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ABSTRACT

Wu, J. and Bai, M., 2019. Iterative deblending based on the modified singular spectrum
analysis. Journal of Seismic Exploration, 28: 1-20.

Deblending of simultaneous-source seismic data aims at separating the blended
records caused by simultaneous shooting as if the data are acquired traditionally. In this
paper, we propose a novel modified singular spectrum analysis (SSA) approach to
remove blending noise in an iterative inversion manner. Compared with the traditional
SSA approach, the modified SSA approach applies a modified truncated singular value
decomposition (TSVD) onto the Hankel matrix in the frequency domain, and can
attenuate more blending noise than the traditional SSA method. We use both synthetic
and field data examples to demonstrate that the proposed modified SSA method has a
stronger signal-and-noise separability.

KEY WORDS: deblending, singular value decomposition, noise,
singular spectrum analysis, iterative solver.

INTRODUCTION

Modern seismic acquisition requires a high-density, wide-azimuth
coverage for improving the subsurface illumination (Chen et al., 2017a.).
Large acquisition systems require a highly efficient acquisition deployment.
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The principal purpose of simultaneous source acquisition is to accelerate the
acquisition of a large-density seismic dataset, which can save acquisition
cost and increase data quality. The simultaneous shooting technique has
existed for decades. It has raised special attention recently because of its
application to marine acquisition. The benefits are compromised by the
intense interference between different shots (Berkhout, 2008; Beasley, 2008;
Berkhout and Blacquiere, 2013; Abma, 2014; Amundsen et al., 2018; Zu et
al., 2017a). One approach to solve the problem caused by interference is by
a first- separate and second-processing strategy (Mahdad, 2012; Qu et al.,
2014; Wu et al., 2015; Mueller et al., 2015; Gan et al., 2016a,c), which is
also called deblending. Another way is by direct imaging and inversion of
the blended data via attenuating the interference during the inversion process
(Verschuur and Berkhout, 2011; Zu et al., 2017b; Chen et al., 2017¢; Gan et
al., 2016d; Bai and Wu, 2017; Bai et al., 2018; Wu and Bai, 2018).

Some researchers have proposed various filtering methods to attenuate
the interference noise, which can also be referred to as a noise reduction
problem (Chen and Fomel, 2015; Huang et al., 2016, 2017b; Zhang et al.,
2016, 2017). The separation methods base on inversion regard the separation
processing as an estimated issue, which aim at estimating the ideal unknown
unblended data by attenuating the interference noise (Huang et al., 2018b).
Due to the ill-posed characteristic of inversion problems, some constraints
should be added into inversion framework to make the inversion problem
proper. Abma and Yan (2009) proposed a sparse constraint in f-k domain.
Xue et al. (2017) used high-order radon transform to shape the inversion
framework to remove the blending noise and preserve the amplitude. Chen
(2017) proposed a way of fast dictionary learning to represent seismic data
sparsely. The dictionary learning method can adaptively learn the basis of a
sparse transform (Siahsar et al., 2017a,b). Yu et al. (2017) proposed an
approach using a wavelet transform to deterministically separate the primary
signal from the noise, including simultaneous source interference noise.
Usually, the inversion methods perform better than the filtering methods.
Xue et al. (2016) propose a rank-increasing methods for deblending via
iteratively estimating the blending noise instead of the signals. Many other
advanced denoising algorithms can also be used to attenuate the blending
noise by simple filtering (Chen and Ma, 2014; Chen et al., 2016a; Li et al.,
2016a; Chen, 2016; Li et al., 2016b; Huang et al., 2017a,c,d; Chen et al.,
2017b,d; Xie et al., 2017; Chen, 2018; Chen and Fomel, 2018; Huang et al.,
2018a).

Inversion based methods treat the deblending problem as an inverse
problem and solve it using some iterative solvers. Low-rank based methods
have been widely used in the literature for deblending. The low-rank
constraint can be applied via the Cadzow filtering method (Cadzow, 1988),
damped rank-reduction method (Chen et al., 2016c.d), the randomized
multichannel singular spectrum analysis (RMSSA) method (Huang et al.,
2017b), the adaptive damped multichannel singular spectrum analysis
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(ADMSSA) (Siahsar et al., 2017c), sparsity-constrained MSSA method
(Wang et al., 2017; Zhang et al., 2017), or the multi-step MSSA method
(Zhang et al., 2016). Similarly, Xue et al. (2016) used the increased low-rank
to separated the blended record. However, when the rank is too small at
initial iteration, some unexpected noise is introduced. Zu et al. (2017c)
combined the increased low-rank constraint with threshold to further
improve the deblending performance. The low-rank constraint is similar to
the sparsity promotion constraint, which belongs to the compressed sensing
principle Gan et al. (2015); Liu et al. (2016b); Gan et al. (2016b); Liu et al.
(2016a); Bai and Wu (2018); Liu et al. (2018). Zhou et al. (2018) proposed
the subspace tracking based rank-reduction method. Zhou et al. (2017) used
the structural rank reduction method to more or less solve the rank
inconsistency problem of the local-window based rank reduction method. A
similar structural smoothness constraint was used by Chen et al. (2016b) for
interpolating sparsely sampled geophysical dataset. In the algorithmic
aspects of inversion, Doulgeris et al. (2012) discussed the convergence
properties.

In this paper, we propose a novel inversion scheme based on a
modified singular spectrum analysis (SSA) algorithm. We know that the
interference noise contained in simultaneous source data will increase the
rank, therefore, if we can select the suitable preserved rank, then the
interference noise can be removed well. However, it is not easy to set the
rank, especially for the complex seismic data, which increases the rank and
cause a serious rank-mixing problem. Obviously, once the rank is chosen too
small, it will bring some extra unexpected information and make the signal
damaged. Otherwise, the interference noise cannot be suppressed well. Our
proposed method solves this problem by first setting a relatively large rank
and then using a modified truncated singular value decomposition (TSVD)
to attenuate those residual noise left in the Hankel matrix that is caused by
the relatively large rank. In the inversion framework, the modified SSA
method improves the deblending performance by better separating the
blended data into signal and noise subspaces. We use two examples to
compare with the traditional FX method and SSA method to validate the
effectiveness of our method.

THEORY
Iterative deblending based on the shaping regularization framework

To be convenient, we assume that one simultaneous source data is
blended using two independent sources, which correspond to two shooting
sources in ocean bottom cable (OBC) acquisition. Therefore, the blending
forward processing is done in the common-receiver domain (Chen et al.,
2014),



d=TI'1dy +I2dp , (1)

where d is the blended data, di and dy are the first and second independent
receiver gathers, respectively, and I'1 and I'p denote the dithering operators
corresponding to di and dp, respectively. In the process of deblending,
different phase-encoding blending operators have been introduced to
eliminate the crosstalk noise, such as linear phase term and quadratic phase
term. Here, the linear phase encoding that expresses the time delays in the
time domain was applied (Zu et al., 2016b; Qu et al., 2015, 2016). The
blending operator can be written as the following form,

-1

I'=F "PiF , fori=1,2, (2)

P; = diag(e_JWtial , e_JWti,Z e e—JWti,m ) (3)
where I is the dithering operator of the i-th common-receiver record in the
time domain, Pj represents the phase matrix of the i-th common-receiver
record, tj i is the delay time for the m-th trace of the i-th common-receiver
record, w is the angular frequency, and j represents the imaginary unit. Note
that we use the random time delay in this paper.

Eq. (1) can be expressed into a matrix-vector multiplication form as

d=Tm, 4)
where
P=[Tw Iy ] (5)
and
- & |
dy | | (©6)

d is the blended data, I" is the blending operator, and m is the unblended data.
The formulation of I' has been introduced in Mahdad (2012) in detail. When
considered in time domain, I' corresponds to blending different shot records
onto one receiver record according to the shot schedules of different shots.
Deblending amounts to inverting eq. (4) and recovering m from d.

Because of the ill-posed property of this problem, all inversion
methods require some constraints. Chen et al. (2014) proposed a general
iterative deblending framework via shaping regularization (Fomel, 2007,
2008; Zu et al., 2016a). The iterative deblending is expressed as:



mpy] =S[mp + B[d -Tmy]] , (7)

where S is the shaping operator, which provides some constraints on the
model, and B is the backward operator, which approximates the inverse of I'.
The shaping regularization framework offers us much freedom in
constraining an under-determined problem by allowing different types of
constraints. In this paper, the backward operator is simply chosen as AI'*,
where A is a scale coefficient closely related with the blending fold, and T'*
stands for the adjoint operator of I' (or the pseudo-deblending operator). For
example, A can be optimally chosen as 1/2 in a two-source dithering
configuration (Chen et al., 2014; Mahdad, 2012). In this paper, S is chosen
as the modified SSA operator, which will be introduced in detail next.

Singular spectrum analysis

In the case of a 2D seismic record D(x,t), we carry out Fourier
transform on the data f (x, r) represented as F (x, w), then for each frequency
slice F (x, w), the Hankel matrix can be written as M:

D(1,w)  D(2,w) D(K,w)
| pew) DEw) D(K +1,w)
D(L,w) D(L + 1, w) » D(Maw) , (8)

where ¢ denotes time, w denotes frequency. M denotes the total number of
traces, H denotes the Hankel matrix, F' is the Fourier transform operator.

L =|M|+1 and K =M -L+1, and || denotes the integer part of its
argument. If the seismic data contains k linear events, then the rank of
Hankel matrix M is k. The interference noise existing in the blended
records will make the Hankel matrix rank raising. Therefore, the problem
of deblending can be regarded as a rank-reduction problem. It will be
beneficial to apply truncated singular value decomposition (TSVD) to the
Hankel matrix to estimate signals (Huang et al., 2016). Then the estimated
signals can be reconstructed by averaging components of the processed
Hankel matrix. We can represent the whole process of SSA algorithm as
follows:

lA)(x,t) = f_lARH./T[D(ZE,t)] = PD(x,t) ’ 9)
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where F~! indicates the inverse Fourier transform, A indicates the
averaging operator, the R denotes the TSVD operator, and P = F-'ARHF
indicates a combined rank-reduction operator (i.e., the SSA operator).

Modified singular spectrum analysis

In eq. (8), the Hankel matrix M can be represented as:

M=S+N , (10)

where S and N denote the block Hankel matrix of signal and of random
noise, respectively.

We assume that M and N have full rank, rank(M) = rank(N) = J and
S has deficient rank, rank(S) = K < J. The smgular value decomposition
(SVD) of M can be represented as:

M = [UM U} [ E§4 22\4 ] [ E@Qg } (11)

where M, respectively, larger singular values and smaller singular values.

UM I xK),UM, I x I-K)),VMJ xK) and V,MJ x (J - K))
denote the associated matrices with singular vectors. The symbol [-]"
denotes the conjugate transpose of a matrix. In general the signal is more
energy-concentrated and correlative than the random noise. Thus, the
larger singular values and their associated singular vectors represent the
signal, while the smaller values and their associated singular vectors

represent the random noise. We let =M, be 0 to achieve the goal of

attenuating random noise while recovering the missing data during the
first iteration in reconstruction process as follows:

M=Uys(viH? (12)

Eq. (12) is referred to the TSVD, which is used in the conventional SSA
approach.

However, M is actually still contaminated with residual blending
noise. Huang et al. (2015) derived a modified TSVD algorithm to
attenuate the residual noise caused by the conventional SSA. Here, we
further apply the TSVD algorithm to simultaneous data separation, and
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apply the modified TSVD algorithm iteratively for constraining the model
when solving the blending equation. It can be derived that approximation
of S can be expressed:

s =uysVTviH? (13)
T=1-(={)""" (14)

where 0 denotes the maximum element of M, and N denotes the control

factor. It is worth mentioning that the greater the N, the weaker the
damping, and eq. (13) degrades to eq. (12) when N — +x.

The revised TSVD for the SSA algorithm can be represented in
operator notation as follows:

S=R,M , (15)

where we use R, as the rank reduction operator for the modified SSA
while R is used for conventional SSA, as shown in eq. (9).

EXAMPLES

In this section, we use one synthetic and one field data examples to
demonstrate the performance of the proposed method based on the
iterative framework expressed in eq. (7). We use two simultaneous
sources in the numerical tests. Being concise, we only show the
deblending performance of one record and omit the performance from the
other source since the two common receiver records that are used for the
blending are very similar. To quantitatively measure the deblending
performance, we use the metric (signal-to-noise ratio; SNR) defined in
Chen et al. (2014):

2
SAU%;:IObgmHnﬂnmnz

o—myl5 (16)

where SNR; denotes the SNR after n iterations, m, denotes the clean
unblended data and m;; denotes the deblended data after » iterations.

The first example is shown in Fig. 1. Fig. 1(a) shows the clean data
and Fig. 1(b) shows the blended data, which is contaminated by strong
spiky-like blending interference. In this example, the blending fold is 3.
Figs. 1(c) and 1(d) show two zoomed areas from Figs. 1(a) and 1(b). The
zooming areas are highlighted by the two black frame boxes in Figs. 1(a)
and 1(b).
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Fig. 1. Synthetic example. (a) Clean data. (b) Blended data. (c) Zoomed (a). (d) Zoomed
(b).
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Fig. 2. Synthetic example. (a) Deblended data using FX method. (b) Deblended data
using SSA method. (c) Deblended data using the proposed method. (d)-(f) Zoomed areas

corresponding to the frameboxes in (a)-(c). Note that the proposed method obtains the
cleanest result.

Fig. 2 shows the deblending performance using three different
methods. Fig. 2(a) shows the deblended data using the iterative f-x
predictive filtering method (Chen et al., 2014). For simplicity, we use FX to
refer to the f-x predictive filtering method from here. Fig. 2(b) shows the
deblended data using the traditional SSA method. Fig. 2(c) shows the
deblended data using the modified SSA method. Figs. 2(d), 2(e), and 2(f)
show the zoomed profiles from Figs. 2(a), 2(b), and 2(c). From Fig. 2, it is
clear that the FX method causes most residual noise while the proposed
method obtains the cleanest result. The zoomed comparison gives a very
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obvious demonstration on that the proposed method almost removes all the
blending interference but the other two methods fail in removing enough
noise. We then show the removed blending noise in Fig. 3. The removed
noise section is calculated by subtracting the deblended data from the
blended data, as shown in Fig. 1(b). From the comparison of blending noise,
we can conclude that the FX method damages the most useful signals since
there is a lot of spatially coherent energy shown in Fig. 3(a). The SSA
method remove less useful energy than the FX method but more than the
modified SSA method. We then calculate the deblending error sections and
show them in Fig. 4. The deblending error is defined as the difference
between the clean unblended data (the exact solution) and the deblended
data. A successful deblending algorithm should make the deblending error
close to zero. From the deblending error comparison as shown in Fig. 4, we
can confirm the fact that the proposed causes least error but the FX method
causes the most. Fig. 5 shows the SNR diagrams during the iterations. It is
clear that the proposed method outperforms the other two methods in faster
convergence and better converged SNR. For compare the amplitude details
of different deblending methods, we show a trace-by-trace comparison in
Fig. 6, where the 30-th trace from the unblended data (Fig. 1(a)), blended
data (Fig. 1(b)), and the deblended data using three different methods (Figs.
2(a), 2(b), and 2(c)), are extracted and compared together. The trace-by-trace
comparison confirms again that the proposed method obtains the result that
is closest to the exact solution.

)

Time (s)
Time (s)

Trace Trace Trace

Fig. 3. Synthetic example. (a) Removed blending noise using FX method. (b) Removed
blending noise using SSA method. (c) Removed blending noise using the proposed
method. Note that the proposed method causes the least damages to the useful signals.
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Fig. 4. Synthetic example. (a) Deblending error using FX method. (b) Deblending error
using SSA method. (c) Deblending error using the proposed method. Note that the
proposed method obtains the least deblending error.
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Fig. 5. Convergence diagram of the synthetic example in terms of SNR.
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Fig. 6. Trace-by-trace amplitude comparison of the synthetic example. Note that the
proposed method obtains the closest trace to the clean data.

We then test the proposed method on a real dataset. The unblended
common receiver gather is shown in Fig. 7(a). Fig. 7(b) shows the
corresponding blended data. The blending scheme and iterative solver to the
inverse problem is exactly the same as the last example. Figs. 7(c) and 7(d)
show two zoomed sections from the unblended and blended data,
respectively. The blending noise in this example is even stronger than that in
the last example. Fig. 8 show the deblending performance for three different
methods. In this example, it seems that all three methods obtain much
encouraging results since most blending noise has been removed. However,
a detailed observation can find that there is much more residual noise in the
deblended data using the FX and SSA methods than in the deblended data
using the modified SSA method. It is worth mentioning that there is a lot of
scattering interference before the first breaks in Figs. 8(a) and 8(b). The
modified TSVD operation helps mitigate this type of noise and makes the
resulted data smoother and cleaner, as shown in Fig. 8(c). The comparison
among those zoomed sections shown in Figs. 8(d)-8(f) demonstrates that the
modified SSA method removes more noise while maintaining the spatial
coherency. Fig. 9 shows a comparison between the removed noise. Both
traditional SSA and modified SSA methods do not remove too much useful
energy, but the FX method does. There is a significant amount of useful
energy shown in Fig. 9(a), which indicates that the FX method tends to lose
energy during iterative inversion. There is a negligible amount of useful
energy left in Fig. 9(b), which comes from the traditional SSA method. The
proposed method causes almost no leakage useful energy and is thought to
obtain the best performance. Fig. 10 shows a comparison of deblending error
sections using different methods, which is consistent with the afore-
mentioned observations and further confirms the superior performance from
the proposed method. The SNR diagrams of this test is shown in Fig. 11.
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Trace

Fig. 7. Field data example. (a) Clean data. (b) Blended data. (c) Zoomed (a). (d) Zoomed
(b).
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Fig. 8. Field data example. (a) Deblended data using FX method. (b) Deblended data
using SSA method. (c) Deblended data using the proposed method. (d)-(f) Zoomed areas
corresponding to the frameboxes in (a)-(c). Note that the proposed method obtains the
cleanest result.

CONCLUSIONS

We have proposed a modified singular spectrum analysis (SSA)
method for removing interferences caused from the simultaneous source
acquisition. The traditional SSA method utilize the truncated singular value
decomposition (TSVD) algorithm to separate the Hankel matrix into signal
and noise components. In the modified SSA method, the TSVD is
substituted with a more powerful modified TSVD algorithm, which can help
better decomposing the data into signal and noise subspaces. The modified
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SSA method can significantly improve the signal-and-noise separability
during iterative inversion, which brings a much stronger deblending ability
for the presented method. The proposed method is easy to be implemented
and can be conveniently transformed into industrial applications. The
synthetic and field data examples demonstrate the great potential of the
proposed method in deblending.

(b)

100 200 100 200 100 200
Trace Trace Trace

Fig. 9. Field data example. (a) Removed blending noise using FX method. (b) Removed
blending noise using SSA method. (c) Removed blending noise using the proposed
method. Note that the proposed method causes the least damages to the useful signals.

(b) (c)

Time (s)

100 200 100 200 100 200
Trace Trace Trace

Fig. 10. Field data example. (a) Deblending error using FX method. (b) Deblending error
using SSA method. (c) Deblending error using the proposed method. Note that the
proposed method obtains the least deblending error.



16

SNR comparison

a4t —FX i
——SSA
Proposed

3 L L L L L L L L L
2 4 6 8 10 12 14 16 18 20

Iterations

Fig. 11. Convergence diagram of the field data in terms of SNR.
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