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ABSTRACT
S 4
& g2113
Compressive sampling, also known as compressed sensing, is a new sample-
then-compress framework that overlooks the classical Shannon/Nyquist theorem.
This method is a linear combination scheme which is proved to be done by solving

¢, -minimization problem. Afterward, it has been developed into iterative reweighted

algorithm presenting closely sparse solutions, however, there is no an intelligent rule
to define the weights automatically. Thus, in this research, we would like to purpose a
new hard selective weighting function and a corresponding hard selective reweighted
(HSR) algorithm which are used to compute the weights by referring a number of
original zero entries. In general, all of original components are possibly not known so
that a new proposed automatic adaptive reweighted (AAR) algorithm is designed to
cope with this problem. The numerical experiments show comparatively that HSR

and AAR algorithms outperform ¢ -minimization can substitute for the former
reweighted ¢, -minimization. Furthermore, both of these algorithms are applied to

magnetic resonance imaging (MRI) images.
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