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& Additional sparsity constraints taken into account.
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Synthetic data , ~ Real data Numerical experiments

v_ Filter lengths: Py =4, P =4 (J = 2)

o
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50F | \E - v_ Tterations: 10000 (stopping if ||y[i+1] — MH < 10_6)

1007 ' A ] v_ Constraint choice: 5;7“ b= — 0.05 and £t = 0.0001 Y(7,p).
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100 200 300 400 M-band dual-tree | 9.82 | 9.37 | 7.01

Observed data z

50+ S Pri mary \\
100r / .

SNR for the estimations of y and s in dB considering different
wavelet transforms F' and three noise levels.
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v Adaptive filtering with convex optimization
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50 100 150 200 250 v' Efficiency of the low-redundant M-band dual-tree.
Estimated 7 by 1D method
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