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SUMMARY

Multiple attenuationin complex geology remainsa very inten-
sive researcharea. The proposedechniqueaimsto usethe spa-
tial predictability of both the signal (primaries)and noise (mul-
tiples), in orderto perform the multiple attenuationin the time
domain. The spatialpredictabilityis estimatedwith multidimen-
sionalprediction-errorlters. Theselters aretime-variantin or-
derto handlethe nonstationarityof the seismicdata. Attenuation
of surface-relatednultiplesis illustratedwith eld datafrom the
Gulf of Mexico with 2-D and3-D lters. The3-D lters allow the
bestattenuatiorresult.In particular 3-D lters seento copebetter
with inaccuraciepresentn themultiple modelfor shortoffsetand
diffractedmultiples.

INTRODUCTION

Thelastdecadehasseenan exponentialgrowth in the useof 3-D

seismicimaging. Contemporaneousith this development,imag-
ing techniquehave becomemorecomple in the effort to account
for multi-pathingin complex mediaand to producetrue ampli-

tude migratedpicturesof the subsurfce. Sincemultiplesare not
accountedor in the physicalmodelthatleadsto thesemigration
methodsthey canseverelyaffectthe nal migrationresultproduc-
ing erroneousnterfacesor amplitudeartifacts; consequentlythe
multipleshave to be removed from the dataprior to ary imaging
attempt.

As pointedout by Weglein (1999), the multiple attenuatiortech-
niquesmay be divided into two families: (1) Itering methods
which exploit the periodicity and the separability(move-out dis-
crepanciespf the multiplesand(2) thewave eld methodswhere
themultiplesare rst predictedfor exampleby autocorolution of
therecordedlata,andthensubtracteqVerschhuetal.,1992). Tra-
ditionally, Itering techniquesrethemethodof choicefor multiple
processindecaus®f their robustnesandcost. However, because
thesetechniquesaremainly 1-D methodsthey do not extendtheir
multiple attenuatiorpropertiesvery well to higherdimensionsi.e,
2-D or 3-D. Therefore, Itering techniquehave somelimitations
whentacklingmultiplesin complex media.

In this paperl presentresultsof a multiple attenuatiortechnique
basedn the spatialpredictabilityof both primariesandmultiples.
Theattenuations basedn theassumptionthatprimariesandmul-
tiples have differentpatternsand amplitudes. The patternis esti-
matedwith time-spacedomain(t-x) multidimensionalprediction-
error lters (PEFs).In the rst sectionfollowing this introduction,
| presenthe multiple attenuatiortechnique.ln the secondsection
| illustratethe proposedmethodwith a Gulf of Mexico eld data
example.l will shav that3-D PEFsgive thebestnoiseattenuation
result. More speci cally, 3-D PEFsareableto attenuataliffracted
multiplesbetterandarealsolesssensitve to modelinginaccuracies
atshortoffset.

THEORY OF MULTIPLE ATTENUATION AND FILTER
ESTIMATION

RecentlySpitz (1999) and Brown and Clapp (2000) presenteca
noise attenuatiorntechniquebasedon patterns. The main ideais
simple: the noiseandsignalhave differentmultidimensionakpec-
tra that PEFscan approximate(Claerbout,1992)in orderto per
form the separation.In this approachthe multiple attenuationis
similar to Wiener ltering (Abma, 1995). Oneimportantapprox-
imation is that the noise and signal are uncorrelatedso that the
cross-spectrunbetweenthesetwo componentss not needed.In
this section,| shav how the separatioris performedandhow the

PEFsareestimated.

Multiple attenuation
First,| considethatary seismicdatais thesumof signalandnoise
asfollows:

d D sCn, 1)

whered aretheseismicdata,sthesignalwe wantto presere andn
thenoisewewishto attenuateln themultiple eliminationproblem,
thenoiseis the multiplesandthe signalthe primaries.

Now, assuminghatwe know the multidimensionaPEFsN andS
for the noiseandsignalcomponentsiespectiely, we have

Nn 0
Ss 0 @

by de nition of the PEFs.Equationg1) and(2) canbe combined
to solve a constrainedoroblemto separatesignal from spatially
uncorrelatedhoiseasfollows:

0 rn D Nn
0 rs D Ss 3)
subjecto $ d D sCn

We caneasilyeliminaten in thelastequationof the tting goal(3)
by corvolving with N. For some eld data,it might be usefullto
adda maskingoperatoron the dataand signalresidualr g andrs
to performthe noiseattenuationlt happendor examplewhenthe
noiseappearsftera certaintime or offset. | call M this masking
operatorandl weightthe tting goalsin equation(3) asfollows:

0 rq
0 rs

D M(Ns Nd)
D MSs @

Theleast-squaresversefor sbecomes
5D (NMNC 2sMs) INAvING, (5)

where(9 standsfor theadjointand is a constanto be chosera-

priori. NotethatsinceM is a diagonaloperatorof zerosandones,
we have MM D M2 D M. It is interestingto notethat NN is

theinversespectrunof the noiseandSMS is theinversespectrum
of the signalwherewe performthe attenuation.Soubarag1994)
usea very similar approachfor randomnoiseand more recently
for coherentnoise attenuation(Soubaras2001) with F-X PEFs.
Becausehe size of the dataspacecanbe quite large, we estimate
siteratvely with a conjugate-gradienthethod.In the next section,
| describethe PEFsestimationmethod| useto computeN andS

neededn equation(5).

Filter estimation

ThePEFs| estimatearetime domainnon-stationarylters to cope
with the variability of seismicdatawith time andoffset. The basic
relationshipdor the lter estimatiorare

D YKacCy

0 ry
D Ra ®)

0 ra

whereY is a matrix for non-stationancorvolution with the data,
K is a maskingoperator a a vector of the unknovn PEFscoef-

cientswherethe rst coefcient is held at one,y the datavector
from which we want to estimatethe PEFsandR a regularization
operator The rst equationstateghatthe PEFsappliedto thedata
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giveawhiteresidual. Thesecondequatiorstateghatthedifference
betweercoefcients for neighboringPEFsshouldbe small.

Often with seismicdata,the amplitudevariesaccrossoffset and
time. Theseamplitudevariationscan be troublesomewhen we
want to useleast-squaresversionbecausehey tendto biasthe
nal result(Claerbout,1992). Therefore,it is importantto make
surethat the amplitudevariation doesnot affect our processing.
Onesolutionis to apply a weightto the datalike Amplitude Gain
Control (AGC) or a geometricalspreadingcorrection. However,
a betterway is to incorporatethe weight inside our inversionby
weightingtheresidual.Introducinga weightingfunction W in the
PEFsestimationwe have thefollowing tting goals:

D W(YKaCy)

0 ry
D Ra ™
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This weightingimproves the signal/noiseseparatiorresults. The
choiceof the weightingfunctionwill be discusdaterfor the mul-
tiple attenuatiorexample.This weightcanalsobe differentfor the
noiseandsignalPEFs.Theleast-squaresstimateof a becomes

apD (K%W2yk c 2RR) K% ?y. 8)

Becauseve havemary Iter coefcients to estimatea is estimated
iteratively with aconjugate-gradiemethod.

Now, prior to the signalestimation,S andN needto be computed
from a signaland noisemodel,respectiely. The multiple model
is derived by autocowolving the recordeddata(Verschhuret al.,
1992).1 thenobtaina prestackmodelof the multiplesthat| useto
estimatethe bankof nonstationnarfPEFsN. The signalPEFsare
moredif cult to estimatesincethe signalis usuallyunknovn. To
estimatethe signal PEFsS, | apply the noisePEFsN to the data
vectord andestimatethe signalPEFsfrom the convolution result.
Thiswill givemeanapproximatiorof Sthatl laterusefor thenoise
attenuatior{Spitz,2001,personnatommunication) Thanksto the
Helix (MersereawandDudgeon1974;Claerbout1998),the PEFs
canhave ary dimension. In this paper | use2-D and3-D lters
anddemonstrat¢hat3-D lters leadto the bestnoiseattenuation
result. In the next section,l shawv a prestackmultiple attenuation
examplewith eld datafrom the Gulf of Mexico.

A 2-DFIELD DATA EXAMPLE

Thissectiondemonstratethatour multiple attenuationmethodyields
an efcient attenuationof surface-relatedmultiples for complex
subsurace.Themodelingof themultiplesis madein 2-D anddoes
notincorporateoff-planeevents.This datasehasbeenextensvely
usedin a specialedition of The LeadingEdge(Januaryl999)on
multiple attenuation.

First, | estimatea weighting function W for the Iter estimation
andamaskingoperatoM for the noiseattenuation For the noise
andsignalPEFsweightingoperators| rst appliedanAGC of 0.8

second200samplespntheshotgatherfor the dataandthe multi-

ple model. Fromthesegathers) estimatecaweightingfunctionby

dividing the gatherswith AGC by the gatherswithout AGC, mak-

ing surethatno division by zerowould occur Notethattheweight
for thesignalPEFsis estimatedrom thedata.

Having computedthe maskingand weighting operatorswe can
proceedo themultiple attenuationThe rst stepis to estimatethe
noiseandsignalPEFs,i.e., equation(8). Then,| estimatethe sig-
nal,i.e. equation(5). | shav theresultof the multiple attenuation
for oneshotlocationin Figurel. In Figurelb, we noticethatthe
multiple modelhasweak amplitudesat shortoffset. This comes
from the acquisitiongeometryat shortoffset.

In Figuresl, | comparethe estimatedsignalwhen 2-D and 3-D
Iters areutilized for the signal/noiseseparation.lt is quite clear

thatthe3-D lters yield abetternoiseattenuatiorresult.It is inter
estingto seethatthe3-D lters canhandlemodellinguncertainties
anddiffractedmultiplesverywell. | shaw in Figure2 time slicesof
the time/of'set/shotcubein which the multiple attenuationis per
formed. As expected,3-D lters (Figure 2d) attenuatethe noise
muchbetterthan2-D lters (Figure2c). It is quiteremarkablehat
3-D lters performso well in areaswherethe multiple modelis
known to beinaccurateln particular diffractedmultiplesandoff-
plane/3-Dmultiplesarebetterattenuategbetweeroffsets2000and
3000min Figure?2).

DISCUSSION-CONCLUSION

| have presente@multiple-attenuatiotechniquehataimsto model
and separatehe noiseand signal with time-variant, multidimen-
sionalprediction-errorlters. Theselters canbe2-D or 3-D thanks
to the helical boundaryconditions. The estimationof these Iters
incorporateweightingfunctionsto copewith amplitudevariations
in thedataandin the noisemodel. In addition,a maskingoperator
is introducedn the signal/noiseseparationmethodin orderto pre-
sene areaswhereno multiplesarepresent.Testswith a eld data
examplefrom the Gulf of Mexico prove thatthe multiple attenua-
tion works muchbetterwhen3-D lters areutilized, asopposedo
2-D lters. These3-D lters allow abettersignal/separatiom ar
easwherethe multiple modelis known to beinaccuratee.g.,short
offsettracesdiffractedmultiplesandoff-plane/3-Devents.
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Figure 1: Multiple attenuatiorresultat location4500m. (a) Input data. (b) Multiple model. (c) Estimatedsignalwith 2-D Iters. (d)
Estimatedsignalwith 3-D lters.
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(a): Input data (b): Multiple model
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(c): Signal with 2-D filters (d): Signal with 3-D filters

Figure2: Time slicesat4.5 seconds(a) Inputdata.(b) Multiple model.(c) Estimatedsignalwith 2-D lIters. (d) Estimatedsignalwith 3-D
Iters.



