WO 2011/ 123197PCT/ US2011/ 025616 FULL WAVEFI ELD | NVERSI ON USI NG TI ME VARYI NG
FI LTERS CROSS- REFERENCE TO RELATED APPLI CATI ON [ 0001] This application
cl ai ns t hwokhenehnsto7of U.S. Provisional Patent Applicati @T/US201602318, 561
filed March 29, 2010, entitled FULL WAVEFI ELD | NVERSI ON USI NG Tl ME 5
VARYI NG FI LTERS, the entirety of which is incorporated by reference herein.
FI ELD OF THE | NVENTI ON [ 0002] The invention relates generally to the field
of nunerical inversion of seismc data to infer elastic paraneters of

t he propagating j t hod for
reduci ng the ac u.uuyﬂégqjELﬁi&%bﬁghg&d%ﬂhmﬂ%ﬂ“ExgﬂikﬁﬂGii%ﬁgggrforning

| ocal 10o0bjective function optimzation in inversions such as seismc data
i nver si on. BACKGROUNDCRIOSH-RE F ERENUFECRO[ROOATEDvErELIOATIORe, for exanpl e,
Tarantol a, 1984] attenpts to find a nodel that optimally explains observed
dat a. Local[0G0myer dihon appichios chanast the bemdfiz eoft HeS. viRxbuigiond] Batero b pdichtien

function t ren dat a,
are 15 of t R het ouiey it et € sEid SR S D aRl RIS GaT e T or
nmodel hayi no\Ry INGG B TERSD®E e@fretl 08 @hRA IGiABIBrSted B RFGelc0Galkinet hods require
an initial guess for the nodel to be inverted. They then iteratively update
the nodel to nmake it cl oser Eﬁﬂiﬁikéﬁﬁiﬂiﬁggﬁﬁiﬂl@y searching for a
perturbation of the current ased on the gradient of

t he objective function. Unfortunately, the objective function often has
nmany m ni ng)002pt  jThs inv2fticnelats géﬂamyamt}ree%pxbmﬁiium@ritﬂ ihesi@odfutismiv dmdel .

These ot her m.ni are called |local mni e the m cor.r espondi ng
to the desi' BETELt pBAMSEs L ficdiioRageling Bt lIlm rmmqﬂr[}t H% 18Y4He} R nodel

for inver sin@hddSort R@uEHOHE adclra CeqiREBEntLE the SRARMG intdicl PhaNRrPimhbesel | ocal
m nima, then |ocal inversion nethods will get stuck near that |ocal m ninm
and nevir ioPisptaeduncay optrRiATtion 11 BIVEINENYTUSHAY SIS FWAIVTRIGR, t he wr ong

sol ution is produced 25no matter how much effort is expended on iteration.

[ 0004] This | ocal mninma problen1cEn be solved bi first iterating inversion
on an altered objective fu R m ni ma, but has a
gl obal m ni num near the | ocation of

[0003] Inversion [see, for example, Tarantola, 1984] attempts to find a model that

optimally explains observed data. Local inversion methods that minimize the value of an
objective function that measures the difference between simulated and observed data, are
15 often the only practical means of solving an inversion problem for a model having a large
number of free parameters. These local methods require an initial guess for the model to be
inverted. They then iteratively update the model to make it closer to the true solution by
searching for a perturbation of the current model in a direction based on the gradient of the
objective function. Unfortunately, the objective function often has many minima, not just
20  one minimum corresponding to the solution model. These other minima are called local
minima, while the minimum corresponding to the desired solution is termed the global
minimum. If the starting model for inversion is too close to the model corresponding to one
of these local minima, then local inversion methods will get stuck near that local minimum
and never iterate away from it to the global minimum. Thus, the wrong solution is produced

25 no matter how much effort is expended on iteration.

[0004] This local minima problem can be solved by first iterating inversion on an altered
objective function that has fewer local minima, but has a global minimum near the location of
the desired solution. The result of iterating on this altered objective function should produce a

model closer to the desired solution. This more accurate model is then used as the initial
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the desired solution. The result of iterating on this altered objective
function shoul d produce a nodel closer to the desired solution. This nore
accur at e woael1/i2319rhen used as the initial WO 2011/ 123P@TRSIHIWS2W1d/ 025616
nodel for iteration on the original objective function. Since this new
initial nodel is close to the global mninmumof the original objective
function, iteration on the original objective function should now produce
an accurate solution. This technique of iterating on an altered objective
function i snodltfenit¢rerameeh thebiigingl @bpttiste fomstionr Sinagl this ngwiidifialonodelistcloss al e

i nversion, 5which i.s.discussed.further.below [0005]There are ar ge
nunber or W Rl ifirRsT RO B G BREr R Reoas SR BEL it bBo8Re o
two cat egoffireson sHo@rdaddw protlilvéeihSicoutata RAlutie Thiseteeinique of itvratisd eMan dlkeeed
follow ng are defﬂ' ni tians_ of vvhaGL iﬁ' coqm)nly meant by each of the two

cat egor i es COICRBYE-fUpgtiog s OBen RS PYH-TesqIiARy 8F BRIt EEAL "o MULEEHINVEREE by
assum ng SemRhSt dpdescdFuriRasdgyround nodel and updating the nodel based on
the input data. This nethod does not use the updated nodel as input to
anot her step of inyersion. For the case of seismc data these nethods are
conmonl y r 0081 o Theroee P igs Hﬂ?b%ogﬁ‘ifﬁilﬁﬁ‘,’md?qﬂﬂdé@g YRSt eap Bofy near
i nversion, ArinBOSMR JFAVEERERRics, itcfaBl@inlv¥8ioh ANE hS-Rétativel MRS, Qe FINRling NY
repetitious inprovenent of the subsurface 15 properties nodel such that a
nmodel is f @Eristiniges Fathasic sempenlyyncantdygpeisofithetwolsaeeied: data. 1f the

i nversion converges, then the final nodel will better explain the observed
dat a and wel IN¢mDite@atdleoOmetryioRpPPiDxtsivat that e a@onpaihed WIS ueshiatg uhap eiRdplees.
Iterative inversion usually produces a re accurate nodel. than

non-  t dbat | veFFRIGRGITHE DS e s oGk BURE Pt 4 cDHpEEod doss ot

20[ 0006] Vave seviRnptfsd HBadas aipt lonMehsd @b TasREicH) Ror WRUEssS ik @lcfata SUCh
as acoustic or seismc inversion. The iterative nmethod npost commonl

enpl oyed i n viB§re Mhadp areqrommongbiedated @ af UpReinge MigpianilFGtion .tomﬂrﬁ}éw ve
function optijf.zahi@iod BVBLMESvekd&r ative mnim zation of the value, with
respect to the nodel M of an objective function S(M which is a neasure of
the msfit between the cal cul ated and observed data (this is also sonetines
25 referred tiéerayetinecrgpst— fnyasononyolvingercpdition anp@veragnd drtee subiwrfagced

wi th a gonput : LGCSe: [ : j f the
source 1gi gnalpef{;pnep%g?}ﬁe%%gl} glgtr %@gcrlél Esgfoglgw@htgﬁ%%%{%g? Ie%ﬂgﬁr &Q?Ilﬁsgwg ? Eﬁt ation
conput at i ons Ifithe iverdenenbyrgesntheo hesfenabmaliel walrbetitar akplam toas envertt daidamly  but
not limted toillf }nn}et el deilf faerre)rillﬁl%%’ fiancit taﬁ et|>ser crc]et Sr Orrtirsay I‘;[ { ?iccie rﬂ%ier ion

Fol | owi ng Tar'aht 8P T43Ra PP Smato s, 4tyah SUBNILECC BIORBHTY ~ SREISY 4 B¥ % ct i ve
30functi on i sustdlBy predirts 8 glodd &Suaky @cddl Manfiendietating inversion, but is much more

expensive to compute.

20 [0006] Wave inversion means any inversion based on a wave simulator, such as acoustic
or seismic inversion. The iterative method most commonly employed in wave inversion is
objective function optimization.  Objective function optimization involves iterative
minimization of the value, with respect to the model M, of an objective function S(M) which
is a measure of the misfit between the calculated and observed data (this is also sometimes

25 referred to as the cost function). The calculated data are simulated with a computer
programmed to use the physics governing propagation of the source signal in a medium
represented by the current model. The simulation computations may be done by any of
several numerical methods including but not limited to finite differences, finite elements or
ray tracing. Following Tarantola [Tarantola, 1984], the most commonly employed objective

30 function is the least squares objective function:



WO 2011/ 123197PCT/ US2011/ 025616 S(M = lu(M - diT cl lu(M - 4:11 ,(1)
where T represent the vector transpose operator and: = the nodel which is a
vector ofwli2pavas®rers [m, nz, , mMN] T, = nmeasured dat aprcgaiser11(smnpl ed

Wi th respect to source, receiver and tine), 51.1(M = sinulated data vector
for nodel M (sanpled with respect to source, receiver and tine), = the
covariance matri x. Qbjective function optim zation nethods are either | ocal
or global [Fallat, et al., 1999]. d obal nethods sinply involve conputing

t he objective function S(MmSOolu® upat o of) 10 nogel s {ML, M2, M3, ...
and selecting a set of ongQ Olj’ Ero(r e)prgr)gdelts( Q?)om)t’hat pggul ation that
approximately mnimze S(M. If further inprovenent is desired this newy
sel ect ed setherf7 rpdeinsthe aectéritansjose ysedoragda basis t o generate a new

popul ati on of nodels that can be again tested relative to the objective
function SM) . S€tlebaddechwhibis acer ol pathinketsymi,onconugl ge to the correct
solution than | ocal nethods, but are too expensive to apply to |large scale
i nversion U5 prehblcesmediav vegtorraayipled eléth rgped nedoarcs, reddler alkhiime), gl obal

i nversi on nmethods include Monte Carlo, sinulated annealing, genetic and
evol uti on alMdor +tshdated QL0 Thdtoctk noidpledt (saeplédinithirespeand isoarza tréceiver aubl ves:
1. Set the current nodel to be the starting nodel, 2. Conpute the gradient,
V n5(M, of the 65‘_ileéctive function with respect to the paraneters that
describe t nodel , 3.. Search for an updated nodel, that is a perturbation
of the stafting” M5FEYaHCE ¥ ect i on based on the gradient, that better
expl ains the observed data. 4. |If updated nodel is not sufficiently
accurate t lobjectied Qmotidio optiripatdnUusbthgdst &re dithelatoes] drogletal dBaltak et CAll 1 8IH].

is .dﬁlg | giggl%f Bt goN PRy O 6%1?154#112 T iecth® Hnctin S ' Sopihallon of

10 models {M;, My, Ms,...} and selecting a set of one or more models from that population that
approximately minimize S(M). If further improvement is desired this newly selected set of
models can then be used as a basis to generate a new population of models that can be again
tested relative to the objective function S(M). Global methods are more likely to converge to
the correct solution than local methods, but are too expensive to apply to large scale inversion

15  problems having many model parameters. Well known global inversion methods include

Monte Carlo, simulated annealing, genetic and evolution algorithms.

[0007] Local objective function optimization involves:

1. Set the current model to be the starting model,

2. Compute the gradient, V uS(M), of the objective function with respect to the

20 parameters that describe the model,

3. Search for an updated model, that is a perturbation of the starting model in a

direction based on the gradient, that better explains the observed data.

b

If updated model is not sufficiently accurate then return to step 2 using the

updated model as the current model, otherwise terminate.

25 Algorithm 1 — Algorithm updating a model using local objective function optimization.

Local inversion methods are much more efficient than global methods, and are therefore the

only practical methods to apply to a large scale inversion problem. Commonly used local
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Local inversion nethods are much nore efficient than gl obal nethods, and
are therefore the only practical nmethods to apply to a | arge scale

i nver si orwpnrotlemo7Comonl y used | ocal -3- WD 2011/ 123PTRSIHWS21d/ 025616
obj ective function inversion nmethods include steepest descent, conjugate
gradients and Newton's nethod. [0008]1t should be noted that conputation of
V n5(M, the second step Algorithm 1, requires conputation of the
derivative of S(M with respect to each of the N nodel 5 paraneters m.
Wien N i s wbeytiveafugetichr owglsioy methedst maluda stdapass alngpnt, chnjsgato rgodicatsi anl can
be extrerrell\yﬁlnrre ctgn%um' ng if it had to be perfornmed for each individual
nodel pararré3 S Bort nately, the adjoint nmethod can be used to efficiently
performthis conmputation for all nodel paranmeters at once [Tarantol a,

1984] . The [eMdBpi ntit shetikiost fided thhmdmmrioscpﬁewﬁsavb)bjt}&ciebmﬂ ftepnatgoathnamd a
gri dded nodel paraneterization (Mis vect h el enent

10r epr esentiHYct Rempgdn of g %WF‘HV%OQ K e@rh feSp%ct stﬂrﬁﬁ"ﬁfr o e B nadel
fol l owi gy @ng%feizshm When SO BirdQtARLE nddrfHlaRh 'tlﬂﬂsé?iﬁ) ftmc&@gu@an'aﬁ toud he

current nodel bei ng t he current itération, to get I\/( )), 2. Subtract
t he obser véﬁtr@mhatlfnecwmtumn& ifnits hed @dbfdmrﬁmgﬁd/ifmgsa@l i t sot¢leparametarse

ST MUl 81§00y DSGINRE 2 nbflod LT USING cCick SLUTS yes HRFOpTSE0
wher e A r eprogslepargméthig ?d@l\rﬂmre At a@pielr?aitlﬁm f) élhg arc:joouilﬁnmﬁthycé 1;f01rs thg{ llawht squigslmetn [1
or Pt PRI R S ' & BREE RN ARSIl Mot RlarSPRL S efrR

20Al goriot hmpZesentNg@y mbduls folte TangHddt dengis kiiemhiead by SigUaN@sing aigbrithnct i on
gradi ent of a gridded nodel using the adjoint nethod.

1. Compute forward simulation of the data using the current model, M™ with k being

the current iteration, to get u(M(k)),
2. Subtract the observed data from the simulated data giving SM®),

3. Compute the reverse simulation (i.e. backwards in time) using C'&M®) as the

15 source, producing uadjgim(M(k)),

4. Finally, VMS(M(k)) = uadjoimT(M(k)) A u(M(k)), where A represents the adjoint
operator (e.g. identity for gradients with respect to components of M representing
bulk modulus, or spatial gradient for gradients with respect to components of M

representing density).

20 Algorithm 2 — Algorithm for computing the least-squares cost-function gradient of a gridded

model using the adjoint method.

[0009] Local objective function optimization is generally much less expensive than
global objective function optimization, but requires a more accurate starting model. This
more accurate starting model is required, because the objective function often has many
25 minima and local optimization methods will generally find the closest of these minima. The
minimum corresponding to the true model is called the global minimum and all other minima
are termed local minima. If the starting model is not nearest to the global minimum then a
local optimization technique will likely yield an inaccurate inverted model that corresponds

to the closest local minimum. This is illustrated in Fig. 1 where the objective is to invert for
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[ 0009] Local objective function optim zation is generally nuch | ess

expensi ve than gl obal objective function optim zation, but requires a nore
accur at e woantvngionodel . This nore accurate starting no@ell/tissommessiié ed,
because the objective function often has many 25 m nima and | ocal

optim zation nethods will generally find the closest of these m nima The
m ni mum corresponding to the true nodel is called the global m nimum and
all other mnina are ternmed local mnina If the starting nodel is not

near est t o atelelgMoblzith lndannpmmmhten ng dnd val Tleptasivid zattban lltbciihpih}qﬂne vahutd

l'i kely yiel i nacg e inverted deI t hat cor t.o .the c est
| ocal " mi ni r?gﬁl.e R NNE fun‘i P %3 f&ftéodl ‘?f NG & P ’%Eﬁ‘c‘)ﬁ 08%16?1{}%“%@2
invert for is Mké0Byl4 IZAWICRCHLIVIRO I B lifina 130ded 140 mbkiedwd@sgrhyblled
paraneters m and nR. The dashed contours 110 display the values of the

obj ective CUfEY| L8R INyErsionSiiFs @f laﬁlabFIO@%M 41 P& POCEdS B PP G Bbal

M Ni MuMs126hd Serffnked RPNV L@ s@k‘&@lkto%édél RIAREL05. W00 LARA! hdW RhfPmbR0 and
140 are shown by gray filled circles. The inversion starts at initial nodel

M (150) artgrappiscadeisl bptimigetin apattamptest the mviegedsmopd witl @bt g §loseieto wisdel
ML1) and s &0 kbndf 1596&} M4 %h&ltg 8%9115%5% ‘a{(? é;(goglem?rﬁqﬁﬁ iterations

of | ocal opt| mzation are atte I nver only get closer
to the |l oca ea l\/( rat her than approxi mating t!#ﬁ? | obal

mi ni num 120" Olrfpb g?seé%} 'a%n RERPESYBH HFBpoS eyt thit tos R
overcome t pichldnRCaAs ﬁi'eﬁﬁdﬁ@d I%@J%' iny AT MBRLLAREHE ADOVE itePBRY oafant 51%%&1

nmet hods involve iterating on an altered 10 objective function during the

early ilfer abicelivs fuctionduiingBe irbyniterations ofihe dpergiogh] e pltayed ehigreive Brctian
chosen to kkagl?osérp‘f@'ha\leofé@ler 'iHch %lmg uﬁutttg }ﬂ@é/ % BQolgill %ﬁimﬂ 'ﬂke[futm: Q)?lgfnlaf;he

original objective function's global” m nimm his nmeans, the e
i terations ohiettivepiuodivos gobabdehintuat wabugheanmafb@ @adyt @eratl@ssw@lnprbd@am |y

closer to (ng, %ét%o%’gﬂ %n%péu?a&% ﬁngH&%hg &g%egit%Qthé}éiﬁéFéo%%fu@tﬂﬂ %1o%a

illustrates a i‘onc'Corre usin
al t ered objneciuwe Flgucet Eahuduams nglota@wptinizaded cofresporalinh® Eilgtleblﬁdlsﬁigj :m:t ive

but ot “at CLHE! GGG JRAPPOH-UEE (W' GRAI it i RSSO H Gt AUt Bider

obj ective folopelth@inch DR GicOREd BREIEfigde)@hdt & @)se tShdmhbi dihef sa@BIdchgon Rithd al
nodel M (230 which is the sane as the initial nodel used in Fi

1, ¢t
i t er at i ons SlASRIngInREN 220 dorethc Gppwak PRjeetiv e hEctioh (the siapyatghsd girglply é?arfng) e
(240) . Thi siopP@eliniMi %)od%PMmmbP %lclﬂels HREAMA%s tHGnitiRi hbdd u£E'a(1§ I QT tfgur t her

iterations but now using the original objective funct| on. This is o
i | 1 ust r at edeiarionsiuging3hapisred abivetive fanetion aesults impdepdd METh(FA0y. This (rn;oldde

gray), Hen ld£ﬁ°t%%’e eﬁ%ﬁ’ R)?t% n?'@a; &oﬂa f&hﬁ érq‘tre{altl ‘tﬂﬁ)g&l/ usdrll;% %15 gh%ﬁ{ﬂh %f\% Y‘I

converges to a nod near m ni mu
near a | Océdlncﬁoml”ﬁumsalﬂilstrated:mg?lgB w]&@ﬁlusteratlh& stodel tfrongFignZl@howisinnapaye,

te th | t 4 t
251 ho corr GETEOR 01 bt URO0LES TYRPEARTY Wl B gt e "Gl L5 *©

obj ective fhudiché gRbalth@iruires rafcr liRGalca NcaBminimthies ah Fer ed Bbjeetiee
function is inversely related to the distance between the global mnim of
the ori gi naRItgAQdehis more pqqurate thay the odgind staring m%ﬁ%tﬂiedﬁvermgow fgraeaip pe

25 the correct solution.

[0011] Typically when altering the original objective function, the number of local
minima in the altered objective function is inversely related to the distance between the
global minima of the original and that of the altered objective function. Thus, it can be
advantageous to iterate on a sequence of altered objective functions starting with one having
30 the fewest number of local minima and least accurate global minimum, proceeding through
objective functions that have increasing numbers of local minima and increasing accuracy of

the global minim, then ending by iterating on the original objective function. Methods that
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advant ageous to iterate on a sequence of altered objective functions
starting with one having 30 the fewest nunber of |ocal mnim and | east
accur at e wbhabal128i9ni mum proceedi ng t hrough obj ective f gagtiseeg/oeisa¢ have

i ncreasi ng nunbers of local mnim and increasing accuracy of the gl obal
mnim then ending by iterating on the original objective function. Mthods
that WO 2011/ 123197PCT/ US2011/ 025616 performinitial iterations on altered
obj ective functions having few local mninma are often referred to as

mul ti-scal eeldwrnnimlittail itgrafichsnet dleds], otawdvaflfnlcmsdhamg féxmrlodah'rrénitnecalrmbﬂme is

|l ustrated . [0012] The t 10 h
an aterat T DR Rut Rl bhftEet 05583 AhTd Mo Bl oy A s BiP B 10

al t ered objilastrate@infligat bon, whi ch depends on the data to be flt 420, is
iterated at step 430 until the altered objective function is found to be

sufficientl ni m zed at The, val ue i ess ected
el s or ] P g Bl SR S0 a1 By Enar S e et PE Brlpd SRS
det er m ped figictisk tbepﬁﬁ@zeVWlﬁiﬁ biedred digectivié imBtion) RYRh desknaDelethe gath td 16d mnR2Dy
m nimzes the original hectlve function. |f not, the process returns to

10 step 410 1%%‘—01 eftt Heh 4é JBEk the AlstedoPisrtive BrFtita iS\/@“P@lﬁEtl?eoﬁ“fg?lelﬂtHe

ori ginal objiggfilovet skPcdq0on The vRRE ifNeZ€ thaFieMdRN | HaxithitE P r-AGBSSst&Rfi:
(460). [0013] Two altered objective functions have been proposed in the

| it erat ur e cpushitiangp memg Wh@ét ap eedurspit i deseTpiG esien 4P0sdictel the tutrgnt yirored i el d
| nversion (4 Ja¥'s u)fﬁcwn'fi ftdfgs fik LR Lffal o@&pbé AlBHOK Sf bt pﬁie )}Jroéegsg?elurgﬁ%c“ bes

altering the ast sq ar es obj ctlv unction by a
i nvari ant kiegH@erd dithkt @osse(asewedliersdobeativefingion owtlpasginkl dHjetiye fmaminng a

filter that sses es bel ow | cutoff frequency and rejects
frequenci e %ﬁ%@e é‘ﬁen@%ﬁ?ybgiel?r?cl‘?%s r‘f’@lsadgﬁﬁ)ed data and the source signature
used for conputing the sinulated seismc data. The high-cut, i.e. cutoff,
frequency @018hes&who dlteerdsobjestitdBinctians heeseein asoptokel innhelisraoure ife sotvargat ed,

th no filt ed for. t final iteratj. Filt
\(,:Morreggonljlﬂ?‘?ao‘i e| nfg BEOF’&%’QISG%% éh]‘t?wﬁ‘ée fﬁﬂ%&%r&{r‘?ﬁrﬁﬁ gsw(elnlO klnowgr how to

design such filters; see, for exanple, Press et al., Nunmerical Recipes in
FORTRAN, The «Ar Highf cWfiCiilednt i- fBunkCoBpiksicngl., CarshidbdgbesUilicyieg shd Lead?rsq&&es
(1992). They may .al so_be obtai ned from sources such as Seismc U see
http: / /5w cwp. %t?lﬁcé’é[e Bt C@Bg’ﬂg)“m?@“ﬂ%?@?lg]% e tﬁfsﬁﬁometlﬁéﬁa@lﬁaﬁ%

(Maharramov et Bdss ,ﬁltZQQHQanﬁlgaaCﬂ?e? thlPasde i @hcibd BEI8H 1 RN fbQeRES RN
shoul d be localized to shallow |l ayers, and that this depth range be

ext ended as it efeicisdirapensice abeye 1‘@5@ beth sesmatparyicd dagtaad theripyree Nanatei Usksht hs
are inverted, tfb‘?@o&{ﬂtiﬁ %Mﬁﬁl"ateh%&ﬁﬁm'd@tatm Hal- & ard ecdt@ffef?éqtﬁgqcy%?ﬁéwe a

shal | ow m)del can only predict the shorter tine portions of the data
2011/ 123197PCT/ tis2e s1th@piBgt@ed as the inversion is iterated, with no filter being applied for the

20 final iterations (no filter corresponding to the original objective function). It is well
known how to design such filters; see, for example, Press et al., Numerical Recipes in
FORTRAN, The Art of Scientific Computing, Cambridge University Press (1992).
They may also be obtained from sources such as Seismic Un*x (see

http://www.cwp.mines.edu/cwpcodes/).

25 e Layer stripping — Maharramov (Maharramov et al., 2007) teaches that initial
iterations of inversion should be localized to shallow layers, and that this depth range
be extended as iteration proceeds. Correspondingly, when only shallow depths are
inverted, then only shorter times in the data are inverted, because a shallow model can

only predict the shorter time portions of the data.



In general FW w |l converge to the global mninumif the starting nodel is
accurate enough to predict traveltines for any propagation node to within a
hal f periwo0 20f/2B@7 node. This nay be called Pratt's criPC&mSen.1/0¢36l6
practice, with seismc waveforminversion this inplies that nuch of the
wavef orm energy nust be predicted (by the initial nodel) to within a half-
5 wavel ength of the observed waveforns; if not, a mninummsfit nodel wll
be obt ai ned when the predicted waveforns match the wong cycle in the
observed wdvefnpraE W1 wil cénatge,to he@®ybal l[nﬁﬂlﬂkﬂl‘]l'ﬂfthe piateisg ntodélriy emtiiagrenogghan

i mproved t he accurac ts on rtin

rodel when GBSt SRS dar o BF G Ak RO SR S S BB o
THE | NVENT 2y HeQ@ilé&j ﬂlbe siriesient (1inyeotidey eithstivid Wﬁ/eﬁ)prﬁhn‘ib@éikbrethis(lm@nys

i nversi on based on wave. si mul ator, such_as @cousu C,Or seismg I%ﬁr& on.

In one of i2mychatihe wayefam AU MYH tieé’r%ihcé‘i?e v fhcinttiat WB@Fﬁ} ©Orvidye gy t he

obj ecti ye fWaREEAZAN oHeCdbsiéd wadcPbmB; 6 6N MG @BYit kdddNeilSEeasBtaingl
nodel , reduce the number of iterations needed to find the gl obal m ni mum

Reduci ng 15eméeruptieied wavelerams apatgnie wirgng qslerie disamariggl yaveddmes cbsts and
conpute tinggg The alteration conprises incorporating a tinme varying filter
into the objective function. This filter is chosen so that sone statistical
measure of the traveltine difference between the neasured and conputed data
i s |ess thd¥1dbne The gerescsh %@U@n iy aindmpigued apcfhodf farhecdyeipg fantacpEréyod of

the data. Té&uﬁeﬂlém%]&?ﬁe Etjaﬁ'ltn \{lﬂeh?Erf&ﬁn@g A Ia)i}]%&ot]ive Fi;] cttlgﬁ o -If-llﬁgat%hl ter is

further chosen such that th frequenc ter ecreases

with increasing traveltine, rrakln time- varying fllter. [ 0016] W th
referene to the flow chart M@éﬂ@i@!ﬂ&w@mnt the invention is a
met hod for inverting measured seismc data (65) to infer a physical

property mpgiak) of 1@e PRSM hAG@vE %Q:'ﬂ{?sﬁqs GEPRIEbR | D %n$ URRRSS Me%led’ oHRARLINY the
nmodel by performing iterative, 25 nmulti-scale inversion of the nmeasured

sei smi ¢ datEnuleh gudhgisaicovstiai omseisist nversian.i dh ope 4 ity SPaers.olbf éwteni@n Bunct i on
t hat Co”p“tsge%?g'llft&h%ﬁ?fa%ﬁ% tﬂ%&ﬁ!ecn% W]rllcﬁ&?@hﬁﬁ'\xﬁ i%r d3hAn c&ﬁk‘?f ifgasured

sei sm c dat erein OW- pass f| IS use
successi velbtrtagnerdel, k’tductbilemtmhee of ueretiang meefdle(bm ﬁluiethegltobalsmamnb%eﬂmdut&r i ng

t he measured an ted seismc dat ut %:%
said 11t enonning bl TR UER iR SThEr i hiuoe R ThalShfR Wt 3bk 2
frequency vampgss vncbﬂpotanﬁg/ehtnemaryﬁfg filke id@ths wbjectibat fandieh NMhid ﬁltetresr éhsat one
or nore . - . .
so that some statistical measure of the traveltime difference between the measured and
computed data is less than some fraction (usually one quarter) of the dominant period of the
data. This implies that the filter be a high-cut filter. The filter is further chosen such that the
20 high-cut frequency of this filter decreases with increasing traveltime, making it a time-

varying filter.

[0016] With reference to the flow chart of Fig. 6, in one embodiment the invention is a
method for inverting measured seismic data (65) to infer a physical property model of a
subsurface region, comprising successively updating the model by performing iterative,
25 multi-scale inversion of the measured seismic data using local-minimum optimization (64) of
an objective function that computes misfit between model-simulated seismic data and the
measured seismic data (61), wherein a changing low-pass filter is used to successively alter
the objective function from scale to scale by filtering the measured and simulated seismic
data in the misfit computation (62), said filter being time-varying wherein the filter’s low-
30 pass cutoff frequency varies with traveltime of the seismic data being filtered at one or more

scales of the inversion. The filter may be designed using Pratt’s criterion for reducing the
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scal es of the inversion. The filter may be designed using Pratt's criterion
for reducing the WD 2011/123197PCT/ US2011/ 025616 nunber of local m ninm
nodi fi ed wo20niviaBwe a statistical nmeasure (such as the mearjS2afi/oedses dat a

Wi th respect to source and receiver |ocation but not with respect to
traveltine, leaving the filter tine-varying (63). The final stage of the
mul ti-scale inversion, preferably using the unaltered objective function,
is thus nore efficiently provided with a nore accurate starting 5nodel to
hel p it comuebgeftiaabmgliobahodiial toumyolveasshtisiicey measuan (sogt anthe edaphyf shecal
properties node 66).. [0017 wi.th any. data inversian, the.process in
Dbt car - AP eanLo SR T el R Rl B MR B SRR "
of a conputierfilRr Ggeanivad (68). ahedindbstae oftieimilligcdd metoivn esfetablyaising tHOBRI EF

DESCRI PTI ON THE. DRAW. NGS [ 0018] The esent inyention and its advantages
will be betlf Fﬁrfaﬂrpgéchwo CliRp. }Sé%‘égrlFlPrﬁﬁﬁlé%enﬁlPié’r‘?Véq\{qdoW}hbmé?@t %Fyral starting
descri pi omaBIto hbp iBddhd&GBeth L1801 RESimumh, YWRUIERS infdntptitided pBySaNBIIBEtiEs

illustration of an inversion converging to a |local m ninmum Fi g.
2 is a sch&wdeli@0di agram of | ocal optinization corresponding to Fig.1 but
usi ng 15an altered objective function having fewer |ocal m ning; Fig.

3 illustrag@yy| ocals QRhi dHyZadth AvoMidd) thderQebIiMPkacAbil epblidiohUAChigdly from
Fig. 1 but using the iteration 2 nodel fromFig. 2 (shown in gray) as the
starting medemateig. isgoerfgrmeds wighwthe e of asoraiuing Pigsinemest iapecdrdange vith thec ) e
optim zati QRuoklSnesih S @ schematic diagramillustrating the traveltine
error, t - error, ]between t he 20neasured and sinul ated data, and the

i nst ant aneous period, T, of a seismc trace; and
10 BRIEF DESCRIPTION OF THE DRAWINGS

[0018] The present invention and its advantages will be better understood by referring to

the following detailed description and the attached drawings in which:
Fig. 1 is a schematic illustration of an inversion converging to a local minimum;

Fig. 2 is a schematic diagram of local optimization corresponding to Fig.1 but using

15 an altered objective function having fewer local minima;

Fig. 3 illustrates local optimization with the original objective function from Fig. 1

but using the iteration 2 model from Fig. 2 (shown in gray) as the starting model;
Fig. 4 is a flow chart showing basic steps in multi-scale optimization;

Fig. 5 is a schematic diagram illustrating the traveltime error, f..», between the

20  measured and simulated data, and the instantancous period, 7, of a seismic trace; and
Fig. 6 is a flow chart showing basic steps in one embodiment of the present invention.

[0019] The invention will be described in connection with example embodiments.
However, to the extent that the following detailed description is specific to a particular
embodiment or a particular use of the invention, this is intended to be illustrative only, and is
25 not to be construed as limiting the scope of the invention. On the contrary, it is intended to
cover all alternatives, modifications and equivalents that may be included within the scope of

the invention, as defined by the appended claims.
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Fig. 6 is a flow chart show ng basic steps in one enbodi nent of the present
i nvention. [0019] The invention wll be described in connection wth exanple
enbodi mrerwe.20HomeMwer, to the extent that the foll owi ng #eTaisb@d/ogsseri ption
is specific to a particular enbodi nent or a particular use of the
invention, this is intended to be illustrative only, and is 25 not to be
construed as limting the scope of the invention. On the contrary, it is
intended to cover all alternatives, nodifications and equival ents that nmay
be i ncluded w t hi n RE] : 2 AMPIZE FNSBODEMEDNTSt he appended
clainms. WD 2011/ 123197PCT/ US2011/ 025616 DETAI LED DESCRI PTI ON OF

A K

EXAMPLE E - i I P ! iteri be stated
s rax toltaV (R R TR o (i as? O 11 0) e e terr or

is the traveltinme error between the neasured and sinulated data, and T is
the 5 instantaneous periodm@{g%gadﬁaagpr?d data as illustrated in Fig. 5.
In Fig. 5, the traveltine €& <the neasured(@®@nd sinulated data is
indicated as terror,, and thB2xhEtant anedus period of a seismic trace is
indicated by T. The traveltime error is the amount of time shift needed
align the neasured and sinulated data. The instantaneous period is the tinme
bet ween si ik phiisiBes tipgeligme geaBetgeen: thy imprsyedand Haulateddata Tpdyddp thore
nmeans t he [ | on: i i.smc
sour ce. tnt 1T R e O B o A D o o R R RS e
error and ienst batveanetbe separddoahdanmulpigd cltfagn sndedfatet lve /souraoe the, instantaneous

period of a seismic trace is indicated by 7. The traveltime error is the amount of time shift

needed align the measured and simulated data. The instantaneous period is the time between
similar phases (e.g. peaks or troughs) of the data. (Traveltime means the elapsed time from

10 generation of a seismic wave by the seismic source until the wave is recorded at a receiver.)

[0021] Both the traveltime error and instantaneous period are functions of the source s,
the receiver » and the traveltime ¢. In addition 7., is a function of the accuracy of the current
model M. In practice Equation 2 may be more restrictive than necessary to ensure
convergence of FWI. In particular a less rigid statistical measure than the maximum (e.g., the
15 mean) could be used or a target other than 1/2 could be used on the right side of the

inequality. Thus, in practice, Equation 2 can be replaced by the following:

‘S;{f’ltt termr (M’ S’ ]", t)|

<

)

N R

statT (s,r,t

T (s.1)
where stat is some statistic such as the mean, mode or mean squared error, and « is a constant
that is approximately equal to one. It is not expected that the results will be very sensitive to

20  the choice of statistic.

[0022] Bunks’s alteration of the objective function follows a line of reasoning similar to
Pratt’s criterion by using a high-cut filter to increase 7(s,r,t) thus allowing larger values of
teror. 1t is understood that a main cause of local minima is cycle skipping, and longer periods
make this less likely. In theory, t... could be reduced instead of limiting the data to lower
25 frequency; however the only way to do this would be to have a more accurate starting model,

which is very difficult and maybe impossible. Furthermore the goal of FWI is to produce a
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the receiver r and the traveltine t. In addition terror is a function of
the accuracy of the current nodel M In practice Equation 2 may be nore
restrictiwe 2ohzm3recessary to ensure convergence of FW PCrruspanioesué ar a
less rigid statistical neasure than the maxi num (e.g., the 15mean) could be
used or a target other than 1/2 could be used on the right side of the

i nequality. Thus, in practice, Equation 2 can be replaced by the follow ng:
Sstraf It error (M s,r,t)la 2(3) sstrat t
T (s, T, t)nwmmceraﬁmbdeﬂ,ssosanﬁirgtaavdrsta¢cmrasmthrtiag ntokde radaam thawelee of FWéan

squar ed errg Leonstant t to one.
ot expiedt g a3 el G PORLERLIT Gt (6™ Bm sPeRofee o
statistic. n{\@ﬁﬁg]oBlymk@laBovahlbeﬂaliat pfa)pmgaters loelyahjdec thavieavt winell iroveltfnads) Sinse a

l'i ne of reason ? simlar to Pratt's criterion bﬁ/ usmg h h-cut .filter
to incr easéra"if( CIYTS Ppgdy HICTeaeh Wt fravelyise. (e dhegnvargpy (gpsho ‘{”ragel“mes
under st @odkggp@ttwg,mm}hggﬂl@@*tmmg ocal mnima is cycle skipping, and | onger
periods make this less likely. In theory, terror could be reduced i nst ead

of limting the data to | ower 25frequen however the only wa odothls
woul d be tgﬂ%ébe énﬁ%er@rea%dv\a%%t%r t%d%uoropmﬁdcfﬁ Fa %1%9 Sd.rfu eful t

and maybe @S Shil @il 154 {oh@héwrsea&@efcg%éurfafg MV ergenicd. OrHRr MEHG Y Aru¥b
2011/ 12319ZhPC'It')/ uszfollll/ 025616
umbp 1S as 10110wWS:

stat ermr(M s, F t)|

<

(4)

N|Q

statT(s, r,t)

10 This rule of thumb differs from Equation 3 in that the statistical analysis is no longer
performed with respect to time. After applying the statistical calculations, the numerator and
denominator on the left side of Equation 4 are not functions of the source and receiver

locations. Equation 4 is equivalent to:
. 2 .
T(t)==1i,,, (Mz), (5)
a

4

error

15 where f(t)zstatT(s,r,t) and £

error

(M, 1) = stat

(M,s,r,t)| )

[0024] In practice 7

.. 18 an increasing function of traveltime 7, because traveltime errors
tend to accumulate as waves propagate through an inaccurate model. Equation 5 suggests
that the optimal strategy for multi-scale inversion would be to alter the measured and

simulated data so that the average instantaneous period of the seismic data increases with

20  traveltime in a manner similar to 7, . This can be accomplished by applying a time-varying

high-cut filter to the measured data. The high-cut frequency of this time varying filter should
decrease with increasing traveltime. The advantage of this approach over the Bunks
technique is that more information (i.e. higher frequency information at small traveltimes)
would be used for the early iterations of inversion, thus better constraining the inverted
25  model leading to faster convergence. The advantage of our proposal relative to

Maharramov’s layer stripping is again that more of the data (i.e. seismic modes propagating
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nore accurate nodel, so requiring a very accurate starting nodel reduces
the value of FW. On the ot her hand Mahan-anov's | ayer stripping nethod
avoi ds | awvgeotwiaswliti ne errors by inverting only a shal Powusedelo2ichat
propagates only nodes that have small traveltimes. Since traveltinme errors
usually increase with traveltine, limting the inversion to shorter

travel ti mes Skeeps terror within the rule of thunb. [0023]1n the present
invention, an alternative is proposed to Equation 3's "rule of thunmb" that
will |ead tlyowhndsepstpoaicagyf filor medduwbuld beanve gealyeiteraibvas, dkddargntat faster r ul e
of thunmb is as follows: statlt error (M s,r,t)la <.(4) stat T (s,r,t)2

S, 1" 10Thi SPPUIE"6f thunb differs from Equation 3 in that the statistical
analysis is no longer performed with respect to tinme. After applying the

stati sti caljoog] culTat if@fesion ¥ e depuiids ah Gbthaveh EerDif@iB ardindahied &fdtalsi de of
Equation 4 are not functions of the source and receiver |ocations. Equation
4 is equi vaheritat statisticglt Measereas pplicd Ao thesq traef)macriGwhenseremfls. Herae it

(s.r.t), and 1 err %[:ten éﬁ ,tﬁlzst I%ﬁgsl%‘i Jltﬁ-?éalleg i'i\ﬂrygﬁ%o’rn’ %Q%e%[\%%&ltl 15'(31 ?tlgo"’r{é%} jce

ierror i's an’i ncreasi unc rave se trave yerrors

tend to aceeiyhvat®7as. MaN®SratOhagpitidniicangiffoanniondaciinat 2 meaethe drguat i on
5 suggests that the optimal strategy for nulti-scale inversion would be to

al ter the nrafths&icamndicgy would be to assume a simple functional form for 7, ., such as the

error ?

linear function 7, = (M, )¢ where M, is the initial model. This assumed functional form

would then be used to design a time-varying high-cut filter satisfying Equation 5, and
10 inversion using this filter would be attempted. If the inversion does not converge then the

value of # would be increased and inversion with this more conservative estimate of

~

t,...would be attempted. This testing would continue until a £ is found that yields

error

convergence for the initial model.

[0026] After finding a f that converges for the initial model, M,, then iteration will

15  produce a current inverted model which is more accurate than the initial model. This
increased accuracy implies that £ should be reduced as iteration proceeds. This decrease in £
implies a corresponding time-varying filter that passes higher frequencies. The inversion
proceeds with time-varying filters that pass more and more high frequencies, until all

frequencies in the data are used in the final iterations of inversion.

20 [0027] To make practical use of time-varying filters in inversion, it is necessary to be able
to compute the adjoint gradient (Algorithm 2) in a manner consistent with the time varying
filter. The mathematically most straight forward way of doing this is to implement the time
varying filter using the inverse covariance matrix C”' in Equation 1. To do this, the inverse
covariance matrix C"' would be chosen to be non-diagonal (in the time dimension), with

25 elements equal to a temporal representation of the time varying filter coefficients. Since the

filter would be time varying, the filter coefficients vary with time. Example 1 shows an
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sinmul ated data so that the average instantaneous period of the seismc data
increases with 20traveltine in a manner simlar tolerror This can be
acconpl i sweadotw12appl yi ng a time-varying hi gh-cut filter PCo/ush@memsaur ed
data. The high-cut frequency of this tinme varying filter shoul d decrease
with increasing traveltine. The advantage of this approach over the Bunks
technique is that nore information (i.e. higher frequency information at
small traveltines) would be used for the early iterations of inversion,

t hus bet t erexauis subamatiingf CHecormyentieg tc%m;rdaailarlselade agl receiveagh®@ implements

conver gence. The advant a f our sal,.relative to Mah ar r ano ayer
str ppng. Fomkoarany Ak s B RN SR t & 2LL Kb BeEuR L S g
WO 2011/ 123197PCT/ US2011/ 025616 t hr ough deeper portions of the nodel) would
be used in early iterations, |eading to fiaster convergence [ 0025] The
function i"r, depends on ptq)howltqﬁve§t|@e e§ 1 ops peasured and al so
on what statistical neasu is applied to these trave tlne error

measur enents. However, it|8mdy b® exbecled % hadl tAis broPosed multi-scale
inversion strategy will npd be so0ongl yosewnsitoveotoderoor In fact,

rather than put significanpg effopt ig |gt0“ge§§uq1ng ieryorgfromthe data, an
alternative strategy woul d be to assune Punctlonal formfor

ierror, such as the |jnearOfuhctPon 4 erbr-2¢ lﬁ M Y8 whefe Mo is the
initial nodel . This assunmed faunchi oral 6 or.mswmsl d2¢ has br) used to design a
time-varying high-cut filter éatpsfy ng, Eqyat ign 9, 3Rd %p i nversion using
this filter would be atteppted e |nverS|on does not converge then the
value of fi would be increfsel aAd ithve?si @ Wit h6F hid§ mftle conservative
estimate of lerror would pbe aiteopted. Ghi9 testiog woulsb continue until a
fi is found that yields cpgvesgegce forythe injtigl de [ 0026] Aft er
finding a fi that converg Q q%r p J ?laﬁ rrg?:lel6 Ng? f%%n iteration wll

5 Example 1

This implies that this particular time varying filter performs no filtering at time zero. The off-
diagonal elements increase for increasing rows in the sub-matrix, implying that the high cut
frequency of this time varying filter decreases with increasing time. Notice that the
traveltime error could be viewed as functions of the source or receiver. In this case, this
10 method could be applied in a more general manner than just a simple time varying filter. For

example:

1. The traveltime error is often not just a function of traveltime, but is also often

a function of the offset between the source and the receiver. If this is the case,

it would be advantageous to use different time-varying filters for different

15 source receiver offsets. As iteration proceeds the filter would be relaxed as the

accuracy of the model increases.

2. The traveltime error is often a function of the time dip of the data in the source
and/or receiver domain. This can happen because steep time dips correspond
to waves traveling in predominantly horizontal direction which are more

20 sensitive to the accuracy of the initial model. In this case, time-varying dip-
filters (e.g. a frequency-wavenumber filter that removes seismic events having

high time dip) could be used in place of time-varying temporal-filters. As
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15produce a current inverted nodel which is nore accurate than the initial
nodel . This increased accuracy inplies that fi should be reduced as
iterati orwpnotees®s This decrease in fi inplies a correPpdseng/025616
time-varying filter that passes higher frequencies. The inversion proceeds
with tinme-varying filters that pass nore and nore high frequencies, until
all frequencies in the data are used in the final iterations of inversion.
20[ 0027] To nmake practical use of time-varying filters in inversion, it is
necessary to beitahii@ froccedntpeitlip-fillve wadlid b mt¢laxgpd ad thernccyrddygdithet hode?) in a
manner consistep%rgﬁgh the tine varying filter. The mathematical ly nost
strai ght formar&‘ﬁd?‘of doing this is to inplenent the tinme varying filter
using the inverse covariance matrix C-1 in Equation 1. To do this, the

i nverse coV@ZBhncén mmy case the filtewalalgd a Bpacehaiskbtimt-sadysmgndies,di agevalyingi dipt he

ti me dinension), . wth 25el ement,s ual to at @l representation_of the
PR R e R e g ol N e A L
the fil ter cempititioni o HeSeratidny theh bRo plod®ds EX&s@iRd Absbows an WO

2011/ 123197PCT/ US2011/ 025616 exanple sub-matrix of C-1, corresponding to a

particul ar source and receiver, that inplements a tinme-varying filter. The
first row gao20hi s ASprafeed bpprodch n7igltDde X Pt |(IM) 7 B cANR BAmbibe fetitRgamaht

ror

time-* (1 O 0000000 O O .95 .05 0000000 O 6.90 . 10 .05 00000 O 00 .85 .15
.10 . 05 00Gnddelne, thien tIR0M0e 84tyingAilted ShoulkiObe. @5nél OAR0Oconsistent2Gth Puatidb 5. 10 O

00000 .70 .30 .25 .. ) .
Otherwise, it 1s reasonable to estimate that ¢

vor (ML) is a linear function /&, using an initial
guess for the value of £ Again the time varying filter should be designed to be consistent
10 with both this estimate of £ and Equation 5. If this inversion converges then the process is
completed. If the inversion does not converge, then £ would be increased and another

inversion would be attempted. This process of increasing £ would continue until convergence

is achieved.

[0030] In practice the matrix C' representing the time varying filter would be very
15 sparse, and therefore its application to the data residual in step 3 of algorithm 2 would best be
accomplished by application of a time varying filter operator rather than by matrix
multiplication. In fact this method of inversion is probably not strongly sensitive to the
method used to implement the time varying filter. Therefore, time varying filter could be
most efficiently implemented as a windowed time invariant filter. In other words, the data
20 would be separated into time windows, and then different time invariant filters would be

applied to the different windows.

[0031] The foregoing description is directed to particular embodiments of the present
invention for the purpose of illustrating it. It will be apparent, however, to one skilled in the
art, that many modifications and variations to the embodiments described herein are possible.
25  For example, the inventive method is not limited to seismic data, and can be applied to any
data where multiscale inversion is used to avoid local minima. All such modifications and
variations are intended to be within the scope of the present invention, as defined by the

appended claims.
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0 000000 .65 .35 .30 O 0000000 .60 .40 O 00000000 .55) S5Exanple 1 This
inplies that this particular tine varying filter perforns no filtering at
ti me zer owOTBha/@8f97di agonal el ements increase for incre®&€irnug2010m8356i161 t he
sub-matrix, inplying that the high cut frequency of this tinme varying
filter decreases with increasing tine. Notice that the traveltine error
could be viewed as functions of the source or receiver. In this case, this
10net hod coul d be applied in a nore general nmanner than just a sinple tine
varyi ng fi |[Refrencor exanple: 1. The traveltine error is often not just a
function of traveltinme, but is also often a function of the offset between
the sour ce pankk, tde Fr a¢esaedk, . fZaldikis @.SChdven,CEB8, “Multihedkd deibgicasamirageous
to use different tine- varyi ng filters for different 15source receiver

of fsets. AIVCREatFORhiISc et I¢AE1413 ter woul d be rel axed as the accuracy
of the nodel increases. 2. The traveltine error is often a function of the

time dip ofvidhB@al@l @ M.N the ARRUELC e 200/ OL odBE&I Vﬁ{agél@ﬁﬁkéﬂce Tti»a&e SaBudiappen
because steep tine deS correspond to waves traveling &re dom nantly

hori zonfal tUReEERPY 0 ﬁE\@nff“@WalaMéetWﬁrEép%@e%éhﬁiaﬁﬁsv%nt@t‘?qﬁ‘é 29 Cipat¥P99p1% he
initial nodel. In this case, tine-varying dip-filters (e.g. a

frequency- wangmumReDobdol S, {‘d?é%kccfu@t"@l‘ﬂe&s@@kffarfb&l ,SYsvat %nd]l@g)ﬂrﬂagﬂéwﬂﬁls“ e
di p) could be used in place of time-varying ten?oral ilters. As

2011/ 123197PCH 9SG rrErsg 1ecicy of Anpiiig 195odedds33 0 1WD-fil ter woul d be
rel axed as the accuracy of the nodel increases. [0028]In any case the

filter (e. @rat@ RORACESCiAME WdveRIMARYdrdich fil tHeCffoquendy! dFaYRIBAHND PlidBry and
filter etc.), can be inplenented in the covariance matrix C1 as explalned

above, andV@W@”@@@ﬁ%ﬂﬂ%ﬁﬁ%ﬁﬂ@#m@ﬁ%”ékadv@ﬁi@th@ﬁgéﬂﬁb(%W8beeds as descri bed

above.
10  Tarantola, A., "Inversion of seismic reflection data in the acoustic approximation,”

Geophysics 49, pp. 1259-1266 (1984).
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[ 0029] A preferred approach mght be that if i",,,, (M t) can be estimted
for the current nodel M then the tinme varying filter should be designed to
be consi swenpimizst®7Equati on 5. Otherw se, it is reasonalpCe/useoieseionat e t hat
Lot. (M t) is alinear function fit, using an initial guess for the value
of fi. Again the tinme varying filter should be designed to be consistent 10
with both this estimate of fi and Equation 5. |If this inversion converges
then the process is conpleted. If the inversion does not converge, then fi
woul d be increased and another inversipRul d be attenpted. This process
of increasing fi would continue until~—convergence is achieved. [0030]In
practice the matrix C 1 representing the tine varying filter would be very
15 sparse, land fhegteddiopinversing pighsuecdtsciomia data thanfgha physisel propartyimpdst effp 3 of

al gorithm : ' | ' f i . i.ng
fifter opesdi it RAEh. PindRER Rk SR paRBR LESHLAR of prbhfiE VRIEND
of i nversi anlti-scapr olgersioy afahe siaanmgl yeiswinsiata vie at @nipler meinp ddcalisetinio

i npl enent the time varying.filter. Therefare, . t] varyi fi r could be
oot ef Pi creBnpi e bR b R TRl SRyt B el s R e
wor ds, the datataad 20wl DRiseRP e twd@reind chah¢ifE lom-pdoWaer, Rarcinifiee balid fiiieer ent
time invariant filters would be applied tg the different wi ndows.. [0031] The
foregoi ng d¥Stry ped %Sﬁcgesawgéeﬁ@&ﬁ? gbipelive ifenstian 9@%&@? fe il by Mgt pieesent

invention fRhskdiPanRUMROSE Qisndié ias 0 @b Wit bdmpdidtion dald Hieer BPRATBRIvarQNEVET
to one skilled in the art, that nany nodifications and variations to the

enbodi ment hgegcthe BEer Hewealar @t eskigngy| variespsitiivelimeraiithe seispéc da/laity ve
met hod |i,s @ﬁ%mh%ﬂhﬁ?gnﬁﬁn§9%§&ﬂﬁaﬂ@&%o?and can be applied to any data where

mul tiscale inversion I's used to avol ocal mnima All such nodifications
and variations are intended to be within the scope of the present

i nvention, as defined by the appended clainms. WO

2011/ 123197PCT/ US2011/ 025616 References Bunks, C., F. M Sal eck, S.

Zal eski, Gy Chayphmeth§@8f claitl, IR Bie RS Mo -MRY B1tOff Ml N 8dcBfAsés with
Geophysi cs, 60, pp. 1457-1473.

increasing traveltime.

15 3. The method of claim 1, wherein each successively altered objective function

corresponds to the filter being changed to reject less data.

4. The method of claim 3, wherein the objective function is successively altered until a
final scale is reached at which the objective function is unaltered and wherein iteration

20  continues until a convergence criterion is satisfied or other stopping condition is met.

5. The method of claim 4, wherein the filter corresponding to the final scale passes all

data and rejects none.

25 6. The method of claim 3, wherein the filter is changed to reject less data by increasing

the filter’s low-pass cutoff frequency.
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Maharranmov, M, U Al bertin, 2007, "Localized inmage-difference

wave- equation 5 tonography,"” SEG Annual Meeting Expanded Abstracts, San

Ant oni 0, WO0Q#11/2p1973009-3013. Fallat, M R, Dosso, S. ECI/USGH0ACHUGt i C
inversion via local, global, and hybrid algorithms,” Journal of the
Acoustical Society of America 105, pp. 219-3230 (1999). Pratt, R G
"Seism c waveforminversion in the frequency domain, Part 1: Theory and
verification in a physical scale nodel," Geophysics 64, pp. 888-901 (1999).
10Tar ant ol & A. Thé'inpthed sfi dnmolf, wheregnine or eforetdratoms d@trarfomedhe cab ot o1t

approxi mation, " .Geophysics 49, .pp, ,1259-12 (,1984) . ~.\\O :

J0n1 123107 PCRUSIR B hEE ¢t rRbi e ol e it e iVt pisgion al diea

sei sm ¢ datbbjettoveifidcgibn.a physi cal property nodel of a subsurface region,
conpri sing successively updating the nodel by performng iterative,

mul ti-scale inversion of the measured seismc data on a conputer using

| ocal -m nimum 5 optim zation of an objective function that conputes m sfit
bet ween nodel -si nul ated seism c data and the measured seism c data, wherein
a changisng 8l ow Jas sndthddt & glaitvet evinaéih ehe tahbllreulirime optilnizetion oSthasbgctie

successi vel |ter the objective functi from.scale.to scal e filtering
The. measur liSeirrLr ahCak O eROGt e ORERE BieituRE St e i
filter bei mgré parmmatas yf Hegunnepisisidaltpiepcity nicdel theh ewrdhagSFocit Wilhted pRGleeINCy
varies with travelti of the sei.sm ¢ data being Ofilterea at onpe or nore
scal os of DHESTHGHE: il 1 LICFFRURLPHE CHICR DI RIS PraRFY BOHCRE THepr " s
| ow- pass cyhRfon iH-QHMBRE hatREE LA B WA Hedshell §aGHiBYathr avel time. 153. The
met hod of claim 1, wherein each successively altered objective function
corresponds to the filter being changed to reject |ess data. 4. The
met hod '8f claim 3, wherein the objective function is successively altered
until a final scale is reached at which the objective function is unaltered
and wherei . i t eThd metho@OTDni N WASrelihd dradicit MNRAPIRIGES ab hdjb@E MEMhod.S
satisfied or other stopping conditionis net. 5. The nethod of claim4,
wherein the filter corresponding to the final scale passes all data and
rejects none. 256. The nethod of claim 3, wherein the filter is changed to
reject less data by increasing

10. The method of claim 1, wherein the inversion is full wavefield inversion.

15 11, The method of claim 2, wherein to ensure that the iterations converge to a global
minimum of the objective function, the following criterion is used to design a time-varying
low-pass filter: the model when iteration begins should be accurate enough to predict
traveltimes for any propagation mode to within a half period of that mode after the time

varying filter is applied.
20

12. The method of claim 11, wherein said convergence criterion may be mathematically

expressed as:

terror (M’ S’ r’ t)

stat

L2
statT(s,r,t) 2

where M represents the physical property model, #..,. is traveltime error between the

25 measured and simulated seismic data, T is the measured data’s instantancous period, o is a
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the filter's | ow pass cutoff frequency. WO 2011/123197PCT/ US2011/ 025616
7. The method of claim1l, wherein one or nore iterations are perforned at
each scalwoabitthnednul ti-scale inversion, i.e. for each ebangeoiof2iche
hi gh-pass filter and alteration of the objective function. 58. The nmet hod of
claim1l1, wherein the |ocal-mninmmoptimzation of the objective function
conpri ses conputing the gradient of the objective function with respect to
one or nore paraneters of a current physical property nodel, then searching
for an upda@lecdeqomzsiamalt iq)setipmr:tvyavﬁrmjed:ltimb hateprsems pasthiarsbarice epordiatche
current ph¥5| cat roper Cé n rtetcntll an bgtseraorg]lt rer%hadl egltrthat
better explalnNs the e Vsrdcoor ingles of aY4 B B HEER S BE 'S s,
wher ei n theo@ﬂﬁtdlveﬂﬁbﬂus oﬁommmtedorb;yan&n adj oi nt nethod. 10. The nethod of
claim1l, wherein the inversion is full wavefield inversion. 1511. The net hod
of claim2, wherein to ensure that the iterations converge to a gl obal
m ni mum of the objective function, the followng criterion is used to
design a time-varying |l owpass filter: the nodel when iteration begins
shoul d be d8cur @bemethodigfitidio 131 eblireih otis awehldr methinfthe raage//2pe bpagat i on node
to within a half period of that node after the tinme varying filter is
applied. 20 12. The nethod of claim 11, wherein said convergence criterion
may be mat hematically expressed as: st artlt error (M s ,r , st)l <a star
t T(s,r,t)2

( ) 14.  The method of claim 12, where rate of decrease of the low-pass cutoff frequency with

increasing traveltime is determined consistent with the convergence criterion.

10 15 The method of claim 1, further comprising using different time-varying filters for

different source-receiver offsets.

16. The method of claim 9, wherein the filter is implemented using the inverse covariance

matrix C"' in Equation 1.

15
17. The method of claim 16, wherein the inverse covariance matrix C* is chosen to be
non-diagonal in the time dimension, with elements equal to a temporal representation of the
time varying filter’s coefficients, said coefficients varying with time.

20

18.  The method of claim 12, wherein 7, is assumed to be a linear function of traveltime

”

of the form 7, =/ (Mo)t, where M, is an initial choice for the model when iteration

begins, and fis a selected constant, wherein if the iterative inversion does not converge using

this filter design, then the value of # would be increased and inversion with this more
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where Mrepresents the physical property nodel, error is ttraveltine error
between the - 25neasured and sinulated seismc data, T is the neasured
data' s i sDantianewas period, a is a - 16 - WO 2011/ 12319C¢PTBLAISALHBI16 025616
sel ected constant, t is seismc wave traveltine, s represents seismc
source coordinates, r represents seismc receiver coordinates, and stat
nmeans nean or average or another neasure to reduce variability of s and r
to constants. 513. The nethod of claim 12, wherein a is a nunber within the
range 1/ 2 cbedvatividestivatenat hodveald b aiteinpted], amdhes en fatilea @fis damdarsg/idds t he

error.

| ow- pass cutoff frequency with increasing traveltinme is determ ned

consi st ent conveleendedoctbnurtiggende. criterion. 1015. The nethod of claim1,
further conprising using different tine-varying filters for different
source-receiver offsets. 16. The nethod of claim9, wherein the filter is
i npl enented using the inverse covariance matrix C1 in Equation 1. 15 17.
The method of claim 16, wherein the inverse covariance matrix C1 is chosen
to be non- dPagohbg mpthod pfeclaimpe wheraariks iprersign tsHulk wayedistdsineguien. to a t enpor al
representation of the time varying filter's coefficients, said coefficients
varyingswith time. 20 18. The nmethod of claim 12, wherein i"ror is assuned
to be a linear function of traveltine of the formlerror /3 (1" 0) t 1
where Mo is an initial choice for the nodel when iteration begins, and fi
is a sel ect@d cohsmatied offleime].nvlicrein pEOMPELTHP PIREATHYE liPSHO L - cashrome

conver ge USkfg method’s steps.

21. A computer program product, comprising a computer usable medium having a
10 computer readable program code embodied therein, said computer readable program code
adapted to be executed to implement a method for full wavefield inversion of measured data

to infer a model of a propagating medium for the wavefield, said method comprising:

successively updating the model by performing iterative, multi-scale inversion of the
measured data using local-minimum optimization of an objective function that computes

15 misfit between model-simulated data and the measured data;

wherein a changing low-pass filter, hereinafter called the filter, is used to successively
alter the objective function from scale to scale by filtering the measured and simulated data in

the misfit computation, said filter being time-varying;

wherein the filter’s low-pass cutoff frequency varies with wavefield traveltime
20  through the medium corresponding to the data being filtered at one or more scales of the

inversion.

22.  The method of claim 21, wherein the filter’s low-pass cutoff frequency decreases with

increasing traveltime.

25
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this filter design, then the value of fi would be increased and inversion
with this nore WO 2011/ 123197PCT/ US2011/ 025616 conservative estimte of

| error wowbaotie2atsvenpt ed, and so on until a fi is founaCrhstonioeicds
convergence for the initial nodel. 19. The method of claim 1, wherein
the inversion is full wavefield inversion. 5 20. The nethod of claim1,
wherein a conputer is programed to performat |east sone of the nethod's
st eps. 21. A conputer program product, conprising a conputer usable
nmedi um havi2Bg aTmﬁnmmm@ufehhnéadwmhenph@QMahﬁegdeweﬂbm@heﬂnﬂdEMQhmdtmaid
conput er readab e pr ran1c ada executed to i nplenent a nethod
for full wRVEFFED %81§@ S%r“ﬁép dﬁ% Fa to infer a nodel of a
propagati ng nmedi um f or the mavefleld, sai d net hod conpri sing:

successi vely updating the nodel by performng iterative, nmulti-scale

i nversion of the neasured data using | ocal-mninmumoptimzation of an

obj ective function that conputes 15m sfit between nodel -si mul ated data and
t he neasured dat a; wherein a changing | owpass filter, hereinafter
called the filter, is used to successively alter the objective function
fromscale to scale by filtering the measured and sinulated data in the
msfit conputation, said filter being tinme-varying; wherein the
filter's | ow pass cutoff frequency varies with wavefield traveltinme 20

t hrough the medi um corresponding to the data being filtered at one or nore
scales of the inversion. 22. The nethod of claim?21, wherein the filter's
| ow- pass cutoff frequency decreases with increasing traveltine. 25 WO
2011/ 123197PCT/ US2011/ 025616 23. The nmethod of claim 21, wherein the data
being inverted are seismc data, and the propagating nediumis a subsurface
region of the earth.
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