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Differential Semblance Optimization with WEM . 2

Initial velocity model Final velocity model
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WEMV A - Image with correct velocity
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Potential of residual migration for autofocusing

Migration with slow velocity Residual migration” image
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(*) Residual migration in the angle domain (SEP 134 - Appendix A)




Where is the salt flank?
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After prestack residual migration
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WEMVA vs. DSO for autofocusing migration

WEMVA:

+ Exploits the “autofocusing” power of residual
migration for MV A.

+Each iteration is cheaper by at least a factor of two
(as explained in a moment).

Requires the picking of residual migration (or
moveout) parameters (Ap).

Cannot use quasi-Newton optimization methods.




Ray tomography MV A < Wave-Equation MVA.11
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Ray tomography MV A < Wave-Equation MVA.12

—>

biondo@stanford.edu




Ray tomography MV A & Wave-Equation MVAE




Linear operator L — As =AR (forward)

AU -Scattered
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Linear operator L' — As <AR (adjoint)
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Objective function for autofocusing migration .1

Iy~ [R(s)-F R
min Jg subject to R = PreMig (Data; s)

where: R 1s the prestack image,
F 1s a "residual focusing" operator,

S 1S the slowness function.
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Two well-known examples of residual focusing

DSO F(R) = (I— D)R
= Js = |DRE);
where: D 1s the Differential Semblance (DSO)

operator.

WEMVA F(R)=(I+K[Ap])R,

= Jy=|(Rs)~R,) - K[Ap]R,

where: K 1s a differential residual migration

(or residual moveout) operator.
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Ap= gradient of auxiliary objective function ], .18

1, =[PF(ap.R)], =

U
Ap=GVJ, =GM [R]|D'DR

- JK[Ap|R
- 9Ap
G 1s a smoother along depth.

where: M[R]

9
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A third option for autofocusing migration .19

AWEMVA — F(R)=(1-K[Ap]|R

S

2

where: &):VJ s, (previous slide).
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Gradients and back-projections

DSO VJs=-L(DDR)=LAR,,
WEMVA  -VJs=L(K[Ap]|R,)=LAR ..
AWEMVA -VJi=-L(K[Ap]K[Ap]+

DDM[R|GM [R]K[Ap])R =
I;AI{AWEMVA

where: L 1s the linearization of PreMig

introduced at the beginning.
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Gradients and back-projections

DSO VJs=-L(DDR)=LAR,
WEMVA  -VJg = L(K[Ap]R, )= LAR 4
AWEMVA -VJi=-L(K[Ap]K[Ap]+

JR=
L AR swewva

where: L 1s the linearization of PreMig

introduced at the beginning.




Simple synthetic data example
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Simple synthetic data example
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Simple synthetic data example - Zoom
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Image perturbation by DSO - AR¢, .2
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Image perturbation by RMO - AR, venva .2
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Image perturbation by WEMVA - ARyevva .28
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Image perturbation by AWEMVA - AR, .viriva .29
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Backprojection of image perturbations AS=L'AR .31

Midpoint (m) Midpoint (m) Midpoint (m)
—2000 0 2000 4000 6000 4000 6000 2000 4000 6000

LAR

AWEMVA




Regularized inversion of ARy tava
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WEMVA vs. DSO for autofocusing migration

WEMVA:

+ Exploits the “autofocusing” power of residual
migration for MV A.

+Each iteration is cheaper by at least a factor of two
(as explained in a moment).

Requires the picking of residual migration (or
moveout) parameters (Ap).

Cannot use quasi-Newton optimization methods.




WEMVA vs. DSO for autofocusing migration

WEMVA:

+ Exploits the “autofocusing” power of residual
migration for MV A.

~Each iteration is cheaper by at least a factor of two
(as explained in a moment).




Discussions and future directions

® A close form solution for Ap is an important
step forward toward autofocusing migration.

® Preliminary numerical experiments are
encouraging but inconclusive.

® Relative advantages of DSO, WEMVA and

AWEMYV A must to be assessed on relevant
MV A problems.




