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SUMMARY
Multiple attenuationin complex geology remainsa very inten-
sive researcharea. The proposedtechniqueaims to usethe spa-
tial predictability of both the signal (primaries)and noise(mul-
tiples), in order to perform the multiple attenuationin the time
domain. The spatialpredictability is estimatedwith multidimen-
sionalprediction-error�lters. These�lters aretime-variant in or-
der to handlethe nonstationarityof the seismicdata. Attenuation
of surface-relatedmultiples is illustratedwith �eld datafrom the
Gulf of Mexico with 2-D and3-D �lters. The3-D �lters allow the
bestattenuationresult.In particular, 3-D �lters seemto copebetter
with inaccuraciespresentin themultiplemodelfor shortoffsetand
diffractedmultiples.

INTRODUCTION

The lastdecadehasseenanexponentialgrowth in theuseof 3-D
seismicimaging. Contemporaneouswith this development,imag-
ing techniqueshavebecomemorecomplex in theeffort to account
for multi-pathing in complex mediaand to producetrue ampli-
tudemigratedpicturesof the subsurface. Sincemultiplesarenot
accountedfor in the physicalmodel that leadsto thesemigration
methods,they canseverelyaffect the�nal migrationresultproduc-
ing erroneousinterfacesor amplitudeartifacts; consequently, the
multipleshave to be removed from the dataprior to any imaging
attempt.

As pointedout by Weglein (1999),the multiple attenuationtech-
niquesmay be divided into two families: (1) �ltering methods
which exploit the periodicity and the separability(move-out dis-
crepancies)of themultiplesand(2) thewave�eld methods,where
themultiplesare�rst predicted,for exampleby autoconvolutionof
therecordeddata,andthensubtracted(Verschhuretal.,1992).Tra-
ditionally, �ltering techniquesarethemethodof choicefor multiple
processingbecauseof their robustnessandcost.However, because
thesetechniquesaremainly 1-D methods,they do not extendtheir
multipleattenuationpropertiesvery well to higherdimensions,i.e,
2-D or 3-D. Therefore,�ltering techniqueshave somelimitations
whentacklingmultiplesin complex media.

In this paperI presentresultsof a multiple attenuationtechnique
basedon thespatialpredictabilityof bothprimariesandmultiples.
Theattenuationis basedontheassumptionthatprimariesandmul-
tiples have differentpatternsandamplitudes.The patternis esti-
matedwith time-spacedomain(t-x) multidimensionalprediction-
error�lters (PEFs).In the�rst sectionfollowing this introduction,
I presentthemultiple attenuationtechnique.In thesecondsection
I illustratethe proposedmethodwith a Gulf of Mexico �eld data
example.I will show that3-D PEFsgive thebestnoiseattenuation
result.More speci�cally, 3-D PEFsareableto attenuatediffracted
multiplesbetterandarealsolesssensitive to modelinginaccuracies
at shortoffset.

THEORY OF MULTIPLE ATTENUATION AND FIL TER
ESTIMATION

RecentlySpitz (1999) and Brown and Clapp (2000) presenteda
noiseattenuationtechniquebasedon patterns. The main idea is
simple: thenoiseandsignalhave differentmultidimensionalspec-
tra that PEFscanapproximate(Claerbout,1992) in order to per-
form the separation.In this approach,the multiple attenuationis
similar to Wiener�ltering (Abma,1995). Oneimportantapprox-
imation is that the noiseand signal are uncorrelatedso that the
cross-spectrumbetweenthesetwo componentsis not needed.In
this section,I show how the separationis performedandhow the

PEFsareestimated.

Multiple attenuation
First,I considerthatany seismicdatais thesumof signalandnoise
asfollows:

d D sC n, (1)

whered aretheseismicdata,sthesignalwewantto preserveandn
thenoisewewishto attenuate.In themultipleeliminationproblem,
thenoiseis themultiplesandthesignaltheprimaries.

Now, assumingthatwe know themultidimensionalPEFsN andS
for thenoiseandsignalcomponents,respectively, we have

Nn � 0
Ss � 0 (2)

by de�nition of thePEFs.Equations(1) and(2) canbecombined
to solve a constrainedproblemto separatesignal from spatially
uncorrelatednoiseasfollows:

0 � rn D Nn
0 � rs D Ss

subjectto $ d D sC n
(3)

Wecaneasilyeliminaten in thelastequationof the�tting goal(3)
by convolving with N. For some�eld data,it might beusefull to
adda maskingoperatoron the dataandsignalresidualr d andrs
to performthenoiseattenuation.It happensfor examplewhenthe
noiseappearsaftera certaintime or offset. I call M this masking
operatorandI weightthe�tting goalsin equation(3) asfollows:

0 � rd D M(Ns� Nd)
0 � rs D MSs (4)

Theleast-squaresinversefor s becomes

ŝD (N0MNC� 2S0MS)� 1N0MNd, (5)

where(0) standsfor theadjointand� is a constantto bechosena-
priori. NotethatsinceM is a diagonaloperatorof zerosandones,
we have M0M D M2 D M. It is interestingto note that N0MN is
theinversespectrumof thenoiseandS0MS is theinversespectrum
of the signalwherewe performthe attenuation.Soubaras(1994)
usea very similar approachfor randomnoiseandmore recently
for coherentnoiseattenuation(Soubaras,2001) with F-X PEFs.
Becausethesizeof thedataspacecanbequite large,we estimate
s iteratively with a conjugate-gradientmethod.In thenext section,
I describethe PEFsestimationmethodI useto computeN andS
neededin equation(5).

Filter estimation
ThePEFsI estimatearetime domainnon-stationary�lters to cope
with thevariability of seismicdatawith time andoffset. Thebasic
relationshipsfor the�lter estimationare

0 � ry D YKa C y
0 � ra D Ra, (6)

whereY is a matrix for non-stationaryconvolution with the data,
K is a maskingoperator, a a vectorof the unknown PEFscoef�-
cientswherethe �rst coef�cient is held at one,y the datavector
from which we want to estimatethe PEFsandR a regularization
operator. The�rst equationstatesthatthePEFsappliedto thedata
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giveawhiteresidual.Thesecondequationstatesthatthedifference
betweencoef�cients for neighboringPEFsshouldbesmall.

Often with seismicdata,the amplitudevariesaccrossoffset and
time. Theseamplitudevariationscan be troublesomewhen we
want to useleast-squaresinversionbecausethey tend to bias the
�nal result (Claerbout,1992). Therefore,it is importantto make
surethat the amplitudevariation doesnot affect our processing.
Onesolutionis to applya weight to thedatalike AmplitudeGain
Control (AGC) or a geometricalspreadingcorrection. However,
a betterway is to incorporatethe weight insideour inversionby
weightingtheresidual.Introducinga weightingfunctionW in the
PEFsestimation,we have thefollowing �tting goals:

0 � ry D W(YKa C y)
0 � ra D Ra. (7)

This weightingimproves the signal/noiseseparationresults. The
choiceof theweightingfunctionwill bediscusslater for themul-
tiple attenuationexample.This weightcanalsobedifferentfor the
noiseandsignalPEFs.Theleast-squaresestimateof a becomes

â D � (K0Y0W2YK C � 2R0R)� 1K0Y0W2y. (8)

Becausewehavemany �lter coef�cients to estimate,a is estimated
iteratively with aconjugate-gradientmethod.

Now, prior to thesignalestimation,S andN needto becomputed
from a signalandnoisemodel,respectively. The multiple model
is derived by autoconvolving the recordeddata(Verschhuret al.,
1992).I thenobtaina prestackmodelof themultiplesthatI useto
estimatethebankof nonstationnaryPEFsN. ThesignalPEFsare
moredif�cult to estimatesincethesignalis usuallyunknown. To
estimatethe signalPEFsS, I apply the noisePEFsN to the data
vectord andestimatethesignalPEFsfrom theconvolution result.
Thiswill givemeanapproximationof SthatI laterusefor thenoise
attenuation(Spitz,2001,personnalcommunication).Thanksto the
Helix (MersereauandDudgeon,1974;Claerbout,1998),thePEFs
canhave any dimension. In this paper, I use2-D and3-D �lters
anddemonstratethat3-D �lters leadto the bestnoiseattenuation
result. In the next section,I show a prestackmultiple attenuation
examplewith �eld datafrom theGulf of Mexico.

A 2-D FIELD DATA EXAMPLE

Thissectiondemonstratesthatourmultipleattenuationmethodyields
an ef�cient attenuationof surface-relatedmultiples for complex
subsurface.Themodelingof themultiplesis madein 2-D anddoes
not incorporateoff-planeevents.This datasethasbeenextensively
usedin a specialedition of The LeadingEdge(January1999)on
multipleattenuation.

First, I estimatea weighting function W for the �lter estimation
anda maskingoperatorM for thenoiseattenuation.For thenoise
andsignalPEFsweightingoperators,I �rst appliedanAGC of 0.8
second(200samples)on theshotgatherfor thedataandthemulti-
plemodel.Fromthesegathers,I estimatedaweightingfunctionby
dividing thegatherswith AGC by thegatherswithout AGC, mak-
ing surethatnodivisionby zerowould occur. Notethattheweight
for thesignalPEFsis estimatedfrom thedata.

Having computedthe maskingand weighting operators,we can
proceedto themultipleattenuation.The�rst stepis to estimatethe
noiseandsignalPEFs,i.e., equation(8). Then,I estimatethesig-
nal, i.e. equation(5). I show theresultof themultiple attenuation
for oneshotlocationin Figure1. In Figure1b, we noticethat the
multiple modelhasweakamplitudesat shortoffset. This comes
from theacquisitiongeometryat shortoffset.

In Figures1, I comparethe estimatedsignalwhen 2-D and 3-D
�lters areutilized for the signal/noiseseparation.It is quite clear

thatthe3-D �lters yield abetternoiseattenuationresult.It is inter-
estingto seethatthe3-D �lters canhandlemodellinguncertainties
anddiffractedmultiplesverywell. I show in Figure2 timeslicesof
the time/offset/shotcubein which the multiple attenuationis per-
formed. As expected,3-D �lters (Figure2d) attenuatethe noise
muchbetterthan2-D �lters (Figure2c). It is quiteremarkablethat
3-D �lters performso well in areaswherethe multiple model is
known to beinaccurate.In particular, diffractedmultiplesandoff-
plane/3-Dmultiplesarebetterattenuated(betweenoffsets2000and
3000m in Figure2).

DISCUSSION-CONCLUSION

I havepresentedamultiple-attenuationtechniquethataimstomodel
andseparatethe noiseandsignalwith time-variant, multidimen-
sionalprediction-error�lters. These�lters canbe2-Dor3-D thanks
to thehelicalboundaryconditions.Theestimationof these�lters
incorporateweightingfunctionsto copewith amplitudevariations
in thedataandin thenoisemodel.In addition,a maskingoperator
is introducedin thesignal/noiseseparationmethodin orderto pre-
serve areaswhereno multiplesarepresent.Testswith a �eld data
examplefrom theGulf of Mexico prove that themultiple attenua-
tion worksmuchbetterwhen3-D �lters areutilized,asopposedto
2-D �lters. These3-D �lters allow a bettersignal/separationin ar-
easwherethemultiplemodelis known to beinaccurate,e.g.,short
offsettraces,diffractedmultiplesandoff-plane/3-Devents.
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Figure1: Multiple attenuationresultat location4500m. (a) Input data. (b) Multiple model. (c) Estimatedsignalwith 2-D �lters. (d)
Estimatedsignalwith 3-D �lters.
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Figure2: Timeslicesat4.5seconds.(a) Inputdata.(b) Multiple model.(c) Estimatedsignalwith 2-D �lters. (d) Estimatedsignalwith 3-D
�lters.


