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Data validation
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Mpiq = Mg + UGk
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Data validation
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%y Data validation

Mi+1 = My + W MP(OR)y

U = Pog

jminimizes

Res = sum[(dy — d,,)*]
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Log validation

Depth
or
Time

Velocity Log
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Log validation

Gradient ovel
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Data validation

Model formlteratlon k Wavelet
k

d,, = modelled d, = observed

> 6d=d,—d, €—

shots shots
¥ v
x . -
I Migration and stack : Frequency
=~ SR, = Stk[Mig(Ad)] band

v

From depth to time
6R, — OR;

v

Impedance inversion
gt = Imp(SR¢)

v

Line search for p From time to depth
0V, = Ugz gt = 9z

Myyr = My + 6V,
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Log-&-data validation

: Model formlteratlon k Wavelet
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Data validation
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Log validation
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Log-&-data validation
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Data validation
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Hussar dataset

Hussar dataset

Romahn, S., and K. A. Innanen, 2018, Log-validated FWI with wavelet phase and
amplitude updating applied on Hussar data: CREWES Research Report, 30.
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Log validation
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Conclusions

We compared two ways to scale or calibrate the gradient: data
validation and log validation

Combination of log-and-data validation

Log validation is cheaper

We recommend the use of log validation for simple models

For more complex models a combination of log-and-data validation may
be a better option

Application to Hussar dataset
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