Exploiting Structure in Compressed

TECHNISCHE
UNIVERSITAT
DARMSTADT

m.

Sensing Using Side Constraints — EXPRESS  rwsce vy

Martin Haardt, Marius Pesavento, and Marc Pfetsch

Low Rank Model and Sparse

Representation

Research Objectives in EXPRESS

1 T IT-1

Shift-Invariant Array

Signal model:

y(t) =A(0©) xO(¢)

U

Sparse representation:
H B B

- -I; -
Al

O = AG)  x(6)

A) Compressed Sensing (CS) for parameter estimation with structural side constraints

{ ,-minimization problem: min, {||x||, : Ax =y}
{,-minimization problem: min, {||x||; : Ax =y}
{,-denoising problem: min, {||x||y : ||AXx —y||, < €}
{,-denoising problem: min, {||x||; : ||[Ax —y||, < €}

Novel approach: model identifiability using CS
What is the maximum number L™ of signal components that can uniquely be identified?

Kruskal rank L*=min |x||,—1
X
subjectto A(0)x=0, |[x||=1

Handling large problems with multidimensional (M-D) structures
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 Partly calibrated array:
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* Tracking applications
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* Group sparsity in

o

one-dimensional arrays x(t) e
xi(]-) = ...= Xi(D) = (0

J

* Constellation signals and integrality property:
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* K-bits quantized measurements:
— (0))4(0)
WP4: y=[AOX D +n],
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 Magnitude only measurements

(phase recovery):
y = |A(0©)x® + n

o

.

 Distributed CS algorithms
with limited exchange * Generalized data compression
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