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Need	  for	  speed	  in	  dynamic	  MRI	  
I feel the need … the need for speed – Top Gun movie 
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•  Time-‐series	  of	  images	  

Dynamic	  MRI	  
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Dynamic	  MRI	  
•  k-‐t	  data	  acquisi8on	  

ky 

kx 

Time	  Inverse	  	  
FFT	  

Time-‐series	  of	  images	  
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•  Current	  dynamic	  MRI	  techniques	  are	  slow	  
–  Switching	  rate	  of	  magne8c	  field	  gradients	  
–  Noise	  amplifica8on	  in	  parallel	  imaging	  

•  Consequences	  
	  
	  

Dynamic	  MRI	  feels	  the	  need	  for	  speed	  

MoIon-‐related	  arIfacts	  Sacrifice	  spaIal	  resoluIon	  	  
for	  beNer	  temporal	  resoluIon	  
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•  Full	  k-‐space	  sampling	  for	  each	  8me	  point	  is	  redundant	  

	  
	  
	  
	  
	  
	  
	  

•  Shouldn’t	  we	  be	  just	  sampling	  the	  differences	  from	  
frame-‐to-‐frame?	  

–  Sampling	  rate	  should	  match	  the	  informa8on	  rate	  
	  

Dynamic	  MRI	  feels	  the	  need	  for	  speed	  

Original	   Differences	  
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Accelerated	  dynamic	  MRI	  
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k-‐t	  undersampling	  
•  Different	  sampling	  paQern	  for	  each	  8me	  point	  
	  

k 

t 

Uniform	   Random	  

UNFOLD	  
k-‐t	  BLAST/SENSE	  

Compressed	  sensing	  
Matrix	  comple8on	  



R	  Otazo	  -‐	  NYU	  

Reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Exploit	  spa8otemporal	  correla8ons	  

•  Dynamic	  MRI	  data	  are	  compressible/sparse	  
–  A	  movie	  is	  easier	  to	  compress	  than	  an	  image	  

Original	   x20	  Compressed	  Temporal	  frequencies	  

y	  

f	  

Sparse	  

x	  

y	  

x	  
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Reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Exploit	  spa8otemporal	  correla8ons	  

•  Dynamic	  MRI	  data	  are	  low-‐rank	  

y	  

x	  

M	  

sp
ac
e	  

8me	  

σ 
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Reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Compressed	  sensing	  (transform	  sparsity)	  

•  Matrix	  comple8on	  (low-‐rank)	  

Lus8g	  M	  et	  al.	  ISMRM	  2006 	   	  Jung	  H	  et	  al.	  MRM	  2009	  
Gamper	  U	  et	  al.	  MRM	  2008 	   	  Otazo	  R	  et	  al.	  MRM	  2010	  

Haldar	  J	  et	  al.	  IEEE	  ISBI	  2010	  
Otazo	  R	  et	  al.	  ISMRM	  2012	  
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Low-‐rank	  plus	  sparse	  reconstruc8on	  
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L+S	  reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Combina8on	  of	  matrix	  comple8on	  and	  compressed	  
sensing	  

•  Based	  on	  L+S	  matrix	  decomposi8on	  (a.k.a.	  robust	  PCA)	  

Otazo	  R	  et	  al.	  Magn	  Reson	  Med.	  2014	  

Conven8onal	  DFT	   L+S	   L	   S	  

8-‐fold	  undersampling	  



R	  Otazo	  -‐	  NYU	  

Low-‐rank	  plus	  sparse	  matrix	  decomposi8on	  
•  a.k.a.	  robust	  principal	  component	  analysis	  (RPCA)	  

Candès	  E	  et	  al.	  ACM	  2011;	  58:1-‐37	  

M = L + S 

M:	  data	  matrix	  
L:	  	  	  low-‐rank	  matrix	  
S:	  	  	  sparse	  matrix	  
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Low-‐rank	  plus	  sparse	  matrix	  decomposi8on	  
•  Mo8va8on:	  standard	  PCA	  is	  sensi8ve	  to	  outliers	  

Candès	  E	  et	  al.	  ACM	  2011;	  58:1-‐37	  

PCA	  

PCA	  

L	  (correla8ons)	  

S	  (outliers)	  

Data	  points	  
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Low-‐rank	  plus	  sparse	  matrix	  decomposi8on	  
•  Convex	  op8miza8on	  problem	  

•  Find	  L	  and	  S	  to	  

Candès	  E	  et	  al.	  ACM	  2011;	  58:1-‐37	  

:	  nuclear-‐norm	  (sum	  of	  singular	  values)	  

:	  l1-‐norm	  (sum	  of	  absolute	  values)	  
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Low-‐rank	  plus	  sparse	  matrix	  decomposi8on	  

Candès	  E	  et	  al.	  ACM	  2011;	  58:1-‐37	  

•  Requirements	  

– Singular	  vectors	  of	  L	  cannot	  be	  sparse	  

– S	  cannot	  have	  a	  low-‐rank	  representa8on	  

•  No	  need	  to	  know	  the	  rank	  of	  L	  or	  the	  sparsity	  of	  S	  

Rank-‐sparsity	  
incoherence	  
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L+S	  decomposi8on	  of	  dynamic	  MRI	  data	  

M	   L	   S	  

sp
ac
e	  

8me	  

= + 

•  Cardiac	  perfusion	  example	  
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L+S	  decomposi8on	  of	  dynamic	  MRI	  data	  
•  Cardiac	  perfusion	  example	  

L	   S	  

Background	   Innova8ons	  
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L+S	  decomposi8on	  of	  dynamic	  MRI	  data	  
•  Increased	  compressibility	  

No	  compression	   X30	  S-‐only	  compression	   X30	  L+S	  compression	  
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L+S	  reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Find	  L	  and	  S	  to	  

L:	  low-‐rank	  component	  
S:	  sparse	  component	  
T:	  temporal	  sparsifying	  transform	  
E:	  encoding	  operator	  (Fourier	  transform	  +	  coil	  sensi8vi8es)	  
d:	  undersampled	  k-‐t	  data	  
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L+S	  reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Incoherence	  between	  

– Undersampled	  k-‐t	  and	  L	  

– Undersampled	  k-‐t	  and	  TS	  

– L	  and	  TS	  

Remove	  aliasing	  	  

Background/dynamic	  separa8on	  
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L+S	  reconstruc8on	  of	  undersampled	  k-‐t	  data	  
•  Proximal	  gradient	  algorithm	  (itera8ve	  soi-‐thresholding)	  

while	  not	  converged	  do:	  

end	  while	  

ini+al	  solu+on:	  
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L+S	  reconstruc8on	  of	  cardiac	  cine	  

CS	   L+S	   L	   S	  

CS:	  standard	  compressed	  sensing	  using	  T	  

•  6-‐fold	  accelera8on	  (ky-‐t	  random	  undersampling	  )	  
•  Temporal	  resolu8on	  =	  40	  ms	  
•  Spa8al	  resolu8on	  =	  1.3x1.3x3mm3	  

•  T:	  temporal	  FFT	  
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L+S	  reconstruc8on	  of	  cardiac	  cine	  

CS	   L+S	  
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L+S	  reconstruc8on	  of	  cardiac	  perfusion	  (pa8ent)	  

Pa8ent	  with	  coronary	  artery	  disease	  

CS	   L+S	   L	   S	  

•  8-‐fold	  accelera8on	  (ky-‐t	  random	  undersampling	  )	  
•  Temporal	  resolu8on	  =	  60	  ms	  
•  Spa8al	  resolu8on	  =	  1.7x1.7x3mm3	  

•  T:	  temporal	  FFT	  
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L+S	  reconstruc8on	  of	  cardiac	  perfusion	  (pa8ent)	  

CS	   L+S	   L	   S	  
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•  It	  requires	  background	  suppression	  

L+S	  reconstruc8on	  of	  8me-‐resolved	  MRA	  

Reference	   Time-‐series	  of	  images	  Contrast	  
injec8on	  

Subtract	  reference	  
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•  Inconsistencies	  between	  reference	  and	  dynamic	  data	  
–  Residual	  background	  

–  Incorrect	  angiogram	  

L+S	  reconstruc8on	  of	  8me-‐resolved	  MRA	  
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L+S	  reconstruc8on	  of	  8me-‐resolved	  MRA	  
•  7.5-‐fold	  accelera8on	  

–  ky-‐kz-‐t	  random	  undersampling	  	  

•  T:	  iden8ty	  (angiograms	  are	  already	  sparse)	  

S	  L	  L+S	  CS	  

CS	  uses	  data	  subtrac8on	  as	  sparsifying	  transform	  
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L+S	  reconstruc8on	  of	  radial	  abdominal	  DCE-‐MRI	  

S	  

•  Con8nuous	  golden-‐angle	  radial	  acquisi8on	  
•  NUFFT	  (gridding	  and	  density	  compensa8on)	  
•  Only	  8	  spokes/temporal	  frame	  

–  About	  50	  fold-‐accelera8on	  
•  T:	  temporal	  finite	  differences	  

L	  L+S	  CS	  
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L+S	  reconstruc8on	  of	  radial	  abdominal	  DCE-‐MRI	  
Po
rt
al
	  v
ei
n	  

Li
ve
r	  

S	  L+S	  CS	  
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L+S	  reconstruc8on	  using	  parallel	  compu8ng	  
•  Speed	  up	  the	  reconstruc8on	  process	  

•  Paralleliza8on	  
–  Separate	  reconstruc8on	  for	  each	  slice	  
–  Singular	  value	  soi-‐thresholding	  
–  Fourier	  transform	  (8me	  and	  coil	  dimensions)	  

•  96-‐core	  computer,	  reconstructed	  matrix	  =	  384x384,	  40	  
slices,	  12	  coils,	  48	  8me	  points	  
–  5	  seconds/slice	  
–  4D	  reconstruc8on	  under	  5	  minutes	  

	  Joint	  work	  with	  Jack	  Poulson	  
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Matlab	  code	  online	  
http://cai2r.net/resources/software/ls-reconstruction-matlab-code 
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Mo8on-‐guided	  L+S	  reconstruc8on	  
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Inter-‐frame	  mo8on	  issues	  
•  Low-‐rank	  plus	  sparse	  model	  breaks	  down	  

… 

Singular	  values	  

Low-‐rank	  
Low-‐rank	  	  
condi8on	  is	  lost	  

without	  	  
mo8on	  with	  	  
mo8on	  

Sparse	  domain	  (T)	  

Mo8on	  reduces	  	  
sparsity	  
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Inter-‐frame	  mo8on	  issues	  
•  Mo8on	  model	  into	  L+S	  decomposi8on	  

W	  =	  [	   ]	  W1	   W2	   W3	  
…	  

low-‐rank	  +	  sparse	  model	  is	  back!	  

L+S = W(M) 

(frame-‐by-‐frame	  warping	  operator)	  
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Mo8on-‐guided	  L+S	  reconstruc8on	  
•  L	  +	  S	  reconstruc8on	  with	  self	  mo8on	  es8ma8on	  and	  
compensa8on	  
– Find	  L,	  S	  and	  W	  to	  

L:	  low-‐rank	  component	  
S:	  sparse	  component	  
T: temporal sparsifying transform	  
W:	  warping	  operator	  
E:	  encoding	  operator	  (Fourier	  transform	  +	  coil	  sensi8vi8es)	  
d:	  undersampled	  k-‐t	  data	  
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Mo8on-‐guided	  L+S	  reconstruc8on	  
•  L+S	  model	  as	  a	  tool	  for	  image-‐series	  registra8on	  

– Different	  from	  standard	  image	  registra8on	  

Standard	  registra8on	  

Target	  

W1	   W3	  
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Mo8on-‐guided	  L+S	  reconstruc8on	  
•  L+S	  model	  as	  a	  tool	  for	  image-‐series	  registra8on	  

– Matrix	  rank-‐sparsity	  as	  a	  measure	  of	  image	  similarity	  	  	  
– Does	  not	  require	  similar	  intensity	  between	  frames	  

L+S	  registra8on	  

W1	   W2	   W3	  
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Warping	  operator	  
•  Regridding	  in	  the	  image	  domain	  



R	  Otazo	  -‐	  NYU	  

Mo8on	  vectors	  
•  Linear	  approxima8on	  of	  the	  warping	  operator	  

–  Op8cal	  flow	  
–  Pixel-‐by-‐pixel	  mo8on	  informa8on	  

Baker	  S	  et	  al.	  Int	  J	  on	  Comp	  Vision.	  2004	  
Dawood	  et	  al.	  IEEE	  Trans	  Med	  Imag.	  2008	  

Gradients	  of	  M	  

Mo8on	  vectors	  
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Mo8on-‐guided	  L+S	  reconstruc8on	  
•  L	  +	  S	  reconstruc8on	  with	  self	  mo8on	  es8ma8on	  and	  
compensa8on	  
– Find	  L,	  S	  and	  v	  to	  

GL+S	  :	  gradient	  of	  L+S	  
v	  	  	  	  	  	  :	  mo8on	  vectors	  
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•  Ini8al	  solu8on	  (coil-‐combined	  inverse	  FFT)	  

•  Itera8ons	  

Mo8on-‐guided	  L+S	  reconstruc8on	  
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Free-‐breathing	  cardiac	  perfusion	  

	  

Siemens	  3T	  scanner	  
TurboFLASH	  sequence	  with	  8-‐fold	  accelera8on	  (ky-t random undersampling)	  
Temporal	  resolu8on	  =	  60ms	  
Spa8al	  resolu8on	  =	  1.7x1.7	  mm2	  

T:	  temporal	  FFT	  
	  

L+S	   L	   S	  

St
an
da
rd
	  

M
o8
on
-‐g
ui
de
d	  
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Free-‐breathing	  cardiac	  perfusion	  

	  

Siemens	  3T	  scanner	  
TurboFLASH	  sequence	  with	  8-‐fold	  accelera8on	  (ky-t random undersampling)	  
Temporal	  resolu8on	  =	  60ms	  
Spa8al	  resolu8on	  =	  1.7x1.7	  mm2	  

T:	  temporal	  FFT	  
	  

L+S	   L	   S	  

St
an
da
rd
	  

M
o8
on
-‐g
ui
de
d	  
	  

Temporal	  
blurring	  
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Free-‐breathing	  cardiac	  perfusion	  
•  Mo8on	  vectors	  

–  non-‐rigid	  mo8on	  es8ma8on	  

  
-3 

-2 

-1 

0 

1 

  

vx	   vy	   Deforma8on	  field	  v	  
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Free-‐breathing	  DCE-‐MRI	  of	  the	  liver	  

NUFFT	   Standard	  L+S	   Mo8on-‐guided	  L+S	  

	  

Siemens	  3T	  scanner	  
Radial	  VIBE	  sequence	  
20	  spokes/frame	  	  (12.8-‐fold	  accelera8on)	  
T:	  temporal	  finite	  differences	  
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Free-‐breathing	  DCE-‐MRI	  of	  the	  liver	  

NUFFT	   Standard	  L+S	   Mo8on-‐guided	  L+S	  

Temporal	  
blurring	  
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Free-‐breathing	  DCE-‐MRI	  of	  the	  kidneys	  

NUFFT	   Standard	  L+S	   Mo8on-‐guided	  L+S	  

	  

Siemens	  3T	  scanner	  
Radial	  VIBE	  sequence	  
20	  spokes/frame	  	  (12.8-‐fold	  accelera8on)	  
T:	  temporal	  finite	  differences	  
	  



R	  Otazo	  -‐	  NYU	  

Free-‐breathing	  DCE-‐MRI	  of	  the	  kidneys	  

NUFFT	   Standard	  L+S	   Mo8on-‐guided	  L+S	  
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Summary	  
•  L+S	  reconstruc8on	  

–  Robust	  PCA	  for	  accelerated	  dynamic	  MRI	  

–  Higher	  performance	  than	  standard	  compressed	  sensing	  	  

–  Background/dynamic	  separa8on	  

•  Mo8on-‐guided	  L+S	  
–  Self-‐discovery	  of	  mo8on	  

–  Undersampled	  data	  only	  

•  Lots	  of	  clinical	  applica8ons	  
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Thank	  you!	  




