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Part 1- single-parameter WRI
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Goals

e Evaluate FWI & WRI in case of a poor start model & missing low-frequencies.
e Test whether WRI still works when (“mildly”’) wrong physics is used.




Example - BG Compass model

e Low frequencies missing, 24 frequency batches (15 iterations each)
{56},{6 7},... ,{28 29} Hertz. Each interval contains 5 frequencies.

e 103 sources/receivers w/ 55m sample interval

® |naccurate initial model
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FWI vs WRI Result FWI
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Model estimate at every iteration
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Cross sections
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Relative model errors
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Objective function value

Objective WRI, cycle 1 Objective WRI, cycle 2
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Imaginary part, source in middle of domain
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Predicted fields in initial model, 5Hz
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Example - BG Compass model
no inverse crime

e Generate ‘observed’ data using a compressibility and buoyancy model.
e |nvert for compressibility, fixed and inaccurate buoyancy.

e Obtain velocity model from inverted compressibility and fixed
inaccurate buoyancy.

e Low frequencies missing, 15 frequency batches (15 iterations each)
{56},{6 7},... {19 20} Hertz. Each interval contains 5 frequencies.




Fields in initial model, 5Hz
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True velocity

True velocity model
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Initial velocity

Initial velocity model
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Buoyancy model for modeling x 107
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Fixed buoyancy for inversion

Buoyancy model for inversion (fixed)
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Final velocity estimate using WRI

Result velocity WRI (derived), A=100
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True velocity

True velocity model
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Initial velocity

Initial velocity model
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Cycle 1
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Cycle 2
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Result velocity WRI (derived), A=1000000000
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Result velocity WRI (derived), A=1000000000
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Final velocity estimate using WRI

Result velocity WRI (derived), A=100
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Initial velocity
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1st update

Result velocity WRI (derived), A=1000000000
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1st update
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Conclusions - single-parameter WRI

WRI can outperform FWI when starting models are inaccurate.

WRI still works when mildly wrong physics is use—i.e., no inverse
crime.

Fitting data at the start seems key.




Software

Single parameter WRI and the first example are in the SLIM software release.
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Part 2 - Mulii-parameter WRI
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Multi-parameter PDE-consirained optimization

Main issues with multi-parameter inverse problems:
® NON uniqueness
® parameter scaling
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Multi-parameter PDE-consirained optimization

Cross-well toy example

Update parameters simultaneously using a quasi-Newton
method.
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Multi-parameter PDE-consirained optimization

Data fit > 99%

Proposed solutions include:
e find ‘best’ parameterization
® sequential/alternating inversion
® regularization
® manual scaling of gradients

Problems:
® sensitive to parameter choices
e manual fine-tuning




Multi-parameter PDE-constirained optimization

Observation:

® Hessians naturally provide information on ‘scaling” and
‘coupling’.

Using Hessians was also proposed by Lavoué et al. 2014.

Adjoint-state based FWI leads to dense Hessians.

Problems:
® cannot store dense Hessian
® matrix-vector product cost extra PDE solves




Goals

e multi-parameter WRI

e Obtain an approximation of the Hessian without solving extra PDE’s.
e Approximation must be sparse and available in memory explicitly.




Goals

e multi-parameter WRI

e Obtain an approximation of the Hessian without solving extra PDE’s.
e Approximation must be sparse and available in memory explicitly.

This is possible w/ WRI!
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A reduced-space algorithm
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Algorithm 1 Waveform inversion with a sparse Hessian ap-
proximation.

while Not converged do

1. u=argminy (AA(II))’ K>> u— (Adq> // Solve

2 GK,Gb,ng/);L,Vqu;L // Form

3. Pen —H 'g // Solve

4. find steplength o // Linesearch

5. m=m+0ap,, // update model
end
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Summary & Conclusions - mulii-parameter

WRI provides access to a reduced Hessian approximation which is:
® sparse
® easy to invert

® scales different parameter classes based on the
optimization, data and PDE itself

Can extend to more than two parameters.

Different optimization strategies may not remove non
unigueness.

No theoretical guarantees yet.




Current & future work

Apply single- and multi-parameter WRI to real data.
(talk on Wednesday)

3D WRI using iterative solvers
(another talk on Wednesday)
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