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vs* Deblending Package (C++) (OOP Modules)

Madagascar

sfsynthfd (MPI) =» Synthetic blended data

sflsprtm (MPI1) = LSRTM (blended-deblended)
sfdeblending (MPIl)->Deblending via Time Domain Radon
sflsdeblending=>»LSDeblending via TD Radon.
sflskirchhoff = Kirchhoff time migration

Seismic Unix (to be ported to Madagascar soon):
suradonhybrid

sustolt Available upon request and patience
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The benefit and challenge of blended acquisitions

Blended acquisitions allow to increase the illumination for the same
shot density by maintaining the reasonable

Processing of blended data is challenging, each trace contains
iInformation from different sources, each trace has many offsets
and azimuths
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Deblending Processing (Verschuur, 2011)

De- blendlng

!

Conventional processing
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Multiple /_] Velocity
removal analysis
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Processing
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Migration Inversion
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;' Different deblending approaches

Pseudodeblending + noise attenuation

Multidimensional inversion of pseudo-deblended transform

Physical transformations

Geometry Object Oriented

Programming

Blender

‘ Transform ‘

‘ Conjugate Gradient ‘

classes
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vs* Pseudo-deblending with time dithering

Blended Data Pseudo Deblended Data
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Receiver (km)

From Kai Zhuang |
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Supershot (5x)

Each gather is filtered
~ (by HRT in this case)

original blended One third of receiver

gathers filtered

p=2 Robust data fitting
g=1 Sparse transform

J =|D — Lml|F + pfml[Z,

vy* Deblending by filtering in receiver gathers (Hres Radon Transform)

Laveral ()
2000 4000

All receiver gathers filtered

Individual inversion on
each rcvr gather

Increasing number of receiver gathers being filtered
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Deblending by LS inversion in receiver gathers (Hres Radon Transform)
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Yy Supershot modelled by sfsynthfd
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vs* Shot after denosing (sfdeblending)
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vs* Shot after LS inversion (sflsdeblending)
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*‘{} Deblended shots with migration/demigration

shots (FD)

deblended
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s Stolt Apex shifted Radon transform deblending (Trad, 2003, 2012)

Gratd Fhetd

Apex Shifted Radon Transform ‘ Subtraction (no adaptive yet)
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Imaging blended data directly

Lateral (m)

LSRTM from blended shots

RTM from regular shots



Yy Conclusions

* Presented different deblending approaches:
LS denosing
e LS inversion

e LS migration

 OOP approach: different combinations of a few different classes (LEGO
approach)

« Educational deblending package for deblending in multiple flavours
 Python Madagascar scripts for dataflow
 Madagascar API for I/O

e C++ classes for components and programs
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Compression
+

sampling

Compressive sensing or Compressed sampling

y = dxr = dWa

model

III.IIII.I.IIIQ

Adapted from Baraniuk, Romberg and Wakin 2008
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¥" Compressive sensing or Compressed sampling

X = unknown

y = Px, Sampling from regular to irregular sampling

< — Transformation to convert from spread out
" data to dense coefficients

minimize || ‘Ime}c” enforce sparseness in the transform coefficients

subject to ||®x —yllo < o match the data where sampled



aga _
'ty Sparse transforms formulation

Modeling (inverse transform)

d=L .
. data and model can be regular or irregular

minimize ||m/|; enforce sparseness in the transform coefficients

subject to |[Lm — d|[y < ¢  mMatch the data where sampled

[Wmmls = ||m]||; Alternative method for I1 inversion using |2

L contains any kind of mapping (regular or irregular)
The sampling operator is built in the design of the transform.
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' Sparse transforms formulation as used in interpolation

d =TLm Transformation and sampling operator

minimize ||WpyL 'x||o enforce sparseness in the transform coefficients

subject to || Tx — d|[s < o  match the data where sampled

Synthesis or modeling
Sampling, regular or irregular

Model, sparse coefficients obtained through sparse inversion
Data, sampled version of x or Lm

NN
|
< o e
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