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Spatio-temporal constrained Sparse Inversion (STCSI)

Problem set-up

n∑
i=1

Sdi = d (1)

n: number of sources
S: relative time-delay operator
di : data due to source i
d: simultaneous-source data
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>Him ≈ d (2)

>: summation operator for sources i to n
Hi : modeling Radon operator for data di [t, gx , gy , sx , sy ]
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>Him ≈ d
εAm ≈ 0
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A: Regularization
ε: Regularization parameter
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Notes

Bi : Non-stationary directional laplacians for source i

Because Bi is a function of the separated data (di ), problem is non-linear

To linearize,

start with Bi = I
recompute Bi from estimates of di at intermediate iterations

Dip-estimation based on Fomel (2002)

Directional Laplacians based on Hale (2007)
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Problem set-up

>B−1
i Him ≈ d
εIm ≈ 0

(6)

Notes

Similar to Abma et al. (2010)
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Problem set-up

>B−1
i Him ≈ d
εIm ≈ 0

(6)

Notes

Similar to Abma et al. (2010)

B−1
i applied by polynomial division (Claerbout & Fomel, 2008)
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Dip-constrained Sparse Inversion (DCSI)
Spatio-temporal constrained Sparse Inversion (STCSI)

Problem set-up [
>
εBi

]
Him ≈

[
d
0

]
(7)

Notes

Sparsity achieved via the hybrid-norm conjugate direction solver
(Claerbout, 2009; Li et al., 2010; Zhang & Claerbout, 2010)
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Spatio-temporal constrained Sparse Inversion (STCSI)

Problem set-up [
>
εBi

]
Him ≈

[
d
0

]
(7)

Notes

Once we solve for m, we can model data di from any number of sources
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Joint sim. inversion of time-lapse data sets

[
T
εBi

]
Him ≈

[
d
0

]

One survey
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[
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εBi1

]
Hi1m1 ≈
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0

]
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εBi2
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Joint sim. inversion of time-lapse data sets

[
T1

εBi1

]
Hi1m1 ≈

[
d1

0

]
[

T2

εBi2

]
Hi2m2 ≈

[
d2

0

]
[

λZ1m1 −λZ2S1,2m2

]
≈ 0

Two surveys
S1,2: Warping operator between surveys 1 and 2
Z: Temporal regularization
λ: Temporal regularization parameter

G. Ayeni, A. Almomin & D. Nichols On simultaneous-source data separation by simultaneous inversion 12 / 54
gayeni@sep.stanford.edu



Introduction
Methods
Examples

Conclusions

Dip-constrained Sparse Inversion (DCSI)
Spatio-temporal constrained Sparse Inversion (STCSI)

Joint sim. inversion of time-lapse data sets

[
Tk

εBik

]
Hikmk ≈

[
dk

0

]
[

λZkmk −λZk+1Sk,k+1mk+1

]
≈ 0

Arbitrary number of surveys
Sk,k+1: Warping operator between surveys k and k + 1
i : Shot index
k: Survey index
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Separated data: Unconstrained sparse inversion
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NMO Stack: True (single-source) data
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Stack Error: Simultaneous source data
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Stack Error: Unconstrained sparse inversion
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Stack Error: DCSI
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Marine data set: 3 sources
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Marine data set: 3 sources
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Migration Stack: Simultaneous source data
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Migration Stack: Single-source data
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Pre-stack image: Simultaneous source data
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Pre-stack image: Simultaneous source data
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Pre-stack image: DCSI
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Pre-stack image: Single-source data
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Pre-stack image: Simultaneous source data
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Pre-stack image: DCSI
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Pre-stack image: Single-source dat
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Important questions

What is the optimal problem set-up?

Do we need any type of regularization or preconditioning? If
we do, what is the optimal regularization or preconditioner?

Is there a limit to the number of sources that can be
separated?

Can we fully recover the true data in complex geology?

What is the separation cost vs. direct inversion of the data
sets?

Can the recovered data be used in for amplitude dependent
processes such time-lapse seismic monitoring and AVO?
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Simultaneous-source data can be adequately separated by
sparse inversion

Our method considers all predictable events in our data as
signal

Dip (and temporal) constraints can improve the quality of
separation results

Model sparsity via the hybrid-norm gives significant
improvements over l2

Applications to marine and land data sets demonstrate
robustness of our method
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