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An Introduction To
Compressive Sampling

A sensing/sampling paradigm that goes against
the common knowledge in data acquisition
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Sampling Issues

» Uniform vs. random sub-sampling

sample positon

Time signal




Sampling Issues

» Uniform vs. random sub-sampling

Time signal DFT
Ambiguity with uniform sub-sampling!



Sampling Issues

» Uniform vs. random sub-sampling

Samgle pesdion

Time signal DFT

No ambiguity with non-uniform sub-sampling!



Undersampling Artifacts




Undersampling Artifacts
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Compressed Sensing

min [|x]¢, subject to Ax = y (= Ax).
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[FIG2] (a) A sparse real valued signal and (b) its reconstruction
from 60 (complex valued) Fourier coefficients by ¢;
minimization. The reconstruction is exact. (¢) The minimum
energy reconstruction obtained by substituting the ¢; norm
with the 7, norm; ¢, and ¢, give wildly different answers. The
¢, solution does not provide a reasonable approximation to
the original signal.
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Undersampled Signal Recovery Procedure

» A sparse signal (a) is 8-fold undersampled in its |-D k-space domain (b).
Equispaced undersampling results in signal aliasing (d) preventing recovery.
Pseudo-random undersampling results in incoherent interference (c). Some
strong signal components stick above the interference level, are detected
and recovered by thresholding (e) and (f). The interference of these
components is computed (g) and subtracted (h), thus lowering the total
interference level and enabling recovery of weaker components.

Sampling Recovery
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Compressed Sensing in MRI

» Sparse image reconstruction _
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Transform Sparsity of MRI

MANY NATURAL SIGNALS ARE
SPARSE OR COMPRESSIBLE IN THE
SENSE THAT THEY HAVE CONCISE

REPRESENTATIONS WHEN
EXPRESSED IN THE PROPER BASIS.

WHAT IS MOST REMARKABLE
ABOUT THESE SAMPLING
PROTOCOLS IS THAT THEY ALLOW
A SENSOR TO VERY EFFICIENTLY
CAPTURE THE INFORMATION IN A
SPARSE SIGNAL WITHOUT TRYING
TO COMPREHEND THAT SIGNAL.
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Compressed Sensing MRI

Reconstruction
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Compressed Sensing Examples

3-D Cartesian
Sampling Configuration Nyquist Sampling Low Resolution Linear

Multislice 2-D Cartesian
Sampling Configuration

CS
Wavelet + TV

Nyquist Low-Resolution
Sampling Sampling




Exercise

» Design an experiment to use compressed sensing to
estimate a | D sparse signal from its random samples. Use
different degrees of undersampling and comment on the
quality of your results [2 Points]

» Design an experiment to use compressed sensing to
compute an image of a randomly sampled k-space of a
Shepp-Logan phantom. Use different degrees of
undersampling and comment on the quality of your
results [4 Point]



