
SLIM
University	
  of	
  British	
  Columbia

Tim	
  T.Y.	
  Lin
September	
  23,	
  2011

Robust source deconvolution and the 
estimation of primaries by sparse inversion

Released to public domain under Creative Commons license type BY (https://creativecommons.org/licenses/by/4.0).
Copyright (c) 2011 SLIM group @ The University of British Columbia.



Es0ma0on	
  of	
  Primaries	
  by	
  Sparse	
  Inversion	
  (van	
  Groenes;jn	
  and	
  
Verschuur,	
  2009)

EPSI Model

total	
  recorded	
  up-­‐going	
  wavefield

source	
  signature	
  (incl.	
  src	
  ghosts)

reflec;vity	
  of	
  free	
  surface	
  (assume	
  -­‐1)

primary	
  impulse	
  response

(all	
  monochroma;c	
  data	
  matrix,	
  implicit	
  	
  	
  	
  	
  )

R

ω

P
Q

recorded data predicted data from primary IR

P = G(Q + RP)

G



Es0ma0on	
  of	
  Primaries	
  by	
  Sparse	
  Inversion	
  (van	
  Groenes;jn	
  and	
  
Verschuur,	
  2009)

recorded data predicted data from primary IR

P = G(Q + RP)

Inversion	
  objec0ve:

EPSI Inversion

f(G,Q) =
1

2
�P − G(Q + RP)�22

+	
  Sparse	
  inversion



Convolution model
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EPSI Inversion Procedure

Gradient	
  sparsity

S : pick largest ρ elements per trace

gk+1 = gk + αS(∇fqk(gk))

qk+1 = qk + β∇fgk+1(qk)

Do:
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Robust EPSI procedure

While

(Solve	
  with	
  SPGL1)

gk+1 = argmin
g

�p−Mqkg�2 s.t. �g�1 ≤ τk

qk+1 = argmin
q

�p−Mgk+1q�2
(Solve	
  with	
  LSQR)

�p−M(gk,qk)�2 > σ

determine new τk
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Projected gradient. Our application of the SPG algorithm to solve (LSτ ) follows
Birgin, Mart́ınez, and Raydan [5] closely for the minimization of general nonlinear
functions over arbitrary convex sets. The method they propose combines projected-
gradient search directions with the spectral step length that was introduced by Barzilai
and Borwein [1]. A nonmonotone line search is used to accept or reject steps. The
key ingredient of Birgin, Mart́ınez, and Raydan’s algorithm is the projection of the
gradient direction onto a convex set, which in our case is defined by the constraint
in (LSτ ). In their recent report, Figueiredo, Nowak, and Wright [27] describe the
remarkable efficiency of an SPG method specialized to (QPλ). Their approach builds
on the earlier report by Dai and Fletcher [18] on the efficiency of a specialized SPG
method for general bound-constrained quadratic programs (QPs).

2. The Pareto curve. The function φ defined by (1.1) yields the optimal value
of the constrained problem (LSτ ) for each value of the regularization parameter τ .
Its graph traces the optimal trade-off between the one-norm of the solution x and
the two-norm of the residual r, which defines the Pareto curve. Figure 2.1 shows the
graph of φ for a typical problem.

The Newton-based root-finding procedure that we propose for locating specific
points on the Pareto curve—e.g., finding roots of (1.2)—relies on several important
properties of the function φ. As we show in this section, φ is a convex and differentiable
function of τ . The differentiability of φ is perhaps unintuitive, given that the one-
norm constraint in (LSτ ) is not differentiable. To deal with the nonsmoothness of
the one-norm constraint, we appeal to Lagrange duality theory. This approach yields
significant insight into the properties of the trade-off curve. We discuss the most
important properties below.

2.1. The dual subproblem. The dual of the Lasso problem (LSτ ) plays a
prominent role in understanding the Pareto curve. In order to derive the dual of
(LSτ ), we first recast (LSτ ) as the equivalent problem

(2.1) minimize
r,x

‖r‖2 subject to Ax + r = b, ‖x‖1 ≤ τ.
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Fig. 2.1. A typical Pareto curve (solid line) showing two iterations of Newton’s method. The
first iteration is available at no cost.
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Fig. 2.1. A typical Pareto curve (solid line) showing two iterations of Newton’s method. The
first iteration is available at no cost.
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• EPSI’s	
  place	
  in	
  the	
  processing	
  flow:	
  are	
  we	
  
there	
  yet?	
  Compatibility	
  with	
  existing	
  
inversion	
  framework?

• Multiples	
  here	
  differentiates	
  between	
  seismic	
  
events	
  and	
  noise.	
  Thus	
  we	
  should	
  collect	
  and	
  
preserve	
  multiples	
  as	
  much	
  as	
  possible?

• What	
  is	
  the	
  right	
  representation	
  basis/frame	
  
in	
  which	
  to	
  reconstruct	
  seismic	
  impulse	
  
responses?

Discussion topics
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