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Compressed sensing-adaptive regularization for reconstruction of magnetic resonance image
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Abstract: The current Magnetic Resonance ( MR) image reconstruction algorithms based &‘!sted sensing ( CS-
c

MR) commonly use global regularization parameter, which resulis in the 1
edges and smooth the noise at the same time. In order to solve this pr% sed 0

sensing, the reconstruction method that used the sparse pnors

proposed. Nonlinear conjugate gradient method was us
parameter was adaptively changed during the iter tlv%
simultaneously smooth the noise, making co

the regularization parameter to improve the

that the proposed method can effectively rest,
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ge edges and smooth the noise.

or reconstruc annot restore the image

regularization and compressed
l@ ors of MR image in combination was

g t e opfitnged procedure, and the local regularization
nzatlon parameter can recover the image’s edge and

the definition region. The prior information is involved in

ponents of the image. Finally, the experimental results show
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