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Objective

® Provide an intuitive overview of
compressed sensing as applied to MRI

This is not a research talk
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Qutline

® MR Physics

® k-space and sampling requirements

® Compressed sensing
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Magnetic Resonance Imaging

Main magnet, ~| Tesla
(magnetize the sample)

Gradient coils, mT/m
(spatial localization)
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Magnetic Resonance Imaging

Repetition time

Echo time
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Magnetic Resonance Imaging

s

* Non invasive
* High resolution

 Multiple intrinsic contrast
mechanisms

* Arbitrary slice orientation



Magnetic Resonance Imaging

Acquisition time

Spatial encoding - Low sensitivity
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* Serially acquire all of the
points in an image
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Magnetic Resonance Imaging

Acquisition time

Spatial encoding ~ Low sensitivity
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Magnetic Resonance Imaging

Acquisition time

Spatial encoding ~ Low sensitivity
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Magnetic Resonance Imaging

Sampling requirements

k-space™ image-space
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Magnetic Resonance Imaging

Sampling requirements

Image-space

k-space”<

Fourier
Transform

1000000000
0000000000000 0000000
0000000000000 0000000
oooooooo;___4...000000000
RN RN NS fw._.”.wm 0000000
ooooooo.q ,#.w,ooooooo
oooooo_.,.,...‘wq.. s 6000000
el ‘l
\-

ooooooc E ooo,ooo.
e000000 0. wv,m ecoecee
ooooooooo.i,ﬂ..r},..p ooooooo
0000 ccccsdosccoccoo
e0000c00codoccccccoe
0000000000000 00e00 0
e0c00000000ge0

._,
o

dkyT

FOka



Magnetic Resonance Imaging

Sampling requirements

-space

iImage

k-space™

Fourier /
Transform
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Magnetic Resonance Imaging

Undersampling
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ic Resonance Imaging

ing

Magnet

Undersampl
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Magnetic Resonance Imaging

Undersampling

True image

Coil sensitivity at ‘n’

Slm + Sl,n

b

Coil sensitivity at ‘m’



Magnetic Resonance Imaging

Parallel Imaging

True image
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Magnetic Resonance Imaging

Parallel Imaging

True image

(S*S)- | S*




Magnetic Resonance Imaging

Parallel Imaging

— Theoretical Maximum

® Acceleration rate < number of Practical Maximum

receiver coils

® Receiver coils must have a
unique sensitivity along the
accelerated dimensions
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Recap

® MRI is insensitive and very slow
® Data is sampled in k-space
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ing

Random Undersampl
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Random Undersampl
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ined Reconstruction

Constra
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ined Reconstruct

Constra
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Constra
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Constrained Reconstruction

® |nitial observations:

@ Promote expected characteristic

'
L g T gt 3 g
- )
0 Rae? P X o
" e RLIEEe Uil L

Wl vt




Mathematical Model

minimize ||[Um||g } Sparsity

subject to ||[Fm — yH% < € } Data consistency
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Mathematical Model

minimize ||[Um||g } Sparsity

subject to ||[Fm — yH% < € } Data consistency
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Transform Sparsity

Um

Sparsity
v Transform

T Image




Transform Sparsity

® Images are ‘natural’ (adjacent pixels are often correlated)

e Wavelet Transform Wm

Image domain




Transform Sparsity

® Images are ‘natural’ adjacent pixels are often correlated)

e Wavelet Transform Wm

Image domain




Transform Sparsity

® Images are ‘natural’ (adjacent pixels are often correlated)

e Wavelet Transform Wm
Fully sampled
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Transform Sparsity

® Dynamic images do not change very much

time frame; | 2 3 4




Transform Sparsity

® Dynamic images do not change very much
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Mathematical Model

minimize ||[Um||g } Sparsity

subject to ||[Fm — yH% < € } Data consistency
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Mathematical Model

minimize ||[Um||g } Sparsity

subject to ||[Fm — yH% < € } Data consistency
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Mathematical Model

min {|[Fm — y|[3 + A|[¥ml|,}

Sparsity Fourier Acquired Noise
Transform

€

™m
IS Transform k-space data threshold

A\ Regularization factor
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Mathematical Model

min {|[Fm — y|[3 + A|[¥ml|,}

Sparsity Fourier Acquired Noise
Transform

€

™m
IS Transform k-space data threshold

A\ Regularization factor
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Regularization factor

min {|[Fm — y|[3 + A|[¥ml|,}

A too small? A\ just right? A\ too big?
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Sampling Patterns

® Avoid coherent aliasing in sparsity domain

® Pseudo-random sampling

® Undersample in domains/dimensions that take
time to acquire

® Often phase-encode dimensions in k-space
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Sampling Patterns

® Avoid coherent aliasing in
sparsity domain

® Pseudo-random sampling

® (Can test several different
patterns




Sampling Patterns

Not sparse!
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Sampling Patterns

® Variable density sampling compensates for
the lack of sparsity at low resolutions
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Compressed Sensing and

Parallel Imaging
lI-SPIRiT

(Iterative Self-consistent Parallel Imaging Reconstruction)
Lustig M.MRM 2010
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Recent work from MREL

® VWe have been working to implement
compressed sensing and parallel imaging on
the scanner
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Phantom images
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Phantom images
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3D Ti-w SPGR: 256 x 256 x 256 (0.78 x 0.78 x 0.78 mm?)

| x (7.6 minutes) 2x (3.8 minutes) 4x (1.9 minutes) 8% (0.96 minutes)




3D Ti-w SPGR: 256 x 256 x 256 (0.78 x 0.78 x 0.78 mm?)

|x (7.6 minutes) . 2x (3.8 minutes)
3

4x (1.9 minutes)




Dynamic Contrast Enhanced MRI

Retrospective undersampling
3D Ti-w SPGR:256 x 186 x 10 (0.93 x 0.93 x 3.0 mm?)
35 time frames, 10 s temporal resolution
l1-SPIRiT with 4D wavelet, 3D finite differences, dynamic constraints




Dynamic Contrast Enhanced MRI

Retrospective undersampling
3D Ti-w SPGR:256 x 186 x 10 (0.93 x 0.93 x 3.0 mm?)
35 time frames, |0 s temporal resolution
11-SPIRIT with 4D wavelet, 3D finite differences, dynamic constraints
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General Thoughts

® We'’re going to see a lot more compressed
sensing/constrained reconstruction in the
future




General Thoughts (fMRI)

Currently:

Spatial and
temporal
smoothing

Acquire
data
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Questions!
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