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Why sparsity?

Main advantages

» Dimensionality reduction
» Fast computation
> Better interpretability

Image processing

pattern recognition
denoising / deblurring
compression

super-resolution
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source separation
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Context and objectives

Linear regression B
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» Fixed: Fourier basis, Wavelets

» Learned

Source: [Donoho et al., 1995]
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Sparse optimization problem

min { Ix — Dall3 + pen(a)}

goodness of fit / distortion rate

Goodness of fit
Measures how close two images are
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Sparse optimization problem

min { | — Dal3 + pen(a) }
|

penalty / regularization

Penalty
Special case: non-differentiable in zero! = sparse solution &
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MCP = Minimax Concave Penalty [Zhang, 2010]
Lwith 0 belonging to subgradient of pen
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Sparse optimization problem

min {|x - Dal3 + pen(a) }
|

penalty / regularization

Penalty
Special case: non-differentiable in zero?> = sparse solution &
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MCP = Minimax Concave Penalty [Zhang, 2010]

2with 0 belonging to subgradient of pen
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Matching/Basis pursuit

Algorithm
Start: a =0, J =10
Repeat

1. Find vector ¢; most correlated with residual
argmax |¢f(x — DM o)
2. Add it to the “active set”
J+—Ju{j}

3. Update the coefficients o)

until stopping rule.

A. Boisbunon (AYIN) Sparsity & Image Proc. March 26, 2014 7/ 14



Matching/Basis pursuit

Ada
p
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Applications

Compression3

Original Reweighted-/;

3[Candes et al., 2008]

A. Boisbunon (AYIN) Sparsity & Image Proc. March 26, 2014 9/ 14



Applications

Denoising/Deblurring*

Original Noisy 4, (FISTA)

4[Beck and Teboulle, 2009]
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Dictionary learning

Optimization problem

min {[x — Dal[3 + pen(a)}

a’

Algorithm
Start: « =0, Dy

1. Extract patches from image
2. Repeat

» Solve optimization problem for o with D
fixed

» Solve optimization problem for D with «
fixed

until stopping rule.
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Dictionary learning

Applications

Inpainting® Texture recognition®

5[Mairal et al., 2009]
6[Mairal et al., 2008]
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Thank youl
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