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1 SUMMAR Y

Two iterativemethodsthatremovecoherentnoiseduringtheinversionof 2-D prestackdataaretested.
Onemethodapproximatestheinversecovariancematriceswith predictionerror�lters (PEFs),andthe
otherintroducesa coherentnoisemodelingoperatorin theobjective function. This noisemodelling
operatoris a PEFthathasto beestimatedeitherbeforethe inversionfrom a noisemodelor directly
from the data. Thesetwo methodslead to independent,identically distributed (IID) residualvari-
ables,thusguaranteeinga stableconvergenceof theinversionschemesandpermittingcoherentnoise
�ltering/separation.

2 INTRODUCTION

Seismicprocesseslike migrationor deconvolution, canbe regardedastheadjointof forward “mod-
eling” operators(Claerbout,1992). Unfortunately, mostof the time, theseoperatorsarenot unitary
makingthe preservation of the amplitudea dif�cult but necessarytask. Inversetheoryoffers an at-
tractive solutionto this problem.For example,anapproximateinversecanbecomputedusingleast-
squaresinversion. Anotherpossibilityis to estimatetheunknown vectorwith aniterativedata-�tting
approach.However, with both methods,major dif�culties arisewhenthe dataarecontaminatedby
outliers, which areabnormallylarge or small datacomponents,or Coherent noisethat the seismic
operatoris unableto model.Thenoisewill (1) spoil any analysisbasedon theresultof theinversion
and(2) affect theamplituderecovery of the input data.Froma statisticalpoint of view, theresidual
componentswill not be IID. A possiblesolutionto oneparticularnoiseproblemis to attribute long-
tailedPDFsto theresidualvariablesleadingto theminimizationof the` 1 normof thedataresidual.
However, thisstrategy is usuallynoteffectiveatattenuatingcoherentnoisebecauseit is notgenerally
distinguishableby its histogram,but by its moveoutpatterns.

In this paper, I focus on the attenuation/separationof the coherentnoiseonly. The �rst strategy
relatesto fundamentalsin inversetheoryasdetailedin thegeneraldiscreteinverseproblem(Tarantola,
1987)andapproximatestheinversecovariancematriceswith PEFs.Thesecondstrategy proposesto
introducea coherentnoisemodellingoperatorin the �tting goal. In the �rst strategy the coherent
noiseis �ltered. In thesecondstrategy thecoherentnoiseis subtractedfrom thesignal.

3 THE INVERSE PROBLEM

The least-squarescriterioncomesdirectly from thehypothesisthat thePDFof eachobservabledata
andeachmodelparameteris Gaussian.Theseassumptionsleadto thegeneraldiscreteinverseproblem
(Tarantola,1987). Finding a modelm that explainsthe datad via an operatoror matrix H is then



equivalentto minimizing thequadraticobjective function

f (m) D (Hm � d)TC� 1
n (Hm � d)C (m� mprior )TC� 1

m (m � mprior ), (1)

whereCn andCm arethe covarianceoperators, andmprior a modelgivena priori . Thecovariance
matrix Cn, often called the noisecovariancematrix, combinesexperimentalerrorsand modelling
uncertainties.Assuming(1) uniform varianceof themodelandof thenoise,(2) covariancematrices
arediagonal, i.e.,uncorrelatedmodelandatacomponents,and(3) noprior modelmprior , theobjective
functionbecomes

f (m) D (Hm � d)T(Hm � d)C � 2mTm, (2)

where� is a functionof thenoiseandmodelvariances.Thepreviousassumptionsleadingto equation
(2) arequite strongwhenwe aredealingwith seismicdatabecausethe varianceof the noise/model
may be not uniform and the componentsof the noise/modelare not independent. I will refer to
equation(2) asthe“simplest” approach.Whentheassumptionsleadingto equation(2) arerespected,
theconvergencetowardm is easyto achieveandthecomponentsof theresidualr D Hm � d become
IID.

4 PROPOSEDSOLUTIONS TO ATTENUATE COHERENT NOISE

Any datasetmay be regardedasthe sumof signalandnoised D sC n. I assumethat the coherent
noisen is madeof the inconsistentpart (or modelinguncertaintiespart)of the datad for any given
operatorH.

A �ltering method: Equation(1) introducestwo matricesthat aredif�cult to compute: the noise
covariancematrix Cn and the modelcovariancematrix Cm. I concentratemy efforts on the noise
covariancematrixonly. Whencoherentnoiseis presentin thedatathecovariancematricesshouldnot
be approximatedby diagonaloperators.IID residualcomponentsis equivalentto having a residual
with awhitespectrum.Thuscoherentnoisewill add“color” to thespectrumof theresidual.Thegoal
of thecovariancematricesis to absorbthis spectrum.Thusexperimentalresiduals(squared)should
beweightedinverselyby their multivariatespectrumfor optimalconvergence(ClaerboutandFomel,
1999). Becausea PEFwhitensdatafrom which it wasestimated,it approximatesthe inversepower
spectrumof thedataandthusaccomplishestheroleof theinversecovariancematricesC� 1

d in equation
(1). The�tting goalbecomes,with Ar a PEFestimatedfrom theresidualandAT

r Ar � C� 1
n ,

0 � Ar (Hm � d), (3)

A subtraction method: Insteadof removing thenoiseby �ltering, we canremove it by subtraction
[e.gNemeth(1996)]. If anoperatoris unableto modelall theinformationembeddedin thedata,then
theresidualis not IID. ThesecondformulationI proposeis basedontheideathatif wecanmodelthe
coherentnoisewith anotheroperator, thentheresidualcomponentsbecomeIID. Becausethereshould
be a differentoperatorfor eachdifferentcoherentnoisepattern,this methodmay becomedif�cult
to use. Fortunately, we can usemulti-dimensionalPEFsto estimatethe coherentnoiseoperator.
This estimationis possibleif we assumethat the coherentnoiseis predictable,i.e., madeup of the
superpositionof local planewavesegments(Claerbout,1992).The�tting goalbecomes

0 � HmsC A � 1
n mn � d (4)

whereAn is thenoisePEF, mn thenoisemodelandms thesignalmodel.I did notdevelopany speci�c
algorithmto solve this inverseproblem. I assumethatwe have a strategy thatallows us to estimate
theoperatorAn. Wecanthenminimizetheobjective functionfor the�tting goalsgivenin Equation4
in a least-squaressense,for example.
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5 RESULTS

In this sectionI show somepreliminaryresultsfrom testingthe two proposedstrategies. The main
operatorH is thehyperbolasuperpositionoperator. TheadjointHT is thehyperbolicRadontransform
(HRT). Themodelspacem is calledthevelocityspace.Theinputdatad areCMPgathers.

Theleft panelof Figure1 displaysthe input CMP gatherfor thevelocity inversion.Thesedatahave
beenpre-whitenedwith a 1-D PEF (deconvolution). Notice that this CMP is madeup of nearly
horizontalevents,hyperbolasanda slow velocity, low frequency eventcrossingthegather. Thelater
is the coherentnoisewe want to remove. The threeotherpanelsin Figure1 show the remodeled
dataafter inversionfor thesimplest,�ltering andsubtractionmethod.They all look similar andthe
lineareventhasbeenattenuated.This is expectedsincethe rangeof velocity usedin theHRT does
not include low velocities. The differencesemerge in Figure2 wherethe residualsarecompared.
The residualwith the simplestmethodis not white asopposedto the residualfor the �ltering and
subtractionmethods.Thus,if wekeepiterating,thesimplestmethodwould �t somenoisein thedata.
Figure2 demonstratesthatweobtainIID residualcomponentswith theproposedschemes.

6 DISCUSSION

In the �ltering method,PEFsarerecomputediteratively from the dataresidual. For the subtraction
method,however, the �nal resultis drivenby theorthogonalitybetweenthecoherentnoiseoperator
and the signaloperator(Nemeth,1996). If the two operatorscanmodel similar partsof the data,
theseparationwill not beef�cient. Nemethproposesintroducingsomeregularizationin equation(4)
to mitigatethis dif�culty . We could perhapscomputea prior coherentnoisemodelfrom which we
estimatethePEFs(Spitz,1999).In addition,theprocessingoperatorH shouldmitigatethecrosstalks
betweenthesignalandthecoherentnoise.

Becausethedataarenot time-stationary, thecoherentnoiseoperatorshouldbea functionof timeand
space.This dif�culty canbe overcomeusingnon-stationary�lters. In particular, estimatingspace
varying�lters with coef�cients smoothedalonga radialdirectionmightbeef�cient (Crawley, 1999).
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Figure1: Remodeleddataafterinversion.Left: inputdata.

Figure2: Comparisonof thedataresiduals.
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