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•  3D	
  imaging	
  enjoys	
  high	
  SNR	
  because	
  all	
  spins	
  in	
  the	
  excited	
  
volume	
  contribute	
  to	
  noise	
  averaging	
  effect	
  

•  But	
  suscep$ble	
  to	
  mo$on	
  ar$facts	
  during	
  the	
  lengthy	
  
acquisi$on	
  required	
  for	
  high	
  resolu$on	
  

•  We	
  target	
  3D	
  Gradient	
  Echo	
  (GRE)	
  imaging,	
  and	
  achieve	
  	
  	
  	
  	
  	
  	
  
an	
  order	
  of	
  magnitude	
  accelera?on	
  with	
  negligible	
  noise	
  
amplifica?on	
  	
  

Highly	
  Accelerated	
  3D	
  Imaging	
  

Tissue	
  Phase	
   Suscep?bility	
  

0.5	
  mm	
  isotropic	
  whole	
  brain	
  @	
  7T	
  in	
  5	
  minutes	
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  intui?on	
  on	
  why	
  Wave	
  improves	
  reconstruc?on	
  
wave(y) = F−1⋅Psf(y) ⋅F⋅ row(y)

§  Similar	
  to	
  SENSE	
  reconstruc$on,	
  except	
  for	
  PSF	
  formula$on	
  

F−1⋅Psf(y1) ⋅F⋅C1(y1)
...

F−1⋅Psf(y2 ) ⋅F⋅C32(y2 )

#

$

%
%
%
%

&

'
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(
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⋅
row(y1)
row(y2 )

#

$
%
%

&

'
(
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coil1
...

coil32

#

$
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Aliasing	
  voxels	
  are	
  spread	
  out	
  to	
  increase	
  
the	
  varia?on	
  in	
  coil	
  sensi?vity	
  profiles	
  	
  

Point	
  Spread	
  Func$on	
  

wave(y1)=F-­‐1·∙Psf(y1)·∙F·∙row(y1)	
  

wave(y2)=F-­‐1·∙Psf(y2)·∙F·∙row(y2)	
  

row(y1)	
  

row(y2)	
  



Wave-­‐CAIPI	
  reconstruc$on	
  

⇒ 	
  Wave	
  gradients	
  Gy	
  and	
  Gz	
  create	
  posi$on	
  dependent	
  PSF	
  	
  
⇒ 	
  CAIPI	
  2D	
  shi[	
  aliasing	
  paaern	
  
⇒ 	
  These	
  are	
  accounted	
  for	
  when	
  genera$ng	
  the	
  PSF-­‐based	
  Encoding	
  matrices	
  

⇒ 	
  Ex:	
  	
  R	
  =	
  3x3	
  	
  
⇒ 	
  each	
  Encoding	
  matrix	
  corresponds	
  to	
  9	
  rows	
  of	
  the	
  image	
  
⇒ 	
  grouping	
  of	
  rows	
  is	
  determined	
  by	
  CAIPI	
  2D	
  	
  
⇒ 	
  amount	
  of	
  spreading	
  in	
  each	
  row	
  determined	
  by	
  Gy	
  and	
  Gz	
  	
  

BPE	
  Gy	
  

BPE	
  Gz	
  

CAIPI	
  2D	
  

x	
  

y	
  

Kz	
  

Ky	
  
Kx	
  

x	
  

y	
  

x	
  

z	
  



x	
  

y	
  

|Point	
  Spread	
  Func?on(x,y)|	
  

0	
  

0.4	
  

k-­‐space	
  Ф	
  modula?on	
  
angle(Point	
  Spread	
  Func?on(kx,y))	
  

-­‐π	
  

π	
  

kx	
  

y	
  

t	
  

gy	
  
gradient	
  waveform	
  

Point	
  Spread	
  Func?on	
  over	
  image	
  FOV	
  

Ar$fact	
  Quan$fica$on	
  



Point	
  Spread	
  Func?on	
  within	
  single	
  voxel	
  

-­‐20°	
  

20°	
  
k-­‐space	
  differen?al	
  Ф	
  modula?on	
  

kx	
  

y	
  
sidelobes:	
  

0.3%	
  

voxel	
  PSF	
  integrated	
  across	
  y	
  

enlarge	
  100×	
  

x	
   x	
  

Ar$fact	
  Quan$fica$on	
  

x	
  

y	
  

|Point	
  Spread	
  Func?on(x,y)|	
  

0	
  

0.4	
  

k-­‐space	
  Ф	
  modula?on	
  
angle(Point	
  Spread	
  Func?on(kx,y))	
  

-­‐π	
  

π	
  

kx	
  

y	
  

t	
  

gy	
  
gradient	
  waveform	
  

Point	
  Spread	
  Func?on	
  over	
  image	
  FOV	
  



•  Compare	
  Wave-­‐CAIPI	
  and	
  conven$onal	
  SENSE	
  

•  Acquire	
  fully-­‐sampled	
  data,	
  then	
  accelerate	
  by	
  R	
  =	
  3x3	
  

•  Compute	
  root-­‐mean-­‐square	
  error	
  (RMSE)	
  and	
  1/g-­‐factor	
  
maps	
  (retained	
  SNR)	
  

	
  

In	
  Vivo	
  Acquisi$on	
  Comparison	
  



•  Compare	
  Wave-­‐CAIPI	
  and	
  conven$onal	
  SENSE	
  

•  Acquire	
  fully-­‐sampled	
  data,	
  then	
  accelerate	
  by	
  R	
  =	
  3x3	
  

•  Compute	
  root-­‐mean-­‐square	
  error	
  (RMSE)	
  and	
  1/g-­‐factor	
  
maps	
  (retained	
  SNR)	
  

•  In	
  vivo	
  acquisi$ons:	
  
– At	
  3T	
  and	
  7T	
  
– 1x1x2	
  mm	
  resolu$on	
  

– 224x224x120	
  FOV	
  

	
  

In	
  Vivo	
  Acquisi$on	
  Comparison	
  



Gmax=1.09	
  

Gmean=1.03	
  

Normal	
  SENSE	
  
Gmax=2.08	
  

Gmean=1.42	
  

3	
  Tesla,	
  R=3x3,	
  1x1x2	
  mm3,	
  Tacq=38s	
  

1	
  

0	
  10.7%	
  RMSE	
  
Scaled	
  5×	
  

Difference	
  to	
  
Fully-­‐Sampled	
  

5.4%	
  RMSE	
  
Scaled	
  5×	
  

1/g-­‐factor	
  

TR/TE	
  =	
  26/13.3	
  ms	
  

Difference	
  to	
  
Fully-­‐Sampled	
  

1/g-­‐factor	
  Wave-­‐CAIPI	
  
1	
  

0	
  



Gmax=1.06	
  

Gmean=1.03	
  

Normal	
  SENSE	
  
Gmax=2.02	
  

Gmean=1.31	
  

7	
  Tesla,	
  R=3x3,	
  1x1x2	
  mm3,	
  Tacq=40s	
  

1	
  

0	
  12.0%	
  RMSE	
  
Scaled	
  5×	
  

Difference	
  to	
  
Fully-­‐Sampled	
  

7.0%	
  RMSE	
  
Scaled	
  5×	
  

1/g-­‐factor	
  

TR/TE	
  =	
  27/10.9	
  ms	
  

Difference	
  to	
  
Fully-­‐Sampled	
  

1/g-­‐factor	
  Wave-­‐CAIPI	
  
1	
  

0	
  



•  Compare	
  Wave-­‐CAIPI,	
  2D-­‐CAIPI1	
  and	
  Bunch	
  Phase2	
  

•  Acquire	
  R	
  =	
  3x3	
  accelerated	
  data	
  

•  Compute	
  1/g-­‐factor	
  maps	
  (retained	
  SNR)	
  

	
  

	
  

Accelerated	
  Acquisi$on	
  Comparison	
  

1.	
  Breuer	
  FA.	
  et	
  al,	
  MRM	
  2006:55:549	
  	
  	
  2.	
  Moriguchi	
  H	
  et	
  al,	
  MRM	
  2006:55:633	
  



•  Compare	
  Wave-­‐CAIPI,	
  2D-­‐CAIPI1	
  and	
  Bunch	
  Phase2	
  

•  Acquire	
  R	
  =	
  3x3	
  accelerated	
  data	
  

•  Compute	
  1/g-­‐factor	
  maps	
  (retained	
  SNR)	
  

•  In	
  vivo	
  acquisi$ons:	
  
– At	
  3T	
  and	
  7T	
  
– 1x1x1	
  mm	
  isotropic	
  resolu$on	
  

– Acquisi$on	
  $me:	
  2.3	
  min	
  

– 240x240x120	
  FOV	
  

	
  

Accelerated	
  Acquisi$on	
  Comparison	
  

1.	
  Breuer	
  FA.	
  et	
  al,	
  MRM	
  2006:55:549	
  	
  	
  2.	
  Moriguchi	
  H	
  et	
  al,	
  MRM	
  2006:55:633	
  



Gmax=1.82	
  

Gmean=1.22	
  

1	
  

0	
  

2D-­‐CAIPI	
  

Kz	
  

Ky	
   Kx	
  

Recon	
  

R=3x3	
  @	
  3	
  Tesla,	
  1	
  mm	
  iso,	
  Tacq=2.3min	
  
1/G-­‐factor	
  k-­‐space	
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  mm	
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  Tacq=2.3min	
  
1/G-­‐factor	
  k-­‐space	
  

Gmax=1.93	
  

Gmean=1.38	
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Bunch	
  Encoding	
  

Kz	
  

Ky	
   Kx	
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  mm	
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  k-­‐space	
  

Gmax=1.93	
  

Gmean=1.38	
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  Encoding	
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Gmean=1.03	
  

1	
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R=3x3	
  @	
  3	
  Tesla,	
  1	
  mm	
  iso,	
  Tacq=2.3min	
  
2D-­‐CAIPI	
  

Wave-­‐CAIPI	
  

Bunch	
  Encoding	
  



Kz	
  

Ky	
   Kx	
  

Recon	
  
R=3x3	
  @	
  7	
  Tesla,	
  1	
  mm	
  iso,	
  Tacq=2.3min	
  

1/G-­‐factor	
  k-­‐space	
  

1	
  

0	
  

Gmax=1.73	
  

Gmean=1.21	
  

2D-­‐CAIPI	
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Ky	
   Kx	
  

Recon	
  
R=3x3	
  @	
  7	
  Tesla,	
  1	
  mm	
  iso,	
  Tacq=2.3min	
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  Tacq=2.3min	
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  k-­‐space	
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Gmax=1.73	
  

Gmean=1.21	
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Gmean=1.33	
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Ky	
   Kx	
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Gmean=1.02	
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   Kx	
  



2D-­‐CAIPI	
  

Bunch	
  Encoding	
  

Wave-­‐CAIPI	
  

R=3x3	
  @	
  7	
  Tesla,	
  1	
  mm	
  iso,	
  Tacq=2.3min	
  



•  QSM	
  es$mates	
  the	
  underlying	
  magne$c	
  suscep$bility	
  
that	
  gives	
  rise	
  to	
  subtle	
  changes	
  in	
  the	
  magne$c	
  field	
  

•  And	
  finds	
  important	
  applica$ons	
  in	
  
v Tissue	
  iron	
  quan$fica$on1	
  (Mul$ple	
  Sclerosis,	
  
Hun$ngton’s,	
  Alzheimer’s)	
  

v Vessel	
  oxygena$on	
  es$ma$on2	
  

v Tissue	
  contrast	
  enhancement	
  (~SWI3)	
  
	
  

•  Suscep$bility	
  mapping	
  relies	
  on	
  phase	
  signal	
  from	
  a	
  3D	
  
Gradient	
  Echo	
  (GRE)	
  acquisi$on	
  

Quan$ta$ve	
  Suscep$bility	
  Mapping	
  (QSM)	
  

 
1 Langkammer C et al., Neuroimage 2012  2 Fan AP et al., MRM 2013  3 Haacke EM et al., MRM 2004 



•  QSM	
  es$mates	
  the	
  underlying	
  magne$c	
  suscep$bility	
  
that	
  gives	
  rise	
  to	
  subtle	
  changes	
  in	
  the	
  magne$c	
  field	
  

•  Es$ma$on	
  of	
  the	
  suscep$bility	
  map	
  χ	
  from	
  the	
  
unwrapped	
  phase	
  φ	
  involves	
  solving	
  an	
  inverse	
  problem1,	
  	
  

Quan$ta$ve	
  Suscep$bility	
  Mapping	
  (QSM)	
  

δ	
  =	
  F-­‐1	
  D	
  F	
  χ	
  

F:	
  Discrete	
  Fourier	
  Transform	
  
D:	
  suscep$bility	
  kernel	
  
δ	
  =	
  φ/(γ�TE�B0)	
  :	
  normalized	
  GRE	
  phase	
  

measured 
3D GRE phase 

to be 
estimated 

 
1 Marques JP et al., Concepts in Magn Res 2005 



•  QSM	
  es$mates	
  the	
  underlying	
  magne$c	
  suscep$bility	
  
that	
  gives	
  rise	
  to	
  subtle	
  changes	
  in	
  the	
  magne$c	
  field	
  

•  Es$ma$on	
  of	
  the	
  suscep$bility	
  map	
  χ	
  from	
  the	
  
unwrapped	
  phase	
  φ	
  involves	
  solving	
  an	
  inverse	
  problem,	
  

•  The	
  inversion	
  is	
  made	
  difficult	
  by	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
zeros	
  in	
  suscep$bility	
  kernel	
  D	
  	
  

Quan$ta$ve	
  Suscep$bility	
  Mapping	
  (QSM)	
  

δ	
  =	
  F-­‐1	
  D	
  F	
  χ	
  

D = 1
3
−

kz
2

kx
2 + ky

2 + kz
2

Kz	
  

Ky	
  

|D|	
  



•  QSM	
  es$mates	
  the	
  underlying	
  magne$c	
  suscep$bility	
  
that	
  gives	
  rise	
  to	
  subtle	
  changes	
  in	
  the	
  magne$c	
  field	
  

•  Es$ma$on	
  of	
  the	
  suscep$bility	
  map	
  χ	
  from	
  the	
  
unwrapped	
  phase	
  φ	
  involves	
  solving	
  an	
  inverse	
  problem,	
  

•  The	
  inversion	
  is	
  made	
  difficult	
  by	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
zeros	
  in	
  suscep$bility	
  kernel	
  D	
  	
  

•  Undersampling	
  is	
  due	
  to	
  physics	
  
	
  Not	
  in	
  our	
  control	
  	
  

Quan$ta$ve	
  Suscep$bility	
  Mapping	
  (QSM)	
  

δ	
  =	
  F-­‐1	
  D	
  F	
  χ	
  

Kz	
  

Ky	
  

|D|	
  



•  Use	
  prior	
  knowledge	
  to	
  es$mate	
  suscep$bility	
  map	
  in	
  
the	
  presence	
  of	
  undersampling	
  

	
  
•  Prior:	
  Suscep$bility	
  is	
  $ed	
  to	
  the	
  magne$c	
  proper$es	
  of	
  
the	
  underlying	
  $ssue;	
  hence	
  it	
  should	
  vary	
  smoothly	
  
within	
  anatomical	
  boundaries.	
  

•  Employ	
  regulariza$on	
  that	
  encourages	
  smoothness	
  
within	
  $ssues,	
  but	
  avoids	
  smoothing	
  across	
  boundaries.	
  

Regularized	
  Suscep$bility	
  Inversion	
  



•  We	
  solve	
  for	
  the	
  suscep$bility	
  distribu$on	
  with	
  a	
  convex	
  
program,	
  

	
  

L2	
  Regularized	
  Suscep$bility	
  Inversion	
  

min F−1DF χ −δ
2

2
+λ ⋅ MG χ

2

2

 	
  	
  	
  	
  1 Bilgic B, MRM 2013	
  

Data	
  consistency	
   Regularizer	
  



•  We	
  solve	
  for	
  the	
  suscep$bility	
  distribu$on	
  with	
  a	
  convex	
  
program,	
  

	
  

L2	
  Regularized	
  Suscep$bility	
  Inversion	
  

min F−1DF χ −δ
2

2
+λ ⋅ MG χ

2

2

 	
  	
  	
  	
  1 Bilgic B, MRM 2013	
  

G :

M :

Spa$al	
  gradient	
  operator	
  in	
  3D	
  

Binary	
  mask	
  derived	
  from	
  magnitude	
  
image,	
  prevents	
  smoothing	
  across	
  edges	
  

λ :Determines	
  the	
  amount	
  of	
  smoothness	
  



•  We	
  solve	
  for	
  the	
  suscep$bility	
  distribu$on	
  with	
  a	
  convex	
  
program,	
  

	
  

L2	
  Regularized	
  Suscep$bility	
  Inversion	
  

min F−1DF χ −δ
2

2
+λ ⋅ MG χ

2

2

(F−1D2F+λ ⋅GTMG)χ = F−1DTFδ
Op$mizer	
  given	
  by	
  the	
  solu$on	
  of:	
  	
  

Large	
  linear	
  system,	
  solve	
  rapidly	
  with	
  
Precondi?oned	
  Conjugate	
  Gradient1	
  

 	
  	
  	
  	
  1 Bilgic B, MRM 2013	
  



•  QSM	
  relies	
  on	
  phase	
  signal	
  from	
  a	
  3D	
  GRE	
  acquisi$on	
  

•  Long	
  echo	
  $mes	
  (TE≈30ms)	
  are	
  required	
  for	
  phase	
  
evolu$on	
  to	
  improve	
  SNR	
  	
  

•  This	
  constraint	
  on	
  repe$$on	
  $me	
  (TR)	
  further	
  
increases	
  QSM	
  data	
  acquisi$on	
  $me:	
  	
  

Wave-­‐CAIPI	
  accelerated	
  QSM	
  	
  

Whole-­‐brain	
  3D	
  GRE	
  at	
  1mm3	
  resolu$on:	
  
	
  

240x240x120	
  FOV	
  
TR	
  =	
  40	
  ms	
   Tacq	
  =	
  19	
  min	
  if	
  fully-­‐sampled	
  	
  

Wave-­‐CAIPI	
  allows	
  rapid	
  QSM	
  acquisi$on:	
  
	
  

	
   	
   	
  	
   	
   	
   	
  	
  	
  	
  	
  Tacq	
  =	
  2.3	
  min	
  at	
  R=3×3	
  



•  Compare	
  in	
  vivo	
  phase	
  and	
  QSM	
  from	
  
	
  	
  	
  	
  Wave-­‐CAIPI,	
  2D-­‐CAIPI	
  and	
  Bunch	
  Phase	
  Encoding:	
  
	
  

– At	
  3T	
  and	
  7T	
  
– R	
  =	
  3x3	
  accelera$on,	
  scan	
  $me	
  =	
  2.3	
  min	
  
– 1	
  mm	
  isotropic	
  resolu$on	
  

•  Phase	
  Processing:	
  	
  
§  Laplacian	
  unwrapping1	
  and	
  
§  SHARP	
  filtering	
  for	
  background	
  removal2 	
  	
  

•  Suscep$bility	
  Inversion:	
  	
  
§  Fast	
  L2-­‐regularized	
  inversion3	
  

	
  

Wave-­‐CAIPI	
  accelerated	
  QSM	
  	
  

14	
  seconds	
  

32	
  seconds	
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  mm	
  iso,	
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  min	
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3	
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  mm	
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  2.3	
  min	
  acq	
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2D-­‐CAIPI	
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Summary	
  
§  Propose	
  Wave-­‐CAIPI	
  acquisi$on/reconstruc$on	
  scheme	
  

for	
  highly	
  accelerated	
  3D	
  imaging	
  
	
  

§  Wave-­‐CAIPI	
  offers	
  2-­‐fold	
  improvement	
  in	
  g-­‐factor	
  and	
  
image	
  ar$fact	
  penal$es	
  compared	
  to	
  2D-­‐CAIPI	
  and	
  
Bunch	
  Phase	
  Encoding	
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§  Deployed	
  in	
  GRE	
  imaging,	
  Wave-­‐CAIPI	
  allows	
  9-­‐fold	
  
accelera$on	
  with	
  ~perfect	
  SNR	
  reten$on	
  at	
  3T	
  and	
  7T	
  

§  Combined	
  with	
  fast	
  phase	
  and	
  suscep$bility	
  processing	
  
methods,	
  it	
  enables	
  QSM	
  at	
  1	
  mm	
  resolu$on	
  in	
  2.3	
  min	
  

Thank	
  you	
  for	
  your	
  aaen$on	
  	
  


