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1.5D model examples
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Y DO FWI

Objective function: E(m) = %(dSyn (m) — dobS)T (dsyn (m) — dobs)

/ 0\

1 0°P(x,t) . ,
L2 " P(X ) =s(t)o (X=X
70 ot (X,t) =s(t)o(x—x,) Shot gathers
Model update: m=m,+Am
(steepest descent) Am = —ug

Adjoint method + deconvolution imaging condition:

v o [P (6 EX)R (X X))

AV(X)=-p) >

= F V)’ jot dt[P, (X, t;x )P, (X, t;x )+ A1 __ ]
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Wy Bayesian inference

Bayes' rule:
p(dobs | m) p(m)
p(dobs)

Likelihood function (data prior): p d

L 4
1 B 4
p(dobs | m) oc eXp{_E (dsyn (m) - dobs )T Cdl(dsyga.n) o dobs )}
L 4

L 4

Model prior: >

p(m) ocexp{—g(m—mof C:(m-m,)}

Posterior probability: p(m|d,,,) = oc p(dyp [ M) p(M)

Objective function:

(M|, o exP{—z (M)}

Misfit function: ‘
1 _ 1 _
Z(m) — E(m o mO)T le(m o mo) +§(dsyn (m) _dobs)T Cdl(dsyn (m) _dobs)
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Markov chain Monte Carlo (MCMC)

Metropolis-Hastings (MH) MCMC

ingredients
Proposal distribution Posterior distribution

T(m* | m) p(m | dobs)

Start with M,
For k=1, 2, 3, ...

1, Use T(m'|m) to produce the proposal model m’

2, Calculate the acceptance probability
T(m | m*) p(m* | dobs)
T(m* | m) p(m | dobs)
3, Accept M~ according to probability a

a(m”,m) =min(l,

)

end

Random Walk sampler M~ =m + X

Uniform distribution T(m |m)

10



A'L‘

' Outline

» Introduction

» Deterministic optimization (DO) Full-waveform inversion (FWI)

» Bayesian inference based on Markov chain Monte Carlo
(MCMCQC)

» Inversion Strategies

» Numerical examples

» Conclusions

11



v . . . ]
vy' Time-lapse inversion strategies

Starting Baseline Monitor Starting Starting Baseline Monitor Starting Baseline Monitor
model data data model model data data model data data

[
Cal

Baseline Monitor Baseline Monitor Baseline Monitor
model model model model model model
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Time-lapse Time-lapse Time-lapse
model model model

Parallel difference strategy Sequential difference strategy Double-difference strategy (DDWI)

DDWI:

Composited monitoring data:

d2 — Sba,seline + (dmon?}tor — dbaseline)
Obijective function:

1 1
EDDWI — §||d2 — 82”2 — §||(dmonitor — Smonitor) — (dbaseline — Sbaseline)”2
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Starting Baseline Monitor
model data data

>

Baseline inversion . Monitoring inversion

Baseline Monitor
model model
v
Time-lapse
model

DO DDWI: MCMC DDWI:

Baseline inversion -> DO FWI Baseline inversion -> DO FWI

Monitoring inversion -> DO FWI Monitoring inversion -> MCMC FWI



'+ Local-updating target-oriented time-lapse inversion
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Multisource waveform inversion

Receiver number
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Prior information

Model prior information according to an adaptive Metropolis (AM) algorithm
(Gelman et al., 1996, Haario et al., 1999):

C,., = K= 1c £ 21 (kMM — (K +Dmemy +m.m? +0l )
k k

New data prior information estimation : COI =0y |S

Receiver number
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DO DDWI vs MCMC DDWI: noise-free data tests
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L2 norm of data residual
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Noisy data tests
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7' Maximum probability (MAP) models
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Model distribution
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“y* Conclusions

We have proposed a time-lapse FWI based on an MH MCMC algorithm, and a new
method to estimate the data error standard deviation for time-lapse data according to
the feature of difference data.

To achieve the MCMC-based time-lapse FWI, we have employed the inversion
strategies including DDWI, multisource data, local-updating target-oriented inversion,
calculating model covariance with the AM algorithm, and the new data error standard
deviation estimation.

Compared the conventional DO DDWI, MCMC DDWI can provide the results with
clearer edges of the nonzero time-lapse model change and fewer coherent errors.
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