Inference
- Wiener filter
- coring/shrinkage



Simple example
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How to compute z?
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NOISE REMOVAL VIA BAYESIAN WAVELET CORING

Eero P. Stmoncells

Computer and Information Science Dept.

University of Pennsylvania
Philadelphia, PA 19104

The classical solution to the noise removal problem is
the Wiener filter, which utilizes the second-order statis-
tics of the Fourier decomposition. Subband decomposi-
tions of natural images have significantly non-Gaussian
higher-order point statistics; these statistics capture im-
age properties that elude Fourier-based techniques. We
develop a Bayesian estimator that is a natural exten-
sion of the Wiener solution, and that exploits these
higher-order statistics. The resulting nonlinear esti-
mator performs a “coring” operation. We provide a
simple model for the subband statistics, and use it to
develop a semi-blind noise-removal algorithm based on
a steerable wavelet pyramaid.
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MAP estimate:
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original image image + noise

Wiener filter wavelet coring



Learning Horizontal Connections in a Sparse Coding e @ @
Model of Natural Images Wam
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(a) 10 most positive weights (b) 10 most negative weights (c) Weights visualization

(d) Association fields



Dynamical models
(Kalman filter)



First-order Markov process
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Sparse coding of time-varying images

I(z,y,t) Zaz * ¢i(2,y,t) + v(z,y,t)
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Learned basis space-time basis functions
(200 bfs, 12 x12 x 7)




Sparse coding and reconstruction
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