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e Traditional acquisition: sample then compress

Compressive Sensing

e Natural and man made signals often have sparse or compressible structure

Sensing by Sampling

e Sample data at Nyquist rate

e Compress data (signal dependent, non-linear)
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Compressive Sensing (CS)

e Directly acquire compressed measurements
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Mathematics of Compressive Sensing

Random projections for measuring y = ®x +n

Y
M x 1 —

measurements

D X

-

M x N

K<MIKN

+

T

M x 1

|| noise

N x1 K

sparse NONZEro
Signa| entries

Compressive Sensing in Noise

e Algorithms require setting a sensitivity parameter
e Ideal performance requires knowledge of noise characteristics

Reconstruction from noisy measurements
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Inequality Constrains
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Parameter value (), d, €) depends on magnitude of measurement noise

( Solvers that require k
fixed parameter value
Gradient Projection for ¢1 Regularized
Sparse Reconstruction Least Squares
Complexity Log Barrier
Regularization Method
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Solvers that obtain solutions
for all parameter values

Least Angle Homotopy Orthogonal
Regression Continuation Matching Pursuit

Solution can overfit noise or lack detail
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Cross Validation
for CS Reconstruction

e Split measurement set into reconstruction measurements and
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e Recover X from Y using reconstruction algorithm for a
parameter value \

e Validate parameter value A using performance in cross
validation measurements Ycv
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