A'Perspective of
Full-Waveform Inversion

Gary Margrave, Kris Innanen, Matt Yedlin

UNIVERSITY OF

2 CALGARY



Outline

Standard methodology (SM)
Full-waveform inversion (FWI1)
Imaging conditions
Examining the FWI gradient
Well Validation versus Data Validation
Iterative Modelling Migration and Inversion (IMMI)
Conclusions

Slide 2 0f 27__



Purpose

dentify commonalties between FWI and SM.

dentify weaknesses of FWI and which
ements of SM might help.

~ind a practical way forward.
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The Standard Methodology (SM)

1. Compensation for attenuation (anelasticity)

2. Estimation and removal of source waveform
(deconvolution)

3. Spatial focussing (prestack depth migration)
4. Impedance inversion
Clearly there are many more important processes

(statics, noise reduction, model building, etc), but this

abstraction targets those steps with special relevance to
FWI.
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The Standard Methodology (SM)

Stepl Is required to create a guasi-stationary
dataset.

Step 2 estimates the source wavelet in a way
not usually done in FWI.

Steps 1-3 create a Reflectivity Image which
has no direct parallel in FWI.

Step 4 converts the reflectivity image into an
Impedance Image, which is also the main
product of FWI.
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The Standard Methodology (SM)

 |mpedance estimation involves tying to wells
or Well Validation.

 Low-frequency information needed In step 4
IS usually obtained from well control, which is
not commonly done in FWI.

« The process is almost never iterated in that
the impedance model is never used to
predict data or re-migrate.
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Full-waveform Inversion (FWI)

Method is driven by minimization of the
data residual, which is the difference
between real and synthetic data.

The final Earth Model is that which best
predicts the recorded data, so this is Data
Validation.

Low-frequency information is assumed to
come from the data.

Generally implemented as an iteration
Involving:

(1) modelling, (2) gradient estimation, and
(3) model update.

Slide 7 of 27_ __



Full-waveform Inversion (FWI)
(Steepest descent)

e | S

1) Forward model (b) Raw dataE

through V,_; to
predict data ¥«

k=k+1 o §
\ 5Wk =Y, Y, ‘

a) Initial
velocity Vv,
model

Wi 2\
4) Update velocity 2) Ungained RTM of
model “data residual” with Vi1
V, =V, + 0V, and stack

e

3) Scale gradient (line
search) and deduce
velocity perturbation oV, e e "
&V, = AG(X) G(X)=RTM(dy, )
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Full-waveform Inversion (FWI)

Step 2: Gradient estimation Is an un-gained
RTM of the data residual.

Step 3: Estimation of the impedance
perturbation is accomplished either

oV, = AG(X) Steepest descent (most common)

or

6V, = H™'G(X) Newton or Gauss-Newton
(computationally extreme)
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Comparison

SM FWI

Wavelet estimation | Deconvolution Inversion loop
Reflectivity PSDM Not usually created
Imaging algorithm | PSDM Un-gained RTM
Synthetic data Inside PSDM Data residual and

in gradient
Impedance Impedance Scaled gradient is
estimation inversion impedance update
Iteration Not iterated lterated to minimal

data difference
Initial model Migration velocity | Initial modelis

model is complex |smooth

Validation Well validation Data validation
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.Imaging conditiohs
Claerbout (1971)

Imaging conditions define what is calculated in PSDM &

FAQd (X,w) =

Deconvolution imaging condition

U(X,@) “Upgoing” field (real data)

D(X,@) “Downgoing” field (synthetic data)

U and D have similar meanings in PSDM and in FWI
Gradient. FWI makes additional use of D to compute data
residual.
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Imaging conditiohs
Claerbout (1971)

R.(X,0) =U (%,0)D"(X,») Correlation imaging condition

Assumes data have been gain corrected before
PSDM. Using this imaging condition without gain
IS a “mistake”.

@
X, — L g e
6 (X @) ID(%,0)| +uD,, iMmaging condition
£ rlid (X, w), D(X’a)) : > HD gy
Rds()_(’a))z< o -
RC()_(,CO), D(X,Cf)) < IUDmax
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Imaging conditions

Example
Source receiver Specular P-P reflection:
: W, (w) .
Vi U (receiver)=R, r( )e'z‘”s
: 5 8,
|
V2 ' R; True reflection coefficient
I/
s W, (@) True wavelet
\.\ s
PR Tk 2 )
k=v— Wavenumber
1
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Imaging conditions
Example

Downward continue data to reflector:
W, (@)
Ay

S

IK T

U (refl) =R, e

Synthetic shot model at reflector:
W (o)
A7,

KT

D(refl) = e

W (@) Wavelet estimate
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Imaging conditions

Example

Deconvolution imaging condition:

S Ui(et) RTﬁriw)eikrs
- D(refl FOHEN

4rr

- RT

W, (o)
W ()

S

Correlation imaging condition (no gain):

R W (@)W (o)

R., =U (refl)D"(refl) >

S

(47)°

Correlation imaging condition (gained):

R._, =U, (refl)D"(refl) = R;

*

W, (o)W (o)

(47)
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FWI Gradient

G (X.z,0)=0"> v, (X1, a))&&:(s)’k (X,Z, )

STl

correlation
k Iteration number

Synthetic shot record calculated at all points

Q&s,k (X1 Z1 C()) . a
In the subsurface, essentially D

e Data residual (U — D) back propagated
‘”r(s),k(x’ Z,0) (downward continued) to all points in the
subsurface.

The FWI gradient is an RTM with an ungained
correlation imaging condition.

Slide 16 of 27



FWI Gradient

 FWI gradient is a very poorly scaled migration
(Gray 1997, Shin et al. 2001).

« We show that G~r~“ (3D) so it fades very
quickly.

* Thus a descent method that estimates an
model update by é6v = AG will converge very
slowly if at all.

« Shin et al. and others show that the first order
effect of the inverse Hessian is a gain
correction. So v = H~1G will converge much
faster but H~1 is very computationally
iIntensive.
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CFWI Gradlen
Example from Shin et al. (2001)
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Effects similar to H* are obtained simply via the
deconvolution imaging condition

Example from Margrave et al. (2010) F
CC, no gain, no mute, no killrad = CC, gain, no mute, no killrad \ Decon, mute, killrad
ey —— | (D) g R
'
500+ ‘ / 1 y' -
} ,," AN
1000- - 1 f
: " " -
§ 0 . ML N e
: » |~ My -
210- { A n s "’ ]
2500+ . .
) #
. ot
ne \

PSDM Correlation PSDM Correlation PSDM Deconvolution
without gain with gain with mute
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Well Validation versus Data Validation

Data validation
strongly
constrains the
upper model
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Iterative Modelling Migration and Inversion
IMMI

Proposal: We can follow the spirit of FWI using
orocesses from SM such as PSDM and
mpedance Inversion.

Possible benefits:

« Use existing software (e.g. PSDM)
 Use well control

* Faster convergence

 Use both well and data validation
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Iterative Modelling Migration and Inversion

IMMI

1) Forward model
through V, ; to

velocity model AN
%: k+1 \

4) Update velocity
model

V, =V,_, +0V,

e \

-

b) Prepped
v,

— oS
T

oY, =W, —W, g
2) PSDM of “data ¢
residual” with V,_;

3) “Calibrate” migration
and deduce velocity

P

and stack
" ”":f‘
’ - a—_— 7

s |

erturbation OV,
8V, = 1[R(X)]

R(X) = PSDM(5y, )

R
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IMMI Example (Margrave et al., 2010)

lteration 1, 1-4 Hz lteration 2, 5-6 Hz lteration 3, 5-10 Hz
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An Impedance Imaging Condition

A PSDM can directly estimate impedance instead of
reflectivity by using

P
Rk= ol X Definition of reflection coefficient

Ik+1—|_|k

Al, =21, R, Impedance imaging condition

2. i Updated impedance
bt Sl 8= (1+ 2Rk) fo? next iteraption
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Conclusions

*SM produces a reflectivity image that is converted to
impedance with well control. Rarely iterated.

e FWI| iteratively updates an impedance model until the
match between real and synthetic data is acceptable.

e Both methods required low frequencies for the same
reason.

 FWI gradient is a poorly scaled migration, which explains
slow convergence for simple descent.

e A migration with a deconvolution imaging condition is
similar to applying an inverse Hessian to gradient.

e IMMI is an attractive middle ground that can utilize
strengths of both methods.
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