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1 SUMMARY

Two iteratve methodghatremore coherennoiseduringtheinversionof 2-D prestacldataaretested.
Onemethodapproximatesheinversecovariancematriceswith predictionerror lters (PEFs)andthe
otherintroducesa coherentnoisemodelingoperatorin the objective function. This noisemodelling
operatoris a PEFthathasto be estimateceitherbeforethe inversionfrom a noisemodelor directly
from the data. Thesetwo methodsleadto independentjdentically distributed (1ID) residualvari-
ablesthusguaranteeing stablecorvergenceof theinversionschemesndpermittingcoherennoise
Itering/separation.

2 INTRODUCTION

Seismicprocessetik e migrationor decowolution, canbe regardedasthe adjoint of forward “mod-

eling” operatorgClaerbout,1992). Unfortunately mostof the time, theseoperatorsare not unitary
makingthe preseration of the amplitudea dif cult but necessaryask. Inversetheoryoffers an at-
tractive solutionto this problem. For example,an approximatanversecanbe computedusingleast-
squaresnversion. Anotherpossibilityis to estimatethe unknavn vectorwith aniterative data- tting

approach.However, with both methods,major dif culties arisewhenthe dataare contaminatedy

outliers, which are abnormallylarge or small datacomponentspr Coheent noisethat the seismic
operatoiis unableto model. The noisewill (1) spoil ary analysisbasedon theresultof theinversion
and(2) affect the amplituderecovery of the input data. From a statisticalpoint of view, the residual
componentsvill notbellD. A possiblesolutionto oneparticularnoiseproblemis to attribute long-

tailed PDFsto the residualvariablesleadingto the minimizationof the 1 normof the dataresidual.
However, this stratgy is usuallynot effective at attenuatingcoherennoisebecausét is notgenerally
distinguishabléy its histogram put by its moveoutpatterns.

In this paper | focus on the attenuation/separatioof the coherentnoiseonly. The rst stratgy
relatego fundamental# inversetheoryasdetailedn thegenerabiscretanverseproblem(Tarantola,
1987)andapproximatesheinversecovariancematriceswith PEFs.The secondstrate)y proposegto
introducea coherentoise modelling operatorin the tting goal. In the rst stratgy the coherent
noiseis ltered. In the secondstratgy thecoherennoiseis subtractedrom thesignal.

3 THE INVERSE PROBLEM

The least-squaresriterion comesdirectly from the hypothesighatthe PDF of eachobsenabledata
andeachmodelparameteis GaussianTheseassumptiongeadto thegenerabiscretanverseproblem
(Tarantola,1987). Finding a modelm that explainsthe datad via an operatoror matrix H is then



eguvalentto minimizing the quadraticobjective function
f(mD Hm d)'C, HM d)C(M Mprior)"Crlt (M Mprior ), 1)

whereC,, andCy, arethe covarianceopermtors, andmprior @ modelgivena priori. The covariance
matrix C,,, often called the noise covariance matrix, combinesexperimentalerrorsand modelling
uncertaintiesAssuming(1) uniform varianceof the modelandof the noise,(2) covariancematrices
arediagonal i.e.,uncorrelatednodelandatacomponentsand(3) noprior modelmgyyior , theobjective
functionbecomes

f(m)D (Hm d)"(Hm d)C 2m™m, (2)

where is afunctionof thenoiseandmodelvariancesThepreviousassumptionteadingto equation
(2) arequite strongwhenwe aredealingwith seismicdatabecausehe varianceof the noise/model
may be not uniform and the componentsf the noise/modelare not independent.| will refer to
equation(2) asthe“simplest” approachWhentheassumptionteadingto equation(2) arerespected,
the corvergencetowardm is easyto achieze andthe componentsf theresidualr D Hm d become
IID.

4 PROPOSEDSOLUTIONS TO ATTENUATE COHERENT NOISE

Any dataseimay be regardedasthe sumof signalandnoised D sC n. | assumehatthe coherent
noisen is madeof the inconsistenpart (or modelinguncertaintiepart) of the datad for ary given
operatoH.

A ltering method: Equation(1) introducestwo matricesthat aredif cult to compute:the noise
covariancematrix C, andthe model covariancematrix C,. | concentratemy efforts on the noise
covariancematrix only. Whencoherennoiseis presenin thedatathe covariancematricesshouldnot
be approximatedy diagonaloperators.lID residualcomponentss equivalentto having a residual
with awhite spectrumThuscoherennoisewill add“color” to thespectrunof theresidual. Thegoal
of the covariancematricesis to absorbthis spectrum.Thusexperimentalresidualgsquaredkshould
be weightedinverselyby their multivariatespectruntor optimal corvergence(ClaerboutandFomel,
1999). Becausea PEFwhitensdatafrom which it wasestimatedjt approximateshe inversepower
spectrunof thedataandthusaccomplishetherole of theinversecovariancematricesC Lin equation
(1). The tting goalbecomeswith A, a PEFestimatedrom theresidualandAA, C, !

n k)

0 Ar(Hm d), (3)

A subtraction method: Insteadof remaoving the noiseby Itering, we canremove it by subtraction
[e.gNemeth(1996)].If anoperatoris unableto modelall theinformationembeddedn thedata,then
theresidualis notlID. Thesecondormulationl proposes basedntheideathatif we canmodelthe
coherennoisewith anothemperatorthentheresidualcomponentbdecomdID. Becausehereshould
be a differentoperatorfor eachdifferentcoherentnoise pattern,this methodmay becomedif cult
to use. Fortunately we can use multi-dimensionalPEFsto estimatethe coherentnoise operator
This estimationis possibleif we assumehat the coherentoiseis predictablej.e., madeup of the
superpositiorof local planewave sggmentgClaerbout,1992). The tting goalbecomes

0 HmsCA,'m, d (4)

whereA,, is thenoisePEF m, thenoisemodelandms thesignalmodel.| did notdevelopary speci c
algorithmto solwve this inverseproblem. | assumehatwe have a stratgy thatallows usto estimate
theoperatorA,. We canthenminimizetheobjective functionfor the tting goalsgivenin Equation4
in aleast-squaresensefor example.



5 RESULTS

In this sectionl shov somepreliminaryresultsfrom testingthe two proposedstratgies. The main
operatoH is thehyperbolasuperpositioroperator TheadjointHT is thehyperbolicRadontransform
(HRT). Themodelspacan is calledthe velocity space .Theinputdatad are CMP gathers.

Theleft panelof Figurel displaystheinput CMP gatherfor the velocity inversion. Thesedatahave
beenpre-whitenedwith a 1-D PEF (decowolution). Notice that this CMP is madeup of nearly
horizontalevents,hyperbolasanda slow velocity, low frequeng eventcrossingthe gather The later
is the coherentnoisewe wantto remove. The threeotherpanelsin Figure 1 shav the remodeled
dataafter inversionfor the simplest, Itering andsubtractiormethod. They all look similar andthe
linear eventhasbeenattenuated.This is expectedsincethe rangeof velocity usedin the HRT does
not include low velocities. The differencesemege in Figure 2 wherethe residualsare compared.
The residualwith the simplestmethodis not white as opposedo the residualfor the Itering and
subtractiormethods.Thus,if we keepiterating,thesimplestmethodwould t somenoisein thedata.
Figure2 demonstratethatwe obtainlID residualcomponentsvith the proposedschemes.

6 DISCUSSION

In the Itering method,PEFsarerecomputedteratively from the dataresidual. For the subtraction
method,however, the nal resultis driven by the orthogonalitybetweerthe coherenmnoiseoperator
andthe signal operator(Nemeth,1996). If the two operatorscan model similar partsof the data,
theseparatiowill notbeef cient. Nemethproposesntroducingsomeregularizationin equation(4)

to mitigatethis dif culty . We could perhapscomputea prior coherentnoisemodelfrom which we

estimatehe PEFs(Spitz,1999).1n addition,the processingperatoH shouldmitigatethe crosstalks
betweerthe signalandthe coherentnoise.

Becausehe dataarenottime-stationarythe coherennoiseoperatorshouldbe a functionof time and
space. This dif culty canbe overcomeusingnon-stationarylters. In particular estimatingspace
varying lters with coefcients smoothedilongaradialdirectionmightbeef cient (Crawley, 1999).
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Figurel: Remodeledlataafterinversion.Left: inputdata.
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Figure2: Comparisorof thedataresiduals.




