Electromagnetic Brain Imaging:
A Bayesian Perspective
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Sparse Bayesian Learning
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Bayesian L,-regularized minimum-norm solution
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L, regularized minimum-norm solution
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Adaptive Beamformer
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Recursive Null-Steering (RENS) Beamformer
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Kumihashi [, and Sekihara K (2010) IEEE Trans. Biomed Eng.57:1358-65.



Bayesian Factor Analysis (BFA)
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T iHIE F R E A DYLEER : Partitioned Factor Analysis (PFA)
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Nagarajan SS et al. (2007) Stat. Med. 26, 3886—3910



(EBRHETE ~DYLGE : Saketini Algorithm
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Saketini Algorithm (scanning algorithm)
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Zumer JM et a/ (2007) Neuroimage 37:102—-15.
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