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Motivation

Fully sampled data is needed for

- multiple removal

- migration & FWI

Dense seismic data acquisition
- budget limitations

- operationally challenging




Motivation

Matrix completion

- exploits low-rank structure for recovery

- performance degrades with increasing frequency
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- gives good results for higher frequency slices
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- Increases chances of potential overfitting



Fully sampled data: 22 Hz slice
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Difference: True - Recovery w/ recursively weighted (rank = 25)
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Recovery w/recursively weighted (rank = 85)
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Recovery w/recursively weighted (rank = 85)
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Difference: True - Recovery w/ recursively weighted (rank = 85)
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Question

How can we use a higher rank for data reconstruction while avoiding
the risk of overfitting?




Question

How can we use a higher rank for data reconstruction while avoiding
the risk of overfitting?

Answer:

» Limited-subspace weighted method




__ Why limited-subspace weighted method?

Keeps the higher rank for reconstruction
» decreases the approximation errors at higher frequencies

Reduces the rank of prior information

» prevents overfitting
» further improves the wavefield recovery




Matrix completion

Successful reconstruction strategy

» Exploit structure
- low rank/fast decay of singular values in “transform domain”

» Sample randomly
- increase rank in “transform domain”

» Optimization
- via rank-minimization (matrix factorization)
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Conventional method

Rank minimization

minimize rank(X) subject to |[A(X)—B| s <e
XeCmxn N——

number of singular values of X

where A acquisition mask

B < ¢™mxn oObserved data

|| Frobenius norm
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Conventional method

Rank minimization Hard to solve

minimize rank(X) subject to |[A(X)—B| s <e
XeCmxn N——

number of singular values of X

where A acquisition mask

B < ¢™mxn oObserved data

|| Frobenius norm
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Conventional method

Low-rank matrix completion

minimize || X]||,
Xe(Cmxn N——
sum of singular values of X

subject to || A(X) — Bl <€
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Conventional method

Low-rank matrix completion Expensive for large scale

subject to || A(X) — Bl <€

minimize || X]||,
XeCmxn N——
sum of singular values of X

Low-rank matrix factorization

2
mirllli,rl:rllize % IIi i subject to HA(LRH)_BHF§€

where X — LRY

L c CmXT‘
R c (C’n,X’r‘
B - (Can
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Weighted method

Weighted matrix completion

H}l{iél(i:gli%e |QXW]|, subject to | A(X)—-Bl, <e
where Xprior # USVY, Ue C™", Ve
Q=w,UU" + U-U"
W = w,VV7 + v-vH-

Scalars w1, wo € (0, 1|areweights
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Weighted method

Weighted matrix completion
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Weighted matrix factorization

L 1| QL . H
minimize WR/||, subject to || A(LR )—BHFSE
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Weighted method Computation expensive
Weighted matrix completion  Higher rank increases potential overfitting

H}l{in(ijmize |QXW||, subject to [JA(X)—B|, <e
E mXmn

where X prior = UXVH U e C™*7, V e C™X7
Q=w,UU" + U~ U
W = w,VV# 4 vtV

Scalars w1, wo € (0, 1|areweights

Weighted matrix factorization

2

L 1| QL . H
minimize WR/||, subject to || A(LR )—BHFSG

Smaller weights correspond to more confidence on prior information (similarity)



Weighted method (Efficient)

Weighted matrix completion

H_lin(ijmize HXH* subject to HA(Q_:[XW_:I) — B”F <e€
XeCmxn

where X = QXW

1
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w1

1
W—l _ VVH + VJ.vJ_H
w 2

Weighted matrix factorization
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Weighted method (Efficient)

Weighted matrix completion

II_lil’l(i:miZG HXH* subject to HA(Q_l}_(W_l) — B”F <e€
XeCmxn

where X = QXW

1
Q—l _ UUH + UJ_UJ_H

w1

1
W—l _ VVH + VJ.vJ_H

w 2

Weighted matrix factorization

miIIlJi,%lize % %—i i subject to HA(Q_lI_JRHW_l) — BHF <e€
where X = LRY
X =Q 'Xw! 20-25 times faster!




Limited-subspace weighted method

Limited-subspace weighted matrix factorization

2

L||[L o er ~
minimize = L subject to ||A(Q_1LRHW_1)—B|| <€
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w1
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W 2

UeCm™”, VeC*r

rs < 1,7rIisthe rank used to recovery, s is the rank for limited-subspace

UcU, VcV



Questions

1. Is the limited-subspace enough to represent the prior
Information?

2. Does the limited-subspace break the similarity between the
prior information and recovery?
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Questions

1. Is the limited-subspace enough to represent the prior
Information?

2. Does the limited-subspace break the similarity between the
prior information and recovery?
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Limited-subspace weighted method
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Limited-subspace weighted method

Similarity depends on largest angle between prior information and space of recovery
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Limited-subspace weighted method

Similarity depends on largest angle between prior information and space of recovery
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Similarity depends on largest angle between prior information and space of recovery
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Limited-subspace weighted method

Similarity depends on largest angle between prior information and space of recovery

ao

» does not affect the similarity between
adjacent frequencies

Full-subspace of prior information
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2D Field data example: Gulf of Suez

Data acquisition area: Gulf of Suez
Data dimension: 355 x 355 x 1024 (nr x ns x nt)
Dimension of each frequency slice: 355 x 355

Source sampling interval: 25 m
Receiver sampling interval: 25 m




Field data example: Gulf of Suez

Observed data: 75 % missing sources

Result shown for Frequency slice: 22 Hz




Optimization information

Number of iterations per frequency: 150




Scenarios compared

Scenario 1: using recursively weighted matrix completion (rank
= 85, subspace rank = 85)

Scenario 2: using recursively weighted matrix completion (rank
= 25, subspace rank = 25)

Scenario 3: using recursively limited-subspace weighted matrix
completion (rank = 85, subspace rank = 25)




Frequency slice: 22 Hz
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Recovery w/ weighted (rank = 85)

SNR = 13.09 dB
Rank =85
Subspace rank = 85

Receiver [km]

Source [km]



Recovery w/ weighted (rank = 25)

SNR = 15.50 dB
Rank =25
Subspace rank = 25

Receiver [km]

Source [km]
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Difference: True - Recovery w/ weighted (rank = 85)

SNR = 13.09 dB
Rank = 85
Subspace rank = 85

Receiver [km]

0 1 2 3 4 5 6 7 8
Source [km]



Difference: True - Recovery w/ weighted (rank = 25)

SNR = 15.50 dB
Rank = 25
Subspace rank = 25

Receiver [km]

Source [km]



Difference: True - Recovery w/ limited subspaces weighted
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Common recelver gather




Fully sampled data
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Difference: True - Recovery w/ weighted (rank = 85)
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Difference: True - Recovery w/ weighted (rank = 25)
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Difference: True - Recovery w/ limited subspaces weighted
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Conclusion & future work

Limited weighted strategy
» prevents overfitting at lower frequencies
» Improves SNR at higher frequencies

Simultaneous source separation
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