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Talk outline

Brief	  review	  of	  REPSI
Data	  reconstruction	  in	  EPSI
Eliminate	  explicit	  expression	  for	  missing	  data
Field	  data	  example
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From SRME to Robust EPSI

Two	  ways	  to	  obtain	  the	  final	  primary	  wavefield

Inversion	  objective:

“Direct” Primary “Conservative” Primary

f(G,Q) =
1

2
kP � (QG � GP)k22

QG = P + GP



From SRME to Robust EPSI

In	  time	  domain

Inversion	  objective:

p =M(g, q)

(lower-‐case:	  whole	  dataset	  in	  time	  domain)

M(g,q) := F†
tBlockDiag!1···!nf

[(q(!)I�P)

† ⌦ I]Ftg

f(g, q) =
1

2
kp�M(g, q)k22

recorded data predicted data from SRME



Solving the EPSI problem

Linearizations

Mq̃g = M(g, q̃) Mg̃q = M(q, g̃)

In	  fact	  it	  is	  bilinear:
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Solving the EPSI problem

Linearizations

Associated	  objectives:
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✓
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Solving the EPSI problem

Gradient	  sparsity

S : pick largest ⇢ elements per trace

gk+1 = gk + ↵S(rfqk(gk))

qk+1 = qk + �rfgk+1(qk)

Do:



Robust EPSI
L1-minimization approach to the EPSI problem

While

gk+1 = argmin
g

kp�Mqkgk2 s.t. kgk1  ⌧k

determine new ⌧k from the Pareto curve

qk+1 = argmin
q

kp�Mgk+1qk2

kp�M(gk,qk)k2 > �

[Lin	  and	  Herrmann,	  2013	  Geophysics]



Choosing Tau from the Pareto curve

�̃

⌧k ⌧k+1

g̃k

g̃k+1

�k

solving LASSO 
via projected gradient

Look	  at	  the	  solu:on	  space	  and	  the	  line	  of	  op:mal	  solu:ons	  (Pareto	  curve)

minimize kxk1
subject to kAx� bk2  �

minimize kAx� bk2
subject to kxk1  ⌧

�x�1feasible	  solu:on	  with	  smallest	  

kAHrk1
krk2



Inverting for unknown data



Robust EPSI
Inverting for unknown data

While

determine new ⌧k from the Pareto curve
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Robust EPSI
Inverting for unknown data

While

determine new ⌧k from the Pareto curve

pk+1 = pk + ↵�p(gk+1,qk+1,pk)

kpk �M(gk,qk)k2 > �

gk+1 = argmin
g

kpk �Mqkgk2 s.t. kgk1  ⌧k

qk+1 = argmin
q

kpk �Mgk+1qk2

�P(Gk+1,Rk+1) := �(I+Gk+1)
H(Rk+1)Data	  changes	  every	  iteration!



Trace Mask

Masking	  operator K



Trace Mask

Bisects	  wavefield	  data	  to	  unknown/
uncertain	  traces
(i.e.,	  near	  offset)



Trace Mask

Kp

K �P

Masking	  operator K

Time	  domain:

Frequency	  slices:



Trace Mask

Complement	  of
Masking	  operator

Time	  domain:

Frequency	  slices:

Kc

Kcp

Kc �P



Bisected data variables

Known	  data	  traces:

Unknown	  data	  traces:

P0 := K �P

P00 := Kc �P

P0 +P00 = P
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Bisected data variables

Known	  data	  traces:

Unknown	  data	  traces:

P0 := K �P

P00 := Kc �P
= Kc �

�
GQ+RGP0 +RGP00�

P0 +P00 = P

Highly	  dependent	  on	  G



Bisected data variables

Known	  data	  traces:

Unknown	  data	  traces:

P0 := K �P

P00 := Kc �P
= Kc �

�
GQ+RGP0 +RGP00�

P0 +P00 = P

Recursively	  defined



Modify the modeling operator

M(G,Q;P0) =GQ+RGP0

+RGP00
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Modify the modeling operator

fM(G,Q;P0) =K � ⇥GQ+RGP0

+ RGKc � (GQ+RGP0)

+ RGKc � (RGKc � (GQ+RGP0))

+ O(G4)
⇤

:=K �
1X

n=0

(RGKc�)n (GQ+RGP0) .

2nd	  Order	  autoconvolution	  term

3rd	  Order	  autoconvolution	  term



Convergent sum

= K � (I�RGKc�)�1 (GQ+RGP0)

K �P =K �
1X

n=0

(RGKc�)n (GQ+RGP0)



Convergent sum

= K � (I�RGKc�)�1 (GQ+RGP0)

K �P =K �
1X

n=0

(RGKc�)n (GQ+RGP0)

Verifies	  the	  validity	  of	  the	  expression



What these terms look like



Exact	  multiplesData	  with	  missing	  traces	  P’
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Missing	  contributions
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Modify the modeling operator
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Total missing contrib.
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Modeled with two terms
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Solution strategy



Robust EPSI
Inverting for unknown data

While

determine new ⌧k from the Pareto curve

pk+1 = pk + ↵�p(gk+1,qk+1,pk)

kpk �M(gk,qk)k2 > �

gk+1 = argmin
g

kpk �Mqkgk2 s.t. kgk1  ⌧k

qk+1 = argmin
q

kpk �Mgk+1qk2

�P(Gk+1,Rk+1) := �(I+Gk+1)
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Robust EPSI
Accounting for unknown data with G

While

determine new ⌧k from the Pareto curve

kp� fM(gk,qk)k2 > �

gk+1 = argmin
g

kp� fMqkgk2 s.t. kgk1  ⌧k

qk+1 = argmin
q

kp� fMgk+1qk2



Strategy 1: Re-linearization
Use G from previous iter in higher-order terms

While

determine new ⌧k from the Pareto curve

kp� fM(gk,qk)k2 > �

gk+1 = argmin
g

kp� fMqkgk2 s.t. kgk1  ⌧k

qk+1 = argmin
q

kp� fMgk+1qk2

use gk in these operators



Strategy 2: Modified Gauss-Newton
Obtain Jacobian using G from previous iter

While

determine new ⌧k from the Pareto curve

kp� fM(gk,qk)k2 > �

qk+1 = argmin
q

kp� fMgk+1qk2

gk+1 = gk + argmin
�g

krk � @(gk,qk)
fM�gk2 s.t. k�gk1  ⌧k



Field data example
North Sea dataset



ShotData

North Sea dataset
100m near-offset
regularized to 12.5m dx 
and 4km fixed-spread 
from streamer
4ms sampling
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MultipleConservative	  primary

NMO stack
Parabolic Radon Interp
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MultipleConservative	  primary

NMO stack
Re-linearization
Using 3rd Order terms

0

0.5

1.0

1.5

T
im

e
 (

s)
0 2 4

CMP position (km)

0

0.5

1.0

1.5

T
im

e
 (

s)

0 2 4
CMP position (km)



Original	  shotsDirect	  primary
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Interpolated	  shotDirect	  primary	  shot

0

0.5

1.0

1.5

2.0

Ti
m

e 
(s

)
0 1 2 3

Offset (km)

0

0.5

1.0

1.5

2.0

Ti
m

e 
(s

)

0 1 2 3
Offset (km)



MultipleConservative	  primary

NMO stack
Re-linearization
Using 2nd Order terms
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Re-‐linearization	  3rd	  -‐	  2nd	  orderRadon	  interp	  -‐	  Re-‐linearization	  2nd	  order

NMO stack
Difference plots
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MultipleConservative	  primary

NMO stack
Modified Gauss-Newton
Using 3rd Order terms
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MultipleConservative	  primary

NMO stack
Re-linearization
Using 3rd Order terms
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GN	  3rd	  Order	  MultipleDifference
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Discussion and summary

Able	  to	  obtain	  an	  approximate	  forward	  operator	  with	  incomplete	  data	  
without	  dependence	  on	  the	  missing	  traces
Inversion	  should	  be	  more	  stable	  by	  not	  changing	  the	  data	  at	  each	  
iteration
Further	  work:

• More	  careful	  study	  needed	  in	  comparison	  to	  explicit	  data	  inversion
• More	  detailed	  comparison	  of	  algorithms
• What	  does	  the	  infilled	  G	  have	  to	  look	  like?	  Is	  it	  always	  the	  “physical”	  
Green’s	  function?
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