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“* Well-control waveform inversion

Waveform inversion

1) Dataresiduals od =dy—d,,

2) Reflectivity residual SR = Stk[Mig(6d)]

4) Velocity perturbation om = Ag

)
)
3) Gradient g = Imp(SR)
)
)

o) Velocity update M1 = My +0m

(Margrave et al., 2010; Romahn, 2019)
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Log validation
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(Romahn and Innanen, 2016)
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vy' Parallel difference strategy
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‘ Sequential difference strategy
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vy' Double-difference strategy (DDWI)

Starting Baseline Monitor
model data data

‘>
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vy Double-difference strategy (DDWI)
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DDWI d2 — Sbasel’ine + (dmonitor — dbaseline)

— Sbaseline + (meonitor X Gmonitor — Wbaseline X Gbaseline)

When Wmonitor — Wbaseline = W

d2 — Sbaseline + W x (Gmonitor — Gbaseline)
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‘A{;‘ Double-wavelet double-difference time-lapse waveform inversion (DWDDWI)

DDWI d2 — Sba,seline + (dmonitor — dbaseline)

— Sbaseline +
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‘'s* Data difference
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vy Different wavelets
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v DDWI is not easy to be affected by the different convergences of baseline
and monitor inversions

v DDWI demands an almost perfect repeatability between the two surveys

v DWDDWI can handle well with the situation of wavelets for the two
datasets are different

v DWDDWI works because the data difference caused by the wavelet
difference is eliminated.

v The premise is that the two wavelets are known
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