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Low-rank representation of subsurface extended image volumes with power iterations
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Abstract

Low-rank representation using probing techniques

Fulls subsurface extended image volumes (EIVs)

Instead of working with E directly, we work with E in low-rank factorized
form by probing based on matrix-free actions of E on vectors that come at the
cost of two wave-equation solves each. Totally the low-rank recovery costs
4k PDE solves. Zero-offset RTM images and common image points (CIPs) are
able to be extracted out from the low-rank representation.

• can not be computed via brute force crosscorrelations between forward
& adjoint wavefields

• can not be stored explicitly
• but contain highly redundant information on the subsurface
We exploit this redundancy, reflected in low-rank structure, via low-rank randomized singular values decompositions (rSVD)

• with computational costs proportional to the rank k  ns
2
• and storage costs k × N  N
Furthermore, we

• make our approach scalable by using time stepping and
• improve accuracy by using power iterations

E ≈ Ẽ = LR

Methodology
Full subsurface extended image volumes
According to [2], monochromatic EIVs that containing subsurface offsets in all
directions and impossible to form explicitly, can be formed as the outer product between the forward and adjoint wavefields:
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Algorithm 1 Randomized SVD algorithm from [5]
Require: generate k random Gaussian vector W = [w1, . . . , wk ]
N ×k
Y = EW,Y ∈ C
N ×k
[N, T] = qr(Y), N ∈ C
∗
N ×k
Z = E N, Z ∈ C
∗
[U, S, V] = svd(Z ), svd computes the top k singular vectors ,
setU ←
NU
√
√
L = V S,R = U S, here L and R are N × k matrices

(1)

(a) CIP image extracted from the exact EIV.

(b) RTM extracted from the diagonal of the EIV recovered by rSVD.

(b) CIP image extracted from the EIV recovered by rSVD.

(c) RTM extracted from the diagonal of the EIV recovered by SI with q = 1.

(c) CIP image extracted from the EIV recovered by SI with q = 1.

(d) RTM extracted from the diagonal of the EIV recovered by BKI with q = 1.
Figure 3. The RTM images extracted from different EIVs.

(d) CIP image extracted from the EIV recovered by BKI with q = 1.
Figure 4. The CIP images located at 3335m, 435m ,extracted from EIVs recovered by different methods.
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Power iterations for randomized SVD
Since the spatial wave number content increase at higher frequencies, the
EIV singular values will decay slower. It will call for larger probing size
for the low-rank factorization. In order to fix the issue of extending to
higher frequencies without increasing the probing size, we use power iterations which helps to accelerate the decay of singular values. BKI uses
∗ q
N ×(q+1)k
K = [(EE ) EW, . . . , EW], K ∈ C
in line 2.
Algorithm 2 Simultaneous iteration
Require: generate k random Gaussian vector W = [w1, . . . , wk ]
∗ q
N ×k
given power q, K = (EE ) EW, K ∈ C
N ×k
[N, T] = qr(K), N ∈ C
∗
N ×k
Z = E N, Z ∈ C
∗
U, S, V = svd(Z ), svd computes the top k singular vectors
set U ←
NU
√
√

L = V S, R = U S
∗
E ≈ Ẽ = LR

(a) Smoothed background model

(a) RTM extracted from the diagonal of exact EIV.

(b) EIV at 25Hz

Conclusion
By exploiting the low-rank structure of EIVs, we

• obtained accurate approximations of EIVs at highly reduced computational costs and memory usage

(c) Singular values of data at 25Hz (d) Singular values of EIV at 25Hz
Figure 1. (a) Smoothed toy model with 100 × 100 grid points, cut from the Marmousi, labeled with
physical distance and depth. (b) EIV of this toy model at 25Hz. (c) Singular values of data at 25Hz. (d)
Singular values of EIV at 25Hz and the zoomed-in figure.

• made computations feasible by using the rSVD algorithm
• improved scaling via time-domain propagators and FFT transforms
• increased accuracy with power iterations that increase the decay of sinFigure 2. Comparison of the three algorithms in the reconstruction of the EIV for the toy Marmousi
model, with a probing size of r = 14 and 1000 realizations.

gular values

• successfully applied our method on the Marmousi model
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