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SUMMARY

We presenta new pattern-basednethodthat separatesnultiples
from primaries. This method nds its mathematicafoundationin
the work conductedoy Nemeth(1996) on coherentoiseattenu-
ation by least-squaremigration. We shaw that a similar inverse
problemcanbe formulatedto attenuatecoherentoisein seismic
data. In this paper we usedecowolution with predictionerror I-
tersto modelthe signalandnoisevectorsin aleast-squaresense.
This new formulation of the noise separatiorproblemhasbeen
testedon 2-D real dataand achievessimilar resultsto the Wiener
approach.However, we shav that the main strengthof this nen
methodis its ability to incorporateregularizationin the inverse
problemin orderto decreasghe correlationeffectsbetweemoise
andsignal.

INTRODUCTION

Pattern-basedoiseattenuatioriechniquesreknown for theirabil-
ity to remove multiple re ections in the most complex geology
Thesemethodsexploit the spatial predictability of the noiseand
signalwith predictionerror lters (PEFS). Thepattern-basetheth-
ods contrastwith adaptve subtractiontechniqueswhich assume
that the primary wave eld hasminimum enegy (Weglein et al.,
1997). Thus,the adaptve subtractiortechniquesarehamperedy
the requirementhat a sourcewavelet be calculated(Verschuuret
al., 1992). Both pattern-basedndadaptve subtractiortechniques

Figure 1: Left: multiple model at one shotlocation using Delft

approachRight: Shotrecordat the saméocation. Thekinematics
of all multiplesare correctlymodeled. The relatve amplitudeof

high-ordemultiplesis notpresered.

assumehata multiple modelis known in advance.The mostpop-
ularway to derive themultiple modelis usingthe“Delft approach”
(Verschuuretal., 1992)in which the multiple modelis calculated
via autocomolution of therecordedwave eld (Figurel). A well-
known problemof the single convolution approachto modelingis
thatit modelsthe kinematicsfor every multiple correctly but does
not presere therelatve amplitudeof high-ordemultiples. Brown

andClapp(2000)shav thata pattern-basedpproactcancompen-
satefor amplitudeerrorsin thenoisemodeling.

The recentpattern-basetiechniquesn the literatureare approxi-
matelyequivalentto Wieneroptimalestimation(Castleman1996)
sincethey utilize thePEFto approximatehesignalandnoisepower
spectra.For instance Spitz (2000)usesf x domainPEFwhile
Brown and Clapp (2000) and Clappand Brown (2000)uset  x
domainPEFR

We presenta nev methodthatis not basedon the Wienerrecon-
structionof thesignal. Following Nemeth(1996),we usethe PEF's
aspredictionoperatorsasopposedo ltering operatorsasin the
WienerapproachNonethelesshis methodbelongso the pattern-
basedype sincePEF's arestill estimatedor the noiseseparation.
Ourgoalis to shav thatthis new methodologyteadsto a properex-
tractionof the multiplesandhasthe potentialto overtale the clas-
sical Wienerformulation. In the rst partof this paper we review
the theoreticaldevelopmentsof both the Wienetlike schemeand
the new proposedechniquegdiscussingheir differencesandsim-
ilarities. Then,we comparethe two stratgjieson a surface-related
multiple attenuatiorproblemin complex geology

THEORY REVIEW

We presentthe theoreticalbasisfor both the Wiener methodand
the new proposedscheme.We show that our newv methodoffers
the opportunityto betterseparatenoisefrom signalusinginverse
theory

Wiener method

A constrainedeast-squareproblemusing PEF's gives a similar
expressiorfor the noiseestimationthandoesthe Wienermethod.
To seethis, considerthe recordeddatato be the simplesuperposi-
tion of “signal”, i.e., primaryre ectionsand“noise”, i.e., surface-
relatedmultiples: d D sC n. For the specialcaseof uncorrelated
signaland noise, the so-calledWener estimatoris a Iter, which
whenappliedto the data, yields an optimal (least-squaresense)
estimateof theembeddedignal(Castleman]1996). Thefrequeng
responsef this Iter is

Ps
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wherePs and Py, arethe signaland noise power spectrarespec-
tively.

Abma (1995) solved a constrainedeastsquaregproblemto sepa-
ratesignalfrom spatiallyuncorrelatedoise:

Nn 0
Ss 0 2
subjecto $ dDsCn

wherethe operatoraN and S represent  x domainconvolution

with nonstationaryPredictionError Iters (PEFs) which whiten

the unknovn noisen andsignals, respectiely.  is a Lagrange
multiplier. Minimizing the quadraticobjectve function suggested
by equation(2) with respecto s leadsto the following expression
for theestimatedsignal:
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By construction,the frequenyg responseof a PEF approximates
the inverse power spectrumof the datafrom which it was esti-
mated.Thuswe seethatthe approactof equation(2) is similar to
the Wienerreconstructiorprocess.We referto this approachasa
“Wienetrlike” method.It hasbeensuccessfullyusedby Brown and
Clapp(2000)for ground-rollattenuatiorandby ClappandBrown
(2000)for multiple separation.

Now we give a methodthat computesthe signal PEF neededn
equation(2). Spitz (1999)shavedthatfor uncorrelatesgignaland
noise,the signal PEF canbe expressedn termsof a PEF, D, es-
timatedfrom the datad, anda PEF, N, estimatedrom the noise
model:

SDDN 1. (4)

Equation(4) stateshatthe signal PEFequalthe dataPEFdecon-

volved by the noise PEF. Spitz' resultappliesto one-dimensional
PEFs in the f x domain, but our useof the helix transform

(Claerbout,1998)permitsstableinverse Itering with multidimen-

sionalt x domain lters.

Proposedmethod

Here,we shav thattheformalismusedby Nemeth(1996)canhelp
to betterseparateorrelatechoiseandsignal.But rst, wedetailthe
analogiesand differencesbetweenthe Wienetlike and proposed
method.

In equation(2), the noiseandsignal PEF's Iter the datacompo-
nents.Now, following Nemeth(1996),thenoiseandsignalnonsta-
tionary PEF's predictthe datacomponentwia a decowolution as
follows:

dDN mpCS Ims. (5)

We call mg the signalmodeland mp the noisemodel (not to be
confusedwith the multiple modelthatwe useto computethe noise
PEF).Clearly N mp modelsthe noisevectorn andS msg the
signal vectors. Becausewe use PEF' in equation(5), this ap-
proachis pattern-basedh essence.But now, the PEF's are not
usedto approximatethe power spectrafor the Wienerestimation,
but ratherusedto modelthe datacomponentsNow, we shav the
opportunitiesfor improved resultsoffered by sucha formulation
for thesignal/noiseseparation.

Equation5 canbewrittenin aneasierform. With L, D N 1and
LsDS 1, wecandeneL D (Ln Ls)andm®D (mn ms). Hence,
the tting goalbecomes

ODLm d, (6)
leadingto thefamiliar normalequations

LAm D L%. 7

Using linear algebra,we canprove thatthe least-squaresolution
of mis
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Rs andR;, canbeseerassignalandnoise lters respeciiely since
Ls(LAs) L%andLn(LOn) 1LY arethe dataresolutionopera-
torsfor thesignalandthenoise.

The orthogonalitybetweenthe noise operatorL , and the signal
operatolL s conditiontheexistenceof m asderivedin equation(8).

If thetwo operatoroverlapcompletelythentheHessiand. ﬂR_SL n

and LgR_an arenot invertible. If the two operatorsoverlaponly
partially, then Nemeth(1996) proves that the separabilityof the
signalandnoisecanbe improvedif we introducea regularization
term. If we usea modelspaceregularization(Fomel, 1997), we
havethen

Mhp  (LARsLnC 2CRCn) 'LiRs g
Ms (LRnLsC 2¢0Ce) LR,

with C, and Cs the regularizationoperatorsfor the noise model
mp andthe signalmodelms. A dataspaceregularizationcanalso
improve theseparation.

Again, the signalPEF's areapproximatedisingSpitz' choice,i.e.,
SD DN 1. In equation(5), the outcomeof theinversionis my, and
ms. Theestimatedsignal3is theneasilyderived asfollows:

5Dd N Imp. (11)

We call this new methodthe subtractiormethod.We now compare
the Wienerlike approachandthe subtractiormethodfor multiple
attenuation.

MULTIPLE ATTENUATION RESULTS

We usethe very popularGulf of Mexico line provided by West-

ernGecq(Figure2). In the middle of the seismicsection the data
containa shallav saltbody which generatestrongreverberations
anddiffractions. This datasetis generallyutilized to benchmark
multiple attenuatiortechniquesWe shav thatthesubtractiormeth-
od comparegavorablywith the Wienerlike approachNoticethat

thesubtractiormethoddid notincorporatearegularizationtermas

suggesteabove.

Figure 3 shavs a CMP gatherextractedfrom the Gulf of Mexico

datasetandinfestedwith multiples. The main patternsare accu-
rately modeled(right). This CMP gatheris taken outsidethe salt

boundariesThe multiple attenuatiorstartsby the PEFestimation
for the dataand noisemodel. Then,the noiseattenuatiorbegins

usingeitherthe Wienekrlike methodor the subtractiorschemeWe

shav the theresultof the multiple attenuatiorusingboth methods
in Figure4. The multiples have beencorrectly attenuatedn the

two cases.

We now extracta CMP gatherfrom above the salt. Multiple atten-
uationbecomesnore challengingbecausehe salt play generates
stronginternal multiples, diffractionsand shadev zonesthat are
dif cult to incorporatein the noisemodel using a simple convo-
lutional technique Figure5 shavs the selectedCMP gatherinside
thesaltboundariesvith thecorrespondingnultiple model. Despite
theinherentdif culty of modelingsubsaltmultiples,the kinemat-
icslook correct.Figure6 shavs the estimatedsignal. As expected,
theremainingsignalis lesscoherentnsidethesaltboundarieshan
outside. Nonethelessthe two schemeseveal hiddeninformation
in asimilarway.

CONCLUSION

We appliedanenv t  x domain,pattern-basedignal/noisesepa-
ration techniqueto a 2-D line contaminatedvith multiples. This
techniquediffers from the previous Wienerlike methodbecause
thedatacomponentarenot Itered but predicted.Thegoalof this
work wasto shawv (1) thatthe noiseattenuatiorcanbe formulated
in atotally differentway usinganew tting goal,(2) thatthis new
formulationleadsto a propersubtractiorof the noisecomponents
and(3) that sofar, this methodis comparablén ef ciency to the
Wienerlike method. The rst resultsarevery encouraging.Yet,
we have not exploredthepossibilitiesofferedby theregularization
to improve the signal-noiseseparation.
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Figure3: Left, CMP gatherinfestedwith multiples,outsidethesalt
boundariesRight, multiple modelat the samelocation.

Figure 4: Left, estimatedsignal using the subtractionmethod.
Right, estimatedsignalusingthe Wienekrlike method.
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Figure2: Zerooffsetsectionof the Gulf of Mexico data.Noticethe strongwatercolumnmultiplesafter3.5seconds.

Figure5: Left, CMP gatherinfestedwith multiples,insidethe salt
boundariesRight, multiple modelatthe samelocation.

Figure 6: Left, estimatedsignal using the subtractionmethod.
Right, estimatedsignalusingthe Wienekrlike method.



