MR Imaging

+ No radiation non toxic

* Flexible contrast
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* Many applications
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“"Randomness is too important o be left to chance* “
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Cons... : "7' Redundancy I: Phased Array
- Inherent slow data collection % i Multiple receive channels
redundant data

- Limits spatial resolution

- Limits temporal resolution
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+ Possible solution: 100410100110
Faster imaging by reducing data

(by exploiting redundancies)
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Parallel Imaging

Multiple receive channels
reduced data - Parallel Imaging
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Compressed Sensing

Instead: Compressed Sensing (CS)
First Compress, then reconstruct.
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Redundancy IT: Compression

Most images are compressible
Standard approach: First collect, then compress

Shannon-Nyquist

N>>K

Lossless or
visually lossless
compression

Parallel Imaging + Compressed Sensing

Synergy: multiple receivers + compressibility
Faster imaging, or better images.




Outline A Surprising Experiment

» Compressed review of
- compressed sensing
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* parallel imaging + CS

“ Compressed

sensing
Candes, Romberg and Tao; 2004
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*+ MRI data are obtained in the frequency domain

coefficients
+ Potential for significant scan time reduction
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Sparsity is everywhere

Angiography Spectroscopy Dynamic imaging
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Traditional Sensing

-« xRN is a signal

* Make N linear projections

sensing matrix

Compressibility
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Compressed Sensing

(Candes, Romber, Tao 2006; Donoho 2006)
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-+ x€RN is a K-sparse signal (K«N)
+ Make M (K<M<<N) incoherent linear projections

M A "good” compressed sensing matrix is incoherent
i.e, approximately orthogonal
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\ Incoherency can preserve information
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CS recovery

CS recovery

- Giveny = ®x
-lve Y Under-determined
find x
+ But there's hope, x is sparsel
Y
I
Sparse MRI 8

Geometric Interpretation

domain of sparse signals

* Giveny = ®x
find x
+ But there's hope, x is sparse!

} Under-determined

minimize ||x|[,

s.t.y = ®&x

need M = K log(N) «N
Solved by linear-programming
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Practicality of CS

Sparse MRI
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+ Can such sensing system exist in practice?

Fourier matrix
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Practicality of CS

Can such sensing system exist in practice?

Fourier matrix
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Practicality of CS

Sparse MRI

Practicality of CS

Can such sensing system exist in practice?

Randomly undersampled Fourier is incoherent

* MRI samplfs in the Fourier domain!
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Can such sensing system exist in practice?

Fourier matrix

Sparse MRI

Compressed Sensing

Sparse MRI
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Ingredients:

Compressible signals. (K«N significant
coefficients)

Incoherent measurements.
i.e., incoherent aliasing in the transform domain
(randomly under-sampled k-space).

Recovery by solving a non-linear convex
optimization.
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Intuitive example of CS

Ambiguity




Intuitive example of CS

L = TR = i

random —  O@O@O000@000@O0000@0000 sub-Nyquist

Intuitive example of CS

TR s

‘ sub-Nyquist

Looks like ‘ |
“randti noise” i

Intuitive example of CS

acll = FER = emiie

‘ sub-Nyquist

But it's not ‘
noise!
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Intuitive example of CS

Recovery
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Example inspired by Donoho et. Al, 2007




Sparse Reconstruction

Random
Under-
Sampling

Final
Result
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‘MRI - a natural €S hardware

RF coil receives

Gradients liner combination

modify phase
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Exploits
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User controls
gradient
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compressed sensing MRI
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Sparse Reconstruction

. Solve: min.
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Sparsity
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Incoherent Sampling
"Randomness is too important to be
left o chance"™*

* Metric of incoherency
- Point Spread Function (PSF)
- Transform Point Spread Function (TPSF)

* Practical incoherent sampling schemes.

*Robert R. Coveyou, Oak Ridge National

compressed sensing MRI

Laboratory %

The wavelet transform

Wavelets are band pass filters

Wavelet coefficients have both spatial and spectral

information
Ut high freq.
ea SN gh freq
= T low freq.
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‘ space frequency
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Point Spread Function (PSF)

undersampling

* Natural measure of incoherence
* Good analytic lower-bound estimate
* Criteria: peak side-lobe

sampling
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Transform Point Spread Function (TPSF)

* Transform incoherency?

Transform Spread Function (TPSF)
~ Similar analytic indicator
- Look at peak side-lobe

Wavelet Image k-space
domain domain domain
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Variable density sampling  r... .~

k-space is not uniform
+ Coarse-scale - not sparse

+ Coherent low-res aliasing

* Correct with variable
density
- Equalizes aliasing

- Improve incoherence

Simulation

+ 3 intensities
- 3 feature sizes
Size: 100x100

- Faster convergence p—1
o=14/—
D
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Simulation
k-space L |
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Target: recon. artifacts with
random under-sampling.
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Practical Incoherent Sampling Schemes

+ "Pure random" sampling is impractical in MRI.

+ Instead, design “"effectively random" sampling.

- Incoherent PSF/TPSF.
- Efficient for hardware and application

- Robust

* Tailor trajectory for application (Cartesian,

spiral...)

+ Randomly perturb to be “effectively random"”.

Sparse MRI

compressed sensing MRI






