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5D	
  data	
  (4	
  spaUal	
  coordinates	
  +	
  Ume)	
  

	
  

•  Source	
  Receiver	
  coordinates	
  	
  

•  Midpoint,	
  inline	
  and	
  cross-­‐line	
  offsets	
  
	
  
•  Midpoint,	
  offset	
  and	
  azimuth	
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5D	
  data	
  (4	
  spaUal	
  coordinates	
  +	
  frequency)	
  

	
  

•  Source	
  Receiver	
  coordinates	
  	
  

•  Midpoint,	
  inline	
  and	
  cross-­‐line	
  offsets	
  
	
  
•  Midpoint,	
  offset	
  and	
  azimuth	
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From	
  5D	
  data	
  in	
  the	
  frequency	
  domain	
  to	
  4th	
  	
  
order	
  tensors	
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D(ω,mx,my,hx,hy )→Di jk l

mx → i
my → j
hx → k
hy → l



Sampling	
  

•  In	
  general,	
  5D	
  volumes	
  are	
  irregularly	
  sampled	
  in	
  
space	
  due	
  to	
  

	
  
•  LogisUc	
  constraints	
  
•  Insufficient	
  equipment	
  
•  AcquisiUon	
  costs	
  
•  Provincial/Municipal	
  regulaUons	
  
•  Environmental	
  constraints	
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Problem	
  

•  The	
  Problem:	
  	
  algorithms	
  for	
  	
  
•  Seismic	
  Imaging	
  and	
  	
  
•  Inversion	
  for	
  QI	
  
	
  
	
  require	
  regular	
  and	
  dense	
  data.	
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SoluUon	
  

•  Constrained	
  inversion	
  is	
  adopted	
  to	
  solve	
  the	
  seismic	
  
reconstruc9on	
  problem	
  	
  

•  Assump9on:	
  Simplicity	
  in	
  the	
  data	
  representa9on	
  

•  Predictability	
  	
  	
  
Spitz	
  91	
  	
  

•  Sparsity	
  	
  
Sacchi	
  et	
  al.	
  98,	
  Liu	
  and	
  Sacchi	
  2004	
  

•  Rank	
  
	
  Tricke;	
  et	
  al.	
  2010,	
  Kreimer	
  and	
  Sacchi	
  2011	
  
	
  

	
  
	
  
	
  
Stanton	
  &	
  Sacchi,	
  All	
  Roads	
  Lead	
  to	
  Rome:	
  Predictability,	
  Sparsity,	
  Rank	
  and	
  pre-­‐stack	
  data	
  reconstrucHon.	
  
Recorder,	
  December	
  2013	
  
	
  

	
  
13	
  
	
  



Simplicity	
  in	
  k-­‐space	
  (“Sparsity”)	
  

•  MWNI	
  (Minimum	
  Weighted	
  Norm	
  InterpolaUon)	
  
•  ALFT	
  (AnU	
  leakage	
  Fourier	
  Transform)	
  
•  POCS	
  (ProjecUon	
  onto	
  Convex	
  Sets)	
  
•  Sparse	
  Fourier	
  ReconstrucUon	
  
•  Matching	
  Pursuit	
  ReconstrucUon	
  
•  and	
  1010	
  versions	
  of	
  the	
  aforemenUoned	
  algorithms	
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ReconstrucUon	
  techniques	
  

•  Established	
  technology:	
  	
  
•  Industry	
  has	
  mainly	
  adopted	
  methods	
  based	
  on	
  PEFs	
  
and/or	
  Fourier	
  synthesis	
  with	
  simplicity	
  in	
  k-­‐space	
  

•  Recent	
  developments:	
  
•  Methods	
  that	
  assume	
  that	
  seismic	
  data	
  can	
  be	
  
embedded	
  into	
  a	
  low	
  rank	
  matrix/tensor.	
  
•  InteresUng	
  area	
  of	
  research	
  with	
  connecUons	
  to	
  Data	
  
AnalyUcs,	
  Big	
  Data,	
  CollaboraUve	
  Filtering,	
  Personalized	
  
Medicine	
  etc	
  etc	
  etc…	
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Rank-­‐based	
  ReconstrucUon	
  Techniques	
  

•  Methods	
  that	
  assume	
  that	
  seismic	
  data	
  can	
  be	
  
embedded	
  into	
  a	
  low	
  rank	
  matrix	
  or	
  tensor:	
  
•  Rank	
  reduc9on	
  of	
  Block	
  Hankel	
  forms	
  (Cadzow	
  /	
  MSSA)	
  

•  Trickej	
  et	
  al	
  2010	
  
•  Oropeza	
  &	
  Sacchi	
  2011	
  
•  Gao	
  et.	
  al,	
  2013	
  

•  Rank	
  reduc9on	
  of	
  Mul9-­‐liner	
  arrays	
  or	
  tensors	
  
•  Kreimer	
  and	
  Sacchi,	
  2011	
  	
  (HO	
  SVD)	
  
•  Kreimer	
  et	
  al	
  2013	
  (Minimum	
  Nuclear	
  Norm	
  Tensor	
  CompleUon)	
  
•  Gao	
  et	
  al	
  2015	
  (Tensor	
  CompleUon	
  via	
  Parallel	
  Matrix	
  FactorizaUon)	
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Recommender	
  System	
  

•  A	
  recommendaUon	
  system	
  (or	
  recommender	
  
system)	
  is	
  an	
  algorithm	
  that	
  ajempts	
  to	
  predict	
  the	
  
raUng	
  that	
  a	
  user	
  will	
  give	
  to	
  an	
  item.	
  
RecommendaUon	
  systems	
  have	
  become	
  quite	
  
popular	
  in	
  	
  the	
  field	
  of	
  	
  e-­‐commerce	
  for	
  predicUng	
  
raUngs	
  of	
  movies,	
  books,	
  news,	
  research	
  arUcles	
  
etc.	
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Nemlix	
  Prize	
  

•  From	
  hjp://www.nemlixprize.com/	
  	
  	
  	
  

•  “The	
  Ne+lix	
  Prize	
  sought	
  to	
  substan7ally	
  improve	
  the	
  
accuracy	
  of	
  predic7ons	
  about	
  how	
  much	
  someone	
  is	
  going	
  to	
  
enjoy	
  a	
  movie	
  based	
  on	
  their	
  movie	
  preferences'’	
  

•  Nemlix	
  provided	
  a	
  training	
  data	
  set	
  of	
  100,480,507	
  raUngs	
  
that	
  480,189	
  users	
  gave	
  to	
  17,770	
  movies	
  (only	
  1.17%	
  of	
  the	
  
elements	
  of	
  the	
  data	
  table/matrix	
  are	
  known)	
  

•  On	
  September	
  21,	
  2009	
  Nemlix	
  awarded	
  the	
  $1M	
  Grand	
  Prize	
  
to	
  team	
  BellKor’s	
  PragmaUc	
  Chaos.	
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Matrix/Tensor	
  CompleUon	
  and	
  the	
  famous	
  NETFLIX	
  problem	
  

Taxi 
Driver 

Sense and 
Sensibility 

Battleship 
Potemkin 

Raging 
Bull Titanic Alexander 

Nevsky 

John 5 1 5 4 1 3 

Mary 1 4 ? 1 4 ? 

Pepe 4 2 2 3 4 ? 

Adrian 3 1 ? 3 3 ? 

Tony ? ? ? ? 4 ? 

Kevin 3 3 ? 3 2 ? 

Jianjung 2 1 ? 2 4 ? 

Natasha ? ? 3 ? 5 3 

Movie 

U
se

r 

19	
  HypotheUcal	
  	
  porUon	
  of	
  the	
  Nemlix	
  matrix	
  



Matrix	
  compleUon	
  with	
  minimal	
  math	
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Find Mij, such that SijMij =Mij
obs  and  rank(M ) = K

Sij :Sampling operator



Tensor	
  compleUon	
  with	
  minimal	
  math	
  

21	
  

Find Mijkl, such that SijklMijkl =Mijkl
obs  and  multi-rank(M ) = K

Sijkl :Sampling operator



Algorithm	
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Mobs = SM

M k =αMobs + (1−αS)R[Mk−1]

R[ ] = rank reduction

Simple	
  matrix	
  compleUon	
  algorithm	
  



Algorithm	
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Mk =Mobs + (1− S)R[Mk−1]

Simple	
  matrix	
  compleUon	
  algorithm	
  

Replace	
  low	
  rank	
  
approximaUon	
  in	
  
pixels	
  	
  with	
  missing	
  

data	
  

Insert	
  exisUng	
  data	
  

α =1



ConstanUne	
  the	
  Great	
  (c.	
  280-­‐337)	
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ConstanUne	
  the	
  Great	
  arer	
  decimaUon	
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Mobs = SM



ConstanUne	
  the	
  Great	
  arer	
  reconstrucUon	
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ConstanUne	
  the	
  Great	
  –	
  original	
  image	
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ConstanUne	
  the	
  Great	
  –	
  Singular	
  values	
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Real	
  Data	
  Example	
  (WCSB)	
  

D(ω,mx,my,h,φ)→D(ω, i, j,k, l)→D

D : 4th order tensor



•  RegularizaUon	
  of	
  Fold	
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Dobs = SD
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PMF	
  (Xu	
  et	
  al.,	
  2013;	
  Gao,	
  Sacchi,	
  Stanton	
  2015)	
  

•  In	
  the	
  Parallel	
  Matrix	
  FactorizaUon	
  method	
  we	
  minimize	
  

	
  
•  Subject	
  to	
  	
  

||Dobs −SD ||F

Rank [Unfoldi (D)]= ki    i =1, 2,3, 4



Unfolding	
  and	
  folding	
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ReconstrucUon	
  algorithm	
  

•  The	
  math	
  leads	
  to	
  a	
  simple	
  algorithm	
  

Dn =αDobs + (1−αS)R[Dk−1]

R :  Rank reduction over all modes (PMF, HO-SVD, R-QR etc)

Note:
R: Amplitude Thresholding (POCS, Abma & Kabir 2006)



ReconstrucUon	
  algorithm	
  

•  In	
  PMF	
  	
  

Dn =αDobs + (1−αS)R[Dk−1]

R[ ] = average low rank-approximation over all modes
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Field	
  data	
  example	
  (WCB)	
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Processing	
  Parameters	
  

•  5m	
  X	
  5m	
  CMP	
  Bins	
  
•  100m	
  offset	
  sectors	
  (x	
  and	
  y)	
  
•  300	
  CMPx	
  and	
  220	
  CMPy	
  bins	
  
•  All	
  survey	
  was	
  divided	
  in	
  2640	
  overlapping	
  blocks	
  
•  Each	
  block	
  has	
  about	
  85%	
  of	
  missing	
  traces	
  (15%	
  
alive)	
  

•  First	
  part	
  of	
  analysis	
  is	
  with	
  reconstrucUon	
  in	
  offset-­‐
midpoint	
  



Fix	
  offsets	
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Fix	
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Fix	
  offsets	
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Fix	
  offsets	
  and	
  CMPy	
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Fix	
  CMPx	
  and	
  CMPy	
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a)  ObservaUons	
  	
  
b)  All	
  traces	
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  Reconstructed)	
  
c)  Only	
  new	
  traces	
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Tensor	
  compleUon	
  in	
  azimuth	
  offset	
  midpoint	
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Tensor	
  compleUon	
  in	
  azimuth	
  offset	
  midpoint	
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Conclusions	
  

•  Seismic	
  data	
  can	
  be	
  represented	
  in	
  terms	
  of	
  low	
  
rank	
  matrices	
  and/or	
  tensors	
  	
  

•  In	
  the	
  past,	
  reduced-­‐rank	
  methods	
  for	
  matrices	
  
have	
  been	
  used	
  primarily	
  to	
  	
  denoise	
  seismic	
  data	
  

•  We	
  are	
  starUng	
  to	
  understand	
  how	
  to	
  use	
  mulU-­‐
linear	
  algebra	
  methods	
  to	
  reconstruct	
  seismic	
  data	
  	
  

•  Tensor	
  compleUon	
  for	
  5D	
  seismic	
  data	
  
reconstrucUon	
  can	
  cope	
  with	
  spaUally	
  varying	
  dips	
  
(a	
  problem	
  for	
  reconstrucUon	
  methods	
  based	
  on	
  
Fourier	
  synthesis)	
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