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Using ICA to Extract Features from High-Dimensional Scientific Data
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Abstract Independent Component Analysis (ICA) is a linear transformation based on high-order statistic properties
of the sample data. It has been widely used for image processing and Blind Source Separation (BSS). This paper in-
troduces ICA to the field of scientific data mining and proposes a framework of ICA feature extraction. Furthermore,
we give an efficient algorithm —FastICA and explore the application of proposed framework on high-dimensional sci-

entific data. Experiments show that ICA is suitable for feature extraction and performs better with higher accuracy

than other traditional ways in the field of scientific data mining.
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