few non-zero coefficients. This projection
can be accomplished via fixed-basis transforms, such as
Fourier transform [11], Generalized windowed transforms
[12], and Curvelet transform [13]. Alternatively, it can also
be obtained from a dictionary directly learned from the
dataset itself [14]–[16].

In recent years, owing to the ability of convolutional
neural networks (CNNs) to learn representative features from
large amount of training data, end-to-end deblending
methods trained on pairs of pseudo-deblended data and
unblended data have been proposed [17] and further
integrated into deblending iterative strategies [18], [19].
However, the performance of these methods largely depends
on the training data, and collecting proper training data to
avoid generalization issues is a challenging task.

In this letter, we propose to exploit deep preconditioners
[20] to drive the solution of the inverse problem of seismic
deblending. This approach combines the advantages of an
explicit and interpretable inversion with the ability of deep
CNNs to learn compact representations of seismic data.
Specifically, rather than collecting high-quality synthetic or
field dataset to construt the training pairs, we use the
common shot gathers (CSGs) of the blended dataset itself to
train a convolutional Autoencoder (AE) [21]. Patches of
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blended CSGs share abundant features with target CRGs,
thereby mitigating the generalization problem [28]. The
decoder branch of the trained AE is subsequently used as a
nonlinear preconditioner for the deblending inverse problem
which is cast as a nonlinear optimization in the latent space
of the decoder, and can be effectively solved by second-order
nonlinear solvers. Synthetic and field datasets are used to test
the performance of our presented method against well-known
techniques belonging to different families: a dictionary
learning based deblending method [15]; an end-to-end
deblending CNN [19].

II. METHOD

A. Blending Process Formulation

In a seismic blended acquisition, multiple sources fire
their respective shots in a short time interval according to a
pre-designed random dithering code. Therefore, the shots of
different sources are blended together and further recorded
by the same receiver arrays. For one fixed receiver, the
blended seismic data b can be formulated as

b = Γd, (1)

where d ∈ Rmn×1 is a vector containing the unblended
common receiver gather (CRG) with n shots and m time
samples. Γ ∈ Rf×mn denotes the blending operator [15].
Determined by the blending effect, the measurement b
denotes a single long vector of length f , where
f < (m× n).

B. Preconditioners-based Deblending

The goal of seismic deblending is to recover the unblended
seismic data d from the blending measurement b. This can be
accomplished by inverting the relation in (1). As this problem
is generally ill-posed, a proper prior has to be added. From
the Bayesian perspective, this problem can be formulated as a
maximum-a-posteriori (MAP) estimation [27]

d̂ = argmax
d

log p(b|d) + log p(d), (2)

where log p(b|d) is the log-likelihood of measurement b, and
log p(d) defines the probability distribution of the unblended
data d. As shown in [27], if the likelihood term p(b|d) is
assumed to be Gaussian distributed, solving the MAP problem
in (2) is equivalent to solving an optimization problem defined
as

d̂ = argmin
d

||b− Γd∥2 + λR(d), (3)

where ||b− Γd∥2 denotes the data fidelity term, R(d) is the
regularization term, and λ is an adjustable scale parameter.
Alternatively, instead of directly finding the optimal solution
d̂ in (3), we can try to solve for its optimal projected variable x̂
in a certain preconditioner (i.e. the projected space P ∈ Rk →
R(m×n)), such that the regularization term can be replaced
by special properties of the projected variable x restricted by
suitable norms as

x̂ = argmin
x

||b− ΓPx∥2 + εp||x∥p, (4)
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Fig. 1. The used Autoencoder architecture.

where ||·∥p denotes the lp norm, and εp is a tunable parameter.
The desired solution d̂ is found by d̂ = Px̂ .

As mentioned earlier, based on the concept of sparsity
promoting inversion [22], one preconditioner widely used in
seismic deblending is the fixed-basis transform [11]–[13] that
projects the unblended data d into a space where d can be
expressed as a small number of non-zero coefficients.
However, fixed-basis transforms sometimes fail to accurately
describe complex vector spaces spanned by seismic data.
Dictionary learning can overcome this limitation to some
degree by learning a vector space directly from the data
itself. Nevertheless, these learned dictionaries are linear,
which makes them unable to adapt to seismic data with more
complex structures [14]–[16].

C. Deep preconditioners based Deblending

Deep AE [21] is a nonlinear dimensionality reduction
technique which has the capability of learning a mapping
from high dimensional data to a lower dimensional
representation space, such that its decoder part can be seen
as a nonlinear deep preconditioner [20]. Compared with
fixed-basis transforms and learned dictionaries, this deep
preconditioner provides a more accurate vector space
spanned by seismic data. In order to combine the advantages
of an explicit and interpretable inversion and the ability of
deep AE to learn precise representations of seismic data, we
introduce the deep preconditioner into (4) and get

{x̂j}nb

j=1 = min
{xj}

nb
j=1

∥∥∥∥∥∥b− Γ

nb∑
j=1

Rj
HDθ̂(xj)

∥∥∥∥∥∥
2

s.t. ∥xj∥1 ≤ t j = 1, 2, ..., nb.

(5)

where Dθ̂ ∈ Rk → Rq is the decoder branch of a trained
AE. θ̂ denotes the trained parameters of the decoder. Here
the sought deblended data d is decomposed in overlapping
patches and the inversion is performed over the latent
representation of each of these patches. More specifically,
{Dθ̂(x̂j)}nb

j=1
are the recovered patches of the final

deblended data d̂, and {xj}nb

j=1 are their corresponding
latent variables. {Rj

H}nb

j=1 ∈ R(m×n)×q are the backward
patching operators which assemble the recovered patches
together. Note that because the decoder the optimization
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problem in (5) becomes nonlinear, the second order
nonlinear solver L-BFGS [23] is used here.
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Fig. 2. Random dithering codes. (a) The random dithering code of synthetic
data. (b) The random dithering code of field data.
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Fig. 3. Synthetic data. (a) Unblended CRG. (b) Pseudo-deblended CRG.

D. Autoencoder Training

In order to get the optimal parameters θ̂ of the above
decoder Dθ, a complete deep convolutional AE Dθ(Eθ(·))
should be trained properly. This is accomplished by
minimizing the following loss function over a training
dataset of ns samples {ui}ns

i=1 that is representative of the
conventional CRG d we wish to recover

θ̂ = argmin
θ

1

ns

ns∑
i=1

||ui −Dθ(Eθ(ui))∥2 + εθ||θ∥2, (6)

where Eθ ∈ Rq → Rk denotes the encoder part of AE, and
εθ is the adjustable weight decay parameter.

AE Architecture: The used architecture of AE is shown in
Fig. 1. It consists of three parts: an encoder, a decoder, and a
bottleneck. In order to alleviate the vanishing gradient
problem, the encoder is composed of two Residual blocks
(ResBlocks) [24] and two downsampling layers. Besides two
ResBlocks and two upsampling layers, a convolutional layer
with batch normalization is used as the final part of the
decoder to reduce the number of output channels to that of
the input. The bottleneck consisting of two fully connected
layers restricts the flow of information from the encoder to
the decoder and represents the latent vector space of the
seismic data.

Training Dataset: A good training dataset is key to train
an effective AE. A standard practice is to construct
high-quality synthetic dataset or collect an appropriate field
dataset, but neither is easy to implement for the problem of
seismic deblending. In order to solve this issue, we rely on

the blended dataset itself and use its CSGs to construct the
training samples [28]. This means that no extra data is
required. Based on the reciprocity theorem [25], [28],
unblended CSGs are similar to unblended CRGs as they both
capture similar geological information. On the other hand,
despite the acquired CSGs are blended, we can still find that
the data are coherent and thus they share similar
characteristic with the unblended data.

Fig. 4. Some blended CSGs of synthetic data.
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Fig. 5. Deblending results of different methods on the synthetic CRG. (a)
Dictionary learning [15]. (b) Deblending CNN. (c) Proposed method.
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Fig. 6. Corresponding errors of different methods on the synthetic CRG. (a)
Dictionary learning [15]. (b) Deblending CNN. (c) Proposed method.

Other Training Details: For both of the presented synthetic
and field data examples, the size of training samples {ui}ns

i=1

is set as 64×64 . We train the AE using the ADAM algorithm
for 30 epochs, with a batch size of 256. The learning rate is
0.001, and the weight decay is 0.0001.

III. EXPERIMENTS

In this section, we use synthetic and field datasets with
complex subsurface structures to demonstrate the
performance of our method. For both datasets, we mimic a
blending strategy usually referred to as half blending: two
seismic acquisition vessels move in the same direction firing
almost simultaneously, each covering half of the acquisition
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area. Therefore, each blended shot gather can be seen as the
superposition of the two individual shot gathers. Here, the
first source always fires at nominal time, whilst the second
source fires at dithered times according to the pre-designed
random dithering codes. The classical dictionary learning
based deblending method [15] and the end-to-end deblending
CNN are used for comparisons. For the latter comparative
method, we follow the same training strategy in [19], which
utilizes the pseudo-deblended data and original unblended
data as “noisy-clean” training pairs, and specially use the
blended CSGs for the network training. The network
architecture is the widely used DnCNN [26]. In order to
quantitatively assess the recovery performance, the
signal-to-noise ratio (SNR) is used

SNR = 10 log 10
||d∥22

||d̂− d∥22
, (7)

where d̂ is the deblending result, and d is the unblended data.
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Fig. 7. Field data. (a) Unblended CRG. (b) The pseudo-deblended CRG.

Fig. 8. Some blended CSGs of field data.

A. Synthetic Data Example

The synthetic dataset is created using the central part of
the 2-D Marmousi model. It includes 256 shots and 256
receivers. The number of time samples is 768 and the
temporal sampling is 8 ms. To make sure that the first
shooting source always fires ahead of the other, the random
time delay is predefined as [0, 3.2s], which is shown in Fig.
2(a). One unblended CRG is shown in Fig.3(a), it can be
seen that it contains complex seismic events with multiple
dips and a wide range of amplitudes. Its corresponding
pseudo-deblended CRG is displayed in Fig. 3(b). Because of
the special structure of the blending matrix, the
pseudo-deblended CRG is the superposition of the unblended
CRG and the blending noise [28]. We can also observe that
the blending noise masks the useful seismic events which

will bring many difficulties to the effective deblending. Fig.4
displays some blended CSGs, in which we can see that the
blended CSGs are the results of paired dislocation overlap of
shots produced by different sources, but the shots are
coherent, and the seismic events are quite similar to those in
Fig. 3(a). Therefore, it is reasonable to use blended CSGs as
the training dataset. Fig. 5(a) to 5(c) show the deblending
results of different methods on the synthetic CRG in Fig.
3(b) and the corresponding errors are shown in Fig. 6(a) to
6(c), respectively. As shown in Fig.5(a) and 6(a), the
deblended data from the dictionary learning based
deblending method presents both blending noise residue and
signal damage. For deblending CNN, although we can barely
see the blending noise in Fig. 5(b), there is distinct event
leakage. Our proposed method can effectively remove almost
all of the blending noise with minimal signal leakage. The
SNR results of the different methods for this synthetic CRG
are summarized in Table I. We can see that the proposed
method achieves the best SNR result.
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Fig. 9. Deblending results of different methods on the field CRG. (a)
Dictionary learning [15]. (b) Deblending CNN. (c) Proposed method.
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Fig. 10. Corresponding errors of different methods on the field CRG. (a)
Dictionary learning [15]. (b) Deblending CNN. (c) Proposed method.

B. Field Data Example

The field dataset from Gulf of Suez is comprised of 128
shots, 128 receivers and 512 time samples with spatial and
temporal sampling intervals of 12.5 m and 4 ms,
respectively. Blending is performed here in a similar fashion,
with the only difference that, the random time delay lies in
the time range [0, 0.8s], as shown in Fig. 2(b). One
unblended CRG and its corresponding pseudo-deblending
data are shown in Fig. 7(a) and 7(b), respectively. It can be
seen that the blending noise severely masks the useful signal
especially in the deep area of the first few traces. After
blending simulated acquisition, we can also get the blended
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CSGs, and some of them are shown in Fig. 8. We can see
that these blended CSGs have the similar features to the
conventional CRG in Fig. 7(a), which we aim to recover,
particularly in the parts where the energy from the two shots
do not overlap. The deblending results of different methods
on the field CRG in Fig. 7(b) and the corresponding errors
are shown in Fig. 9(a) to 9(c) and Fig. 10(a) to 10(c),
respectively. As shown in Fig. 9(a), the dictionary learning
based deblending method only smoothed some of the
blending noise, and we can clearly observe remaining noise
which breaks the continuity of the useful events. Severe
signal leakage can be also observed in Fig. 10(a).
Deblending CNN suppresses the blending noise along with a
small part of useful signal and creates some fake events in
Fig. 9(b). Useful signal residue is also clearly visible in Fig.
10(b). Our proposed method almost removed all the blending
noise in Fig. 9(c). Fig. 10(c) shows the corresponding error
section that has little residual error. From Table I we can see
that our method has the best quantitative performance.

TABLE I
THE SNR (DB) RESULTS OF DIFFERENT METHODS

ON THE SYNTHETIC AND FIELD CRGS

Method SNR (dB)
Synthetic CRG Field CRG

Pseudo-deblending 0.78 2.72
Dictionary learning [15] 14.68 11.11

Deblending CNN 21.81 13.98
The proposed method 34.23 18.30

IV. CONCLUSION

In this letter, we solve the ill-posed inverse problem of
seismic deblending via deep preconditioners. A convolutional
AE is trained to learn the latent space representation of the
seismic data and then the decoder branch of the trained AE
is subsequently used as a preconditioner for the deblending
nonlinear optimization. Particularly, instead of constructing
synthetic dataset or collecting field dataset for the network
training, the blended CSGs of the dataset we aim to recover
are used as the training dataset. Our experiments have shown
that the latent space learned from the blended CSGs can well
represent the clean CRGs we wish to recover. Furthermore,
as the input and the output of the AE are identical, unlike
most existing deep learning based deblending methods,
“noisy-clean” data pairs are not needed in our approach.
Synthetic and field data examples show that the proposed
method can get better deblending performance compared
with the dictionary learning based method and the
deblending CNN. In the future, we may use transfer learning
to speed up the AE training.
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