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FMRI Blind Sotrce Separation Based on Non-Negative Constraint K-SVD

ZHU Ling-Chen, ZENG Wei-Ming, SHI Yu-Hu
(Information Engineering College, Shanghai Maritime University, Shanghai 201306, China)

Abstract: In recent years, the K-SVD algorithm has gained more and more attention in the studies of functional magnetic
resonance imaging (fMRI) data analysis. In this research, we propose a new method of blind source separation based on
non-negative constrained K-SVD (NK-SVD). Firstly, we initialize a dictionary matrix randomly, apd use orthogonal
L\
matching pursuit (OMP) to obtain a sparse vector matrix. Then, we use NK-SVD to update the dictionary matrix and
sparse vector matrix. Furthermore, we solve the dictionary matrix pseudo inverse to obtain the brain functional activation
areas by multiplying by the original data. Finally, we apply the proposed »meth(.)‘d to both simulated data and real fMRI
data, where the correspondingly experimental results demonstrate ﬂ'le effectiveness of the proposed one, having better
performance in comparison with the conventional algorithms. .

Key words: blind source separation; K-SVD; sparsity; non-negativity
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