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The problem

Wx=y+n
Cx=§+e€



The linear programming approach

Minimize  J = ax|; + |e|1

subject to Wx=y+e

and £l<Cx<£u°



Bayes’ rule

p(m|d) o p(m) x p(d|m)

Posterior o< Prior x Likelihood

MAP solution

J = —Infp(m|d)]




MAP - Objective Function
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J=alJ +g||a( X y)||1+\2IIS (Cx é)llj
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e 1 - The solution must be sparse.
e 2 - The solution must honour the seismic trace.

e 3 - The solution must honour a set of impedance constraints.



Regularization - Sparseness criteria

— %;kﬂp
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JCa'u,chy — 5 Zln(l T ;)
3 T

JSech = Zln(cosh )

z? /2 if |z;| < z.
alz;| —x2/2 if |z;i| > z.

JHuber = Z
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Minimization of J - CG algorithm

. Given xo compute go = VJ(x) and set dyp = —8o

. for k=0,1,2,...n—1

. Xp4+1 = Xj + ady, where a minimizes J(xj + ady) (line search)
. compute gx = VJ(Xk+1)

. set dg11 = —8r+1 + bxdx where

br = (k+1 — 8k)T Er/8 Bk

. Stop if
[ Ji+1 — Ji

< tolerance
1/2(|Jk+1 + | &)




Hyperparameter estimation

e Cost function

1,1 | B
J=al, + Z||I=(Wx —y)|> + SIS (Cx - §)|I*
20 2
e Discrepancy principle

X = [|2(Wx — )| +]IS7*(Cx - )

Ep® =n++v2n
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Field data example
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L, prior, Gaussian likelihood
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L, prior, Gaussian likelihood

Impedance traces# 1, 24




Cauchy prior, Gaussian likelihood

Reflectivity traces # 1, 24
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Cauchy prior, Gaussian likelihood

Impedance traces# 1, 24
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Computations time for Bayes (CG) and Linear Programming

N | NC | Time (s) (*)
Bayes (CG) | 100 | 5 1.8

300 [ 15 6.3
L-prog. (BR) | 100 | 5 13.3

300 | 15 225.

(*) Sparc 5.
CG: Conjugate gradients
BR: Barrodale & Roberts



Conclusions

— Priors for sparse inversion
The Huber and the Sech criteria tend to treat large
amplitudes like the L, criterion and small amplitudes like
the Lo criterion.

The Cauchy criterion treats small amplitudes like the
Lo criterion. Large amplitudes are emphasized.

— The algorithm

The cost function derived with Bayes’ rule is minimized
using a CG procedure. The computational cost of the linear

programming approach is avoided.

Human intervention can be minimized using diverse
strategies for hyperparameter selection.
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