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Abstract We propose a high-quality MR image reconstruction method using both of an adaptive orthogonal dic-
tionary and a pre-trained redundant dictionary. The adaptive dictionary exploits the orthogonality to accelerate the
reconstruction speed, and the pre-trained dictionary adopts the redundancy to precisely reconstruct high-frequency
components of the magnitude image. The image reconstruction process is further accelerated by using the so-called
BCCB (Block Circulant with Circulant Blocks) structure of a matrix, which appears in the process. Simulations
using real data demonstrate the effectiveness of the proposed method by comparison to conventional methods.
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