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Data-drivenmacro-velocity model– a realdata example
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ABSTRACT

A specialinversion algorithm makesuseof data-derivedcommon-reflection-surface
stack attributesto provide a 2-D macro-velocitymodelof the subsurface. High fre-
quencyand low frequencyfluctuationsof the common-reflection-surfacestack at-
tributesalonganeventrequirea sophisticatedsmoothingmethod.Thus,theinversion
performedafter thesmoothinggetsmore robust. A data-drivenmacro-velocitymodel
for a realdatasetis presented.

INTRODUCTION

Theaim of this work is to geta 2-D layeredvelocity modelof thesubsurfacewhich
serves, e.g., as macro-velocity model in time or depthmigration. We usea spe-
cial inversionalgorithmof (Majer, 2000)which takesasinput data-derivedcommon-
reflection-surface(CRS)stackattributes(Jägeretal.,2001).Eachtriplet of CRSstack
attributes( � , �����	� , ��� ) determinesa stackingsurfaceto simulatea zero-offset(ZO)
samplefor point a �1���b�c
	�*� . Here,

���
denotesthesurfacelocationin termsof themid-

point coordinate
�

wherethe normalray emerges.

	�

is the two-way ZO traveltime.
The angle � is the emergenceangleof the normal ray measuredversusthe surface
normal. Two theoreticaleigenwave experiments(Hubral, 1983)areassociatedwith
theradii of curvature �����	� and ��� . ���3�6� is theradiusof wavefrontcurvatureat

���
originatingfrom a point sourceat the normalincidencepoint (NIP). This NIP is the
endpointof thenormalray in thedepthdomain.Analogously, anexplodingreflector
experimentin thevicinity of theNIP yieldstheso-callednormalwave emerging with
radius��� at

���
.
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INVERSION BY MEANS OF CRSATTRIB UTES

TheinversionalgorithmusestheCRSstackattributesto back-propagatetheray asso-
ciatedwith theseattributes.
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Figure1: 2-D macro-velocitymodelderivedfrom arealdata-set.(a)showsavelocity
modelwith constantlayervelocity. It is themeanvelocity thatis obtainedfrom many
tracesandits correspondingattributesassociatedwith thesameevent.(b) showslayers
with laterallyinhomogeneousvelocities.Thehalf-spacebeneaththelastinterfacewas
filled with aconstantvelocity. Thecolourcorrespondsto thelayervelocities[km/s].

In addition,pickedZO timesdividedby two, areneededto find theendpointsof
theraysof oneevent.Weusethealgorithmfor horizoninversionof (Majer, 2000)for
continuouslylayersseparatedby smoothcurved interfaces.The emergenceangle �
determinesthetake-off angleof theback-propagatedray. Thevelocity for eachindi-
vidual ray, d , of thefirst layer is obtainedby &fe �`gihkjmlbn opMq n o#r � . With this velocity andthe
knownZO traveltime,theendpointis determined.All endpointsthatcorrespondto one
pickedeventareusedto calculatea smoothinterfaceby meansof splineapproxima-
tion. In thisapproach,��� is notusedfor constructingtheinterfaces.Thecurvatureof
theinterfacesis computedwith splineapproximation.Thenext layersareobtainedby
applyingthetransmissionlaw andSnell's law to theback-propagatedraysassociated
with thenext event.

Now, themacro-velocity modelcanbebuilt up in two alternative ways:Firstly, it
canconsistof layerswith meanconstantvelocitiesseparatedby the smoothedinter-
faces,seeFigure1 (a). Thosemeanconstantvelocitiesarethearithmeticmeanof all
interval velocitiesdeterminedfor all ray segmentsin a layer. Secondly, thelayerscan
have laterally varying velocities. For the first layer, e.g., the velocitiesaregivenby&fe �sgihkjtl/n opMq n o#r � . Thelayer is thenfilled with thesevelocities,seeFigure1 (b). Thehalf-
spacebeneaththelastsmoothedinterfaceis filled with aconstantvelocityprovidedby
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theuser.

To obtainamacro-velocitymodel,we have to executethefollowing four steps:u Pickseismicevents,u extractthecorrespondingCRSstackattributes,u smooththeattributes,andu performtheinversion.

PICKING OF SEISMIC EVENTS
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Figure2: Two examplesof simulatedZO time sectionsasa resultof theCRSstack:
(a) Syntheticdatawith four interfacesandconstantvelocity layers. Thesectionwas
generatedby ray tracingusinga zero-phaseRicker waveletwith a peakfrequency of
15 Hz. (b) Realdatascaledwith automaticgain control. The arrows indicatesome
seismicevents,whichwherepickedby thepickingprogramweused.

Here,picking meansto follow a seismic(primary) reflectionevent from traceto
tracein the time domain. The time samplesof oneandthe sameeventarefoundby
comparingthe phaseof adjacenttraces. We pick the maximumamplitudebecause
robustCRSstackattributesarefoundby a coherenceanalysisthat is morereliableat
theextremaof thewaveletthanat thezero-crossings.
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For syntheticdata,it is easyto pick theseevents,seeFigure2 (a). As thereare
noconflictingeventsandthesignal-to-noise(S/N) ratio is high, thepicker followsthe
sameeventover theentireZO section.Thesyntheticdatahave beengeneratedusing
a zero-phaseRicker waveletwith a peakfrequency of 15 Hz. Picking themaximum
amplitudeyields the two-way traveltimefrom thesourceto the interfaceandbackto
thereceiver at thesurface. If seismiceventsin a realdatatime section,Figure2 (b),
have to be followed continuously, problemsoccur. Usually, the S/N ratio decreases
with increasingtraveltime. Eventsat small traveltimesof the simulatedZO section
might bedisturbedby mutezones.Regionswith conflictingdipsor wherescattering
prevails, interrupttheautomaticpicking, seeFigure2 (b) in thevicinity of CMP no.
550.Thus,half-automaticpicking is requestedin orderto overcometheseproblems.

A little error is includedwhile picking themaximumamplitude.In thesynthetic
andreal data-setthe actuallocal maximumcannotalwaysbe picked becauseof the
discretetime sampling.But thepickedmaximumis very closeto it, hence,theerror
is small. The traveltime that correspondsto the maximumamplitudeof the wavelet
differsslightly from the traveltimethatactuallyrepresentsthespatiallocationof the
impedancecontrastin the time domain.To prevent thoseerrors,onesuggestionis to
pick the time samplewherethe wavelet startsto separatefrom the noisebut that is
evenmoredifficult becauseonehasto definea thresholdfor thenoise.

It is advantageousto pick asmucheventsaspossiblebecausethemoreeventsare
picked the more interfacescanbe invertedandthe moreprecisethe modelwill be.
Anotherreasonis thattheinversionalgorithmprovidesonly constantvelocitieswithin
the layersalongthe tracedrays. Hence,it is preferableto have morepicked events
with smallertime intervalsin orderto constructamorecomplex model.

SMOOTHING BY MEANS OF STATISTICAL METHODS

The inversionalgorithmrequiressmoothCRSstackattributes. The deviation of the
angle� from traceto tracealonganeventis smalland,thus,thedataof theemergence
anglesdo not requiremuchsmoothing.In contrast,the radiusof the NIP wavefront���3�6� often variesstronglyfrom traceto trace,seeFigure3 (a). To performa more
stableinversion,thedatahave to besmoothed.

Thereareseveralfilters availablefor smoothingpurposes.Thesmoothingis done
within a pre-definedwindow of length �wv � G . This yields a symmetricalwindow
aroundthepicked time samplethatcanbesetindependentlyin time and/ortracedi-
rection.

Here,possiblefilter choicesare:

1. The arithmeticmean, x� , is the normalisedsumof all values
�1��y/z {|�

within the
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pre-definedwindow. Here,} denotestheindividualvalueswithin thewindow in
timedirectionand ~ is theindex for all valuesof thewindow in tracedirection.

2. The mediansortsthe dataof the window in an increasingorderandtakesthe
valuein themiddleof thesequence.

3. A combinationof thearithmeticmeanandthemedian,called'meandifference
cut', calculatesat first thearithmeticmean, x� , for theentirewindow. Then,the
deviationof thevaluesfrom thearithmeticmeanis computed.If thedeviation is
greaterthana givenpercentage,thevalueis excludedfrom furthercalculations.
If dataremainin this interval, the arithmeticmeanis calculatedagain. In the
casethatnodataareleft in this interval, themedianis takenasoutput.

4. The weightedarithmeticmean, x�W� , is alsoa sumover all values
����y/z {��

of the
pre-definedwindow. Beforethevaluesaresummedup,they aremultipliedwith
a triangularweightfunction.

Robust locally weightedregression
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Figure3: A real dataexamplethat hasbeensmoothedwith robust locally weighted
regression;(a)showstheoriginal ���3�6� datafor onepickedevent.(b) showstheresult
of therobustlocally weightedregressionfilter for smoothing.Theparametersusedfor
thefilter were:f=0.1, nsteps=2.

A specialfilter is therobustlocally weightedregressionof (Cleveland,1979).The
first stepis to chooseaweightfunctionwith thefollowing properties:u�� �1���5��B

for U � U���G ,u�� �6'������ � �1���
,u�� �1���

is anon-increasingfunctionfor
����B

, andu�� �1������B
for U � U � G .



24

Examplesof suchaweightfunctionareaboxcar, atriangleor thecosinefunction.The
secondstepis to fit a polynomialof � th orderto thepoints

��� J ��� J � within thewindow
usingweightedleastsquareswith weights ��� ��� J � . Z � G � >b>b> ��� denotesall pointsof
oneeventwhere

�
is themaximumnumberof pointsof thatpickedevent. � � G � >b>b> �#�

representsthe � th weight functioncorrespondingto the Z th point. This initial fit, �� J ,is the locally weightedregression.Now, the residual(
� J ' �� J ) is calculatedto get a

new weight function, � J , thathaslargeweightsfor small residualsandsmallweights
for large residuals.Thefitted valuesarecalculatedagainwith a new setof weights,� J ��� ��� J � , whicharemultipliedwith theoriginaldata.Thelaststepis repeatedseveral
timesandtheresultis therobustlocally weightedregression.Thenumberof iterations
is givenby theparameter

���/
6�#�W�
. Thelengthof thesmoothingwindow is obtainedby� ����� , where� is roundedto thenearestintegerneighbourand

�
is a factorbetween

zeroandone. If
�

is closeto zero,thewindow lengthfor smoothingis short. Thus,
the curve of fitted points is moreroughly. If

�
getscloserto one,morepointsare

consideredfor thefit. Thatleadsto asmoothercurve. Thisfilter wasdesignedto gain
thebestfit for datafor which

� J ������� J � �V¡ J , where
�

is asmoothfunctionand
¡ J is a

randomvariablewith meanzeroandconstantscale.

In contrastto the robust locally weightedregression,a spline approximation,a
spline interpolation,or a local polynomialregressionshows a basicproblem. They
cannotmergethelocalpartssuchthattheresultingcurve is smoothin first andsecond
order. That meansthe endpointsand/ortheir first derivative from one local part to
the next mustbe continuous. To overcomethis problem,e.g.,a global polynomial
regressioncouldbecomputedfor the whole reflectorwith a certainorder. Choosing
thena smallorderyieldsa polynomialthatcannotfollow high frequency fluctuations
anda largeordermight leadto apolynomialwith morefluctuationsthandemanded.

The robust locally weightedregressionis alsoa kind of a polynomialfitting pro-
cedure.There,the problemof smoothnessis solved by improving the weight func-
tions.Hence,therobustlocally weightedregressionis in favour, seeFigure3 (b).

REAL DATA EXAMPLE

Figure2 (b) shows a smallsimulatedZO subsetof a realdata-set.We hadpickedten
eventsbetweenCMPnumber150and480of whichweusedsevento generatethetwo
macro-velocitymodelsin Figure1 (a)and(b). ThisCMPwindow waschosenbecause
therewe wereableto pick continuouseventsfor timesbetween0.3 and3.2 seconds.
As mentionedbefore,someeventscould not be followedcontinuouslyto the left or
right becausescatteringprevails or anotherevent crossesthe picked one. We could
not pick continuouslyat smallertimesbecausepartsof the eventsweremuted. The
arrows in Figure2 (a) and(b) indicatesomepickedeventsusedfor the inversion.At
latertimesin Figure2 (b), thenoiseis toostrongto find morecontinuousevents.
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Both macro-velocity modelsor smoothedversionsof themcanbe usedfor mi-
gration. The velocity for the half-spacebeneaththe last interfacehasto be chosen
manually.

CONCLUSIONS

To our knowledge,it is the first time that a data-drivenmodel is presentedwhich is
not a resultof an iterative improvementof an initial model. Themodelis calculated
directlyfrom thepickeddataandthemodelindependentCRSstackattributes.Wealso
presentedasophisticatedsmoothingalgorithm,therobustlocally weightedregression.
This algorithmis suitedbestto preparetheCRSstackattributesin orderto ensurea
stableinversion.
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