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Seismic inversion 
Infer	
  3D	
  velocity	
  model	
  from	
  mul+-­‐experiment	
  data:
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Data deluge in 3D seismic

small “shot”
2500 X 401 X 401

out of 100s of 1000s
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Data deluge
“Moore’s law” for channel count:
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N e a r - s u r f a c e  m e a s u r e m e n t s  i n  e x p l o r at i o n  g e o p h y s i c s

Advances in seismic processing technology
Finally, growth in computational capability will foster ad-
vances in seismic processing technology for the huge data vol-
umes that will become standard. Currently, for example, the 
time required to pick first arrivals for statics using the inter-
active, semi-automatic approach can consume many months 
for surveys consisting of hundreds of millions of traces. As 
the size of surveys continues to increase, fully automatic 
first-arrival picking and quality control will be required. To 
achieve this goal, at Saudi Aramco we are revisiting exist-
ing autopicking techniques, but with a new vision. We turn 
the disadvantage of large data volumes into an advantage. 
!e statistics available from large data sets, particularly for 
wide-azimuth surveys, allow us to worry less about the qual-
ity of each autopick, and instead, rely on surface-consistent 
quality control and the inversion to produce a high-quality 
near-surface velocity model. Keho and Zhu (2009) present 
examples of how a fully automatic technique reduced the 
time for picking first arrivals and building the near-surface 
model from months to days. Moreover, the full utilization of 

high-density wide-azimuth data resulted in superior quality 
images (Figure 5).

Fully automatic first-arrival picking for large 3D land 
surveys will also necessitate the development of new quality 
control methods. At Saudi Aramco, we have developed, and 
continue to improve, novel quality control attributes based 
on surface-consistent decomposition (Burnstad, 2009). !ese 
include maps indicating the location of velocity inversions. 
Rapid identification of challenging areas, which require ad-
ditional near-surface analysis or noise suppression, is critical 
for improving productivity in seismic processing.

Simultaneous joint inversion of electromagnetic, high-
precision gravity, and seismic data is an important trend in 
our business that will become more common. Figure 6 shows 
an example from the Rub Al-Khali in Saudi Arabia where 
microgravity data were used in a simultaneous joint inversion 
with seismic traveltime data to build a better near-surface ve-
locity model for processing (Colombo et al., 2008). After re-
datuming using the improved model, a much superior image 
was obtained. Similarly, electromagnetic methods may also 
be used for this purpose and for identifying shallow drilling 
hazards.

Methods other than the conventional traveltime-based 
statics will be investigated and some will become standard. 
Much active research on these topics is not being currently 
pursued in the oil and gas industry, but is motivated by hy-
drology, engineering, and environmental applications. Full-
waveform inversion (Sheng et al., 2006) has been around for 
a long time, but was never in common use due to computa-
tional expense. Advances in computer capability now make 
these methods practical for aiding determination of near-sur-
face velocity models. Figure 7 clearly shows the detail that can 
be obtained in a near-surface velocity model through the use 
of early arrival acoustic-waveform tomography. In particular, 
notice the detection of velocity reversals.

Inversion of surface-wave dispersion curves for near-sur-
face velocities (O’Neil et al., 2008) will become practical as 
source and receiver arrays are made obsolete with the advent 
of ultrahigh-channel recording. Application of surface-con-
sistent processing concepts to surface-wave inversion (Krohn, 

2010) shows promise for removing source-generat-
ed noise and for estimating near-surface velocities.

True 3D acquisition also means recording the 
full vector wavefield. Ultrahigh-channel counts 
and point receivers will create new opportunities 
in multicomponent acquisition and processing for 
addressing the near surface and for subsurface im-
aging in general.

Finer spatial sampling will allow the near sur-
face to be addressed more commonly as an imaging 
problem (Kelamis et al., 2002). In fact, this will 
become a necessity because the technologies that 
move beyond traveltimes, such as waveform inver-
sion and gravity-EM-seismic joint inversion, will 
produce complex near-surface models for which 
the traditional statics concept is not valid. Figure 8 
shows a field example of data quality improvement 

Figure 3. “Moore’s law” for seismic channel count (modified from 
Monk, 2006).

Figure 4. A cross-spread gather from simultaneous sources acquisition is shown on 
the left. !e same gather is shown on the right after application of a deblending 
algorithm. Notice that the “noise” from the other sources has been removed by 
deblending.
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Randomized undersampling
– examples from industry (ConocoPhilips)

Deliberate	
  &	
  natural	
  randomness	
  in	
  acquisition
(thanks	
  to	
  Chuck	
  Mosher)

Compressive Sensing and Seismic Acquisition 
Sparse Transforms 
Optimal Sampling 
Data Reconstruction 
 
Compressive Sensing = Acquisition Efficiency 

Land / Node 

Marine 

TSuRBSb *
Data Sparsity Sampling 

Mosher Et Al, SEG 2012; Li Et Al, SEG 2013 

2011 Trial 1: Non-Uniform Optimal Sampling (NUOS) 

Designed Actually Acquired 

Non-Uniform Acquisition Common Offset Reconstruction 

Mosher, C. C., Keskula, E., Kaplan, S. T., Keys, R. G., Li, C., Ata, E. Z., ... & Sood, S. (2012, 
November). Compressive Seismic Imaging. In 2012 SEG Annual Meeting. Society of 
Exploration Geophysicists.
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CS in the field

• ConocoPhilips 
successfully applied CS 
in land & marine 
settings

• Lead to 3–5 X speedup

• Big impact towards 
bottom line & 
exploration in the Arctic 
and sensitive areas

Thanks to Chuck Mosher



Matrix completion framework

Successful	
  reconstruction	
  scheme

Low-­‐complexity	
  signal	
  structure
• low-­‐rank	
  matrices	
  in	
  “transformed”	
  factored,	
  HSS,...	
  formats

Sampling	
  increases	
  complexity	
  
• pointwise	
  sampling	
  increases	
  rank

Optimization	
  decreases	
  complexity
• “nuclear”	
  norm-­‐minimization
• manifold	
  optimization



Tensor completion framework

Successful	
  reconstruction	
  scheme

Low-­‐complexity	
  signal	
  structure
• low-­‐rank	
  tensors	
  in	
  “transformed”	
  CP-­‐Parafac,	
  Tucker,	
  Hierarchical	
  Tucker,	
  
QTT,...	
  formats

Sampling	
  increases	
  complexity	
  
• pointwise	
  sampling	
  increases	
  rank

Optimization	
  decreases	
  complexity
• alternating	
  least	
  squares,	
  manifold	
  optimization,	
  ...



Challenges	
  for	
  seismic	
  data	
  completion



Challenge #1 – Low rank seismic data

Recorded	
  discrete	
  pressure	
  waveforms:
• assume	
  that	
  sources	
  +	
  receivers	
  are	
  on	
  a	
  grid	
  for	
  now

Fourier	
  transform	
  along	
  time	
  :

For	
  each	
  fixed	
  	
  	
  	
  	
  ,	
  consider	
  frequency	
  slices	
  

as	
  a	
  matrix

d(s, r, t)

d(s, r,!)

! d!(s, r)



Challenge #1 – Low rank seismic data

Frequency	
  slice	
  of	
  2D	
  field	
  data	
  as	
  a	
  

function	
  of	
  source,	
  receiver	
  positions
(“Green’s	
  function	
  restricted	
  to	
  surface)

Not	
  low-­‐rank,	
  due	
  to	
  strong	
  diagonal

energy,	
  oscillating	
  off-­‐diagonal	
  energy

source(m)
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Challenge #1 – Low-rank seismic data

Midpoint-­‐offset	
  coordinates:

Non-­‐separable	
  transformation

Tight	
  frame
• linear	
  operator,	
  	
  preserves	
  2-­‐norm

midpt =

s+ r

2

, o↵set =
s� r

2

M : Rn
s

⇥n
r ! Rn

midpt

⇥n
offset



Low-rank structure
2-D acquisition, 10Hz
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acquisition domain
transform domain

Singular value decay
2-D acquisition, 10Hz
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Challenge #1 – Low-rank seismic data

Ideal	
  pointwise	
  sampling	
  corresponds	
  to	
  removing	
  randomized	
  

(source,	
  receiver)	
  pairs	
  from	
  each	
  frequency	
  slice
• impractical	
  to	
  implement	
  in	
  a	
  real	
  survey

Possible	
  to	
  remove	
  random	
  sources,	
  receivers
• corresponds	
  to	
  removing	
  rows,	
  columns



Source-receiver versus midpoint-offset recovery
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Source-receiver versus midpoint-offset recovery
w/ mask

m-h recovery
[SNR = 18.5 dB]

s-r recovery
[SNR = 2 dB]
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Randomized sampling
singular value decay
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acquisition domain
transform domain
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Challenge #2 – Sampling off the grid

Nearest	
  neighbour	
  interpolation	
  (=	
  binning)	
  is	
  inadequate

Introduce	
  irregular	
  sampling	
  operator	
  in	
  optimization	
  framework



Singular-value decay
regularization vs binning



Challenge #3 – Big data

3D	
  seismic	
  data	
  –	
  5D
• source	
  x,	
  source	
  y,	
  receiver	
  x,	
  receiver	
  y,	
  time

Consider	
  frequency	
  slices	
  

Different	
  groupings	
  of	
  indices	
  promote	
  low-­‐rank	
  behaviour

d!(xsrc, ysrc, xrec, yrec)



(Rec	
  x,	
  Rec	
  y)	
  matricization	
  -­‐	
  Canonical	
  ordering
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Full data
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(Src	
  x,	
  Rec	
  x)	
  matricization	
  -­‐	
  Noncanonical	
  ordering

Matricizations

10 20 30 40 50 60 70 80 90 100

10

20

30

40

50

60

70

80

90

100

ysrc,yrec

x s
rc
,x
re
c

100 200 300 400 500 600

100

200

300

400

500

600

0 100 200 300 400 500 600 700
10−7

10−6

10−5

10−4

10−3

10−2

10−1

100

N
or

m
al

iz
ed

 s
in

gu
la

r v
al

ue

 

 
(Rx Ry) matricization
(Sx Rx) matricization



Hierarchical Tucker format

“SVD”-like decomposition

X � n1 ⇥ n2 ⇥ n3 ⇥ n4 tensor

X(1,2)

n
1
n
2

n3n4

=

n
1
n
2

U12

k12

B1234 UT
34

n3n4

k34

U12

n
1
n
2

k12

! U12n1

n2
k12

U12

n
1
n
2

k12

! U12n1

n2
k12

! U1

UT
2

n1

k1 n2

k2

B12

1

“Hierarchical	
  singular	
  value	
  decomposiWon	
  of	
  tensors”	
  L.	
  Grasedyck



Hierarchical Tucker format
X � n1 ⇥ n2 ⇥ n3 ⇥ n4 tensor

U12

n
1
n
2

k12

! U12n1

n2
k12



Hierarchical Tucker format
X � n1 ⇥ n2 ⇥ n3 ⇥ n4 tensor

U12

n
1
n
2

k12

! U12n1

n2
k12

! U1

UT
2

n1

k1 n2

k2

B12



Hierarchical Tucker format

Intermediate	
  matrices	
  don’t	
  need	
  to	
  be	
  stored

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  -­‐	
  small	
  parameter	
  matrices
• specify	
  the	
  tensor	
  completely

Separating	
  groups	
  of	
  dimensions	
  from	
  each	
  other
• dimension	
  tree

Ut, Bt



Realistic sampling
50% random receivers removed
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No subsampling
50% missing sources



Realistic sampling
50% random receivers removed

(Src	
  x,	
  Rec	
  x)	
  matricization	
  -­‐	
  Noncanonical	
  ordering
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Challenge #3 – Big data

3D	
  seismic	
  data	
  in	
  Hierarchical	
  Tucker	
  format
• Parametrize	
  a	
  low-­‐dimensional	
  manifold	
  in	
  high-­‐dimensional	
  space
• Exploit	
  this	
  manifold	
  structure	
  for	
  completion
• Minimize	
  computations	
  in	
  high-­‐dimensional	
  space



Challenge #3 – Big data

Hierarchical	
  Tucker	
  tensors	
  parametrize	
  a	
  smooth	
  submanifold	
  of	
  d-­‐
dimensional	
  tensors
• equip	
  with	
  a	
  Riemannian	
  metric	
  to	
  implement	
  smooth	
  optimization	
  
algorithms

• avoid	
  ambiguities	
  in	
  the	
  parameters	
  via	
  respecting	
  the	
  quotient	
  geometry	
  
of	
  the	
  format

“The	
  geometry	
  of	
  algorithms	
  using	
  hierarchical	
  tensors”,	
  A	
  Uschmajew,	
  B	
  Vandereycken
“Op_miza_on	
  on	
  the	
  Hierarchical	
  Tucker	
  manifold	
  -­‐	
  applica_ons	
  to	
  tensor	
  
comple_on”,	
  C.	
  Da	
  Silva	
  and	
  F.	
  J.	
  Herrmann



Optimization program
�(x)

Parameter	
  space

Full-­‐tensor	
  space



Optimization program



Derivatives

Only	
  involves	
  matrix-­‐matrix	
  multiplications	
  of	
  small	
  matrices	
  compared	
  
to	
  the	
  full-­‐tensor	
  space

Parallelizable	
  –	
  multilinear	
  product	
  can	
  be	
  done	
  in	
  parallel

SVD-­‐free	
  –	
  no	
  large-­‐scale	
  SVDs,	
  unlike	
  nuclear	
  norm-­‐based	
  methods



Seismic	
  matrix/tensor	
  completion	
  examples



Synthetic, Gulf of Mexico
LR factorization
High-­‐rank	
  model	
  
• 3201	
  sources	
  with	
  801	
  receivers,	
  data	
  at	
  7	
  Hz

80	
  %	
  missing	
  sources

Comparison:	
  LR-­‐factorization	
  versus	
  Curvelet	
  transform
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Synthetic BG Group data
Hierarchical Tucker
Unknown	
  model	
  
• 68	
  x	
  68	
  sources	
  with	
  401	
  x	
  401	
  receivers,	
  data	
  at	
  7.34	
  Hz

Receivers	
  subsampled	
  to	
  101	
  x	
  101,	
  Fourier	
  interpolated	
  to	
  401	
  x	
  401



7.34 Hz - 75% missing receivers
Fixed source coordinate, varying receiver coordinates
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Recovered	
  data	
  -­‐	
  SNR	
  17.6	
  dBTrue	
  data

7.34 Hz - 75% missing receivers
Fixed source coordinate, varying receiver coordinates
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DifferenceTrue	
  data

7.34 Hz - 75% missing receivers
Fixed source coordinate, varying receiver coordinates
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7.34 Hz - 75% missing receivers
Fixed receiver coordinates (not in training data), varying source coordinates
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7.34 Hz - 75% missing receivers
Fixed receiver coordinates (not in training data), varying source coordinates
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Fixed source coordinate, varying receiver coordinates
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Source separation for short-time jitter in marine



Conventional marine acquisition
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Blended/Simultaneous marine acquisition
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Source separation via sparsity-promotion
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Source separation via sparsity-promotion
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Observations & open problems

Seismic	
  data	
  exhibits	
  low-­‐rank	
  structure	
  that	
  can	
  be	
  exploited

Non-­‐convex	
  (manifold)	
  optimizations	
  seem	
  to	
  do	
  the	
  job

However,
• no	
  practical	
  quantitative	
  design	
  principles,	
  recovery	
  guarantees	
  and	
  UQ

• how	
  to	
  parameterize	
  manifolds	
  (ranks	
  of	
  LR	
  &	
  HT	
  matrices)	
  is	
  an	
  open	
  question
• what	
  are	
  “optimal”	
  possibly	
  semi-­‐adaptive	
  sampling	
  schemes,	
  e.g.	
  jitter	
  sampling	
  
improves	
  the	
  completion

• approach	
  supposedly	
  only	
  works	
  for	
  low-­‐frequencies	
  ...
• success	
  with	
  HSS	
  type	
  decompositions

• matrix	
  or	
  tensor	
  approaches	
  have	
  not	
  yet	
  been	
  compared
• scale	
  up	
  to	
  large-­‐scale	
  problems	
  pretty	
  open	
  question



How to exploit low-rank structure in the high-
frequency regime?
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*	
  “A	
  fast	
  solver	
  for	
  HSS	
  representaWons	
  via	
  sparse	
  matrices”,	
  Chandrasekaran,	
  S.,	
  et.	
  al.	
  ,	
  SIAM,	
  
2006
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What should be the “optimal” sampling?



Sampling scheme

*	
  “Simply	
  denoise:	
  wavefield	
  reconstrucWon	
  via	
  jikered	
  undersampling”,	
  Hennenfent,	
  G.,	
  
Herrmann,	
  F.,	
  Geophysics,	
  2008
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Papers + software

Software:	
  www.slim.eos.ubc.ca/software-­‐documentation	
  under	
  the	
  ‘Processing’	
  heading	
  for	
  LR	
  
matrix	
  completion,	
  HT	
  tensor	
  completion

Available	
  at	
  www.slim.eos.ubc.ca	
  under	
  ‘Publications’

“Fast	
  methods	
  for	
  denoising	
  matrix	
  compleWon	
  formulaWons,	
  with	
  applicaWon	
  to	
  robust	
  seismic	
  data	
  
interpolaWon,”	
  Aravkin	
  et	
  al.

“Efficient	
  matrix	
  compleWon	
  for	
  seismic	
  data	
  reconstrucWon,”	
  Kumar	
  et	
  al.

“OpWmizaWon	
  on	
  the	
  Hierarchical	
  Tucker	
  manifold	
  -­‐	
  applicaWons	
  to	
  tensor	
  compleWon,”	
  Da	
  Silva	
  and	
  
Herrmann.

“Source	
  separaWon	
  via	
  SVD-­‐free	
  rank	
  minimizaWon	
  in	
  the	
  hierarchical	
  semi-­‐separable	
  
representaWon,”	
  Wason,	
  Kumar,	
  et	
  al.

http://www.slim.eos.ubc.ca/software-documentation
http://www.slim.eos.ubc.ca/software-documentation
http://www.slim.eos.ubc.ca
http://www.slim.eos.ubc.ca
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