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H# : The Ilustrated Wavelet Transform Handbook,Figure 3.5, page80
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1.1 Wavelet Denoising (Matlab)®iEh
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CORME N\ Z51EIBATZ3ELT,
sqtwolog, rigrsure, minimaxi Z¥HALTVEY,

sqtwolog: uses a fixed form threshold yielding minimax performance multiplied by
a small factor proportional log(length(n))
rigrsure: uses for the soft threshold estimator a threshold selection rule based on
Stein’s Unbiased Estimate of Risk(quadratic loss function).
minimaxi: uses a fixed threshold chosen to yield minimax performance for mean
square error against an ideal procedure. The minimax principle is used
in statistics to design estimators. Since the denoised signal can be
assimilated to the estimator of the unknown regression function, the
minimax estimator is the option that realizes the minimum, over a given

set of functions, of the maximum mean square error.

Fle. ST ABEDERNEDET,
one: unscaled white noise
sln: scaled white noise

mln: non-white noise

-'one' corresponds to the basic model.

In general, you can ignore the noise level and it must be estimated. The detail coefficients

cD1 (the finest scale) are essentially noise coefficients with standard deviation equal to
0. The median absolute deviation of the coefficients is a robust estimate of 0. The use of

a robust estimate is crucial for two reasons. The first one is that if level 1 coefficients
contain f details, then these details are concentrated in a few coefficients if the function
f is sufficiently regular. The second reason is to avoid signal end effects, which are pure

artifacts due to computations on the edges.

+'sln' handles threshold rescaling using a single estimation of level noise based on the

first-level coefficients.
When you suspect a nonwhite noise e, thresholds must be rescaled by a level-dependent
estimation of the level noise. The same kind of strategy as in the previous option is used

by estimating lev level by level.



This estimation is implemented in M-file wnoisest, directly handling the wavelet

decomposition structure of the original signal s.

-'mln' handles threshold rescaling using a level-dependent estimation of the level noise.
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