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Signal model:

=

y(t) = A(θ (0)) x(0)(t)

⇓

Sparse representation:

=

y(t) = A(θ ) x(t)

Research Objectives in EXPRESS

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

`0-minimization problem: minx {‖x‖0 : Ax= y}
`1-minimization problem: minx {‖x‖1 : Ax= y}
`0-denoising problem: minx {‖x‖0 : ‖Ax− y‖2 ≤ ε}
`1-denoising problem: minx {‖x‖1 : ‖Ax− y‖2 ≤ ε}

B) 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

‖x‖0− 1

subject to A(θ )x= 0, ‖x‖= 1

C) Handling large problems with multidimensional (M-D) structures

D) Exploring relationship between `0 and `1 under side constraints

Exploiting Different Types of Structure

• Shift invariance: J1a(θ) = J2a(θ)z(θ)

• In M-D tensor domain
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• K-bits quantized measurements:
y=

 

A(θ (0))x(0)+ n
�
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• Magnitude only measurements
(phase recovery):
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• Generalized data compression
• Distributed CS algorithms

with limited exchange

• Threshold property:

min
x+,x−,z

‖x+− x−‖0

s.t. A(x+− x−) = y,
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x+i ≥ 0, ∀ i = 1, . . . , N ,

ui ≥ x−i ≥ li zi ≥
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x−i ≥ 0, ∀ i = 1, . . . , N ,

z ∈ {0,1}N
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• Constant modulus: |x i|= ci ∈ R

• Non-circular sources
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• Constellation signals and integrality property:

min
x
{‖x‖0 : Ax= y, l≤ Re(x), Im(x)≤ u, Re(x), Im(x) ∈ ZN},

min
x
{‖x‖0 : Ax= y, x ∈ {−1, 0,1}N},

min
x
{‖x‖0 : Ax= y, x ∈ {0,1}N}
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• Partly calibrated array:

min
X,b

N
∑

i=1

bi

s.t. AX= Y,
rank Xi = bi,
b ∈ {0,1}N

Xi=cix̃
T
i

X

• Group sparsity in
one-dimensional arrays
x i(1) = . . .= x i(D) = 0
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• Tracking applications
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EXPRESS Consortium and Existing Cooperations

Discrete optimization
and compressed sensing

M-D spectral analysis
and convex optimization

for signal processing

High resolution array and
tensor signal processing

Previous collaboration:
• Joint tutorial on MILP

in SigPro and Com

• 4 years project collab.
between NTS and
Optimization Group

Previous collaboration:

• Joint publications
since 2000

• Joint book chapter on
array processing using
structure (2014)

• Joint DFG project
CAMUS (2009 - 2013)
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