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Abstract

The recently developed sampling theory, ‘compressed sensing” is gathering huge interest in MR reconstruction area
because of its feasibility of high spatio-temporal resolution of dynamic MRI which has been limited in conventional
methods based on Nyquist sampling theory. Since dynamic MRI usually has high redundant information along temporal
direction, this can be very sparsely represented in most of cases. Therefore, compressed sensing that exploits the sparsity
of unknown images can be effectively applied in most of dynamic MRL This review article briefly introduces currently
proposed compressed sensing based dynamic MR imaging algorithms and other methods exploiting sparsity. By comparing
them with conventional methods, you may have insight how the compressed sensing based methods can impact nearly
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every area of clinical dynamic MRL
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Fig. 1. A comparison of PSF pattens of regular
sampling and random (incoherent) sampling
pattern.
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Fig. 2. Gaussain random sampling pattern of k-t
FOCUSS.
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