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Structured Noise Analysis for Functional Magnetic Resonance Image
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Abstract: A nonparametric fMRI data noise analysis procedure is proposed in the paper. The fMRI noise is classified into
sructwed and wstructured noise by their temporal characteristics, and their impacts to efficiency of statisgical tess are discussed sepr
arately . The canonical correlation analysis technique is exploited to extract the underlying structured signals from which the neural
response signals are picked up by surogate test based on reduced auoregression model. The temporal autocomelation of unstructured
noise is eliminated by the randomization method without changing the spectral power. The sgectral power of noise in low frequency
range descends and the “ white noise” assumption applies better after the application of the procedure. Two kinds of simulation data
sets are generated and to which the F- test based on multitaper spectral analysis is applied to tes the validity of the technique. Twerr
ty sets of fMRI data are then processed and some task related areas go undetected in original data are gotten.
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