Denoising source separation
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Source separation is often used in signal processing but it can be exploited in feature extraction as well.

Denoising is frequently used for enhancing signal characteristics.
We show that denoising combined with sphering produces effective source separation algorithms.
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The aim is to use Hebbian learning (PCA, correlation based) to identify the sources: biologically plausible, fast algorithms exist,
online versions possible. Denoising enhances the desired signals, but the original variance structure dominates if the denoising is
not very precise. Sphering removes the variance structure. — Even slight denoising renders the correct direction identifiable with
Hebbian learning. Denoising can exploit for instance the time structure or the non-Gaussianity of the sources (which leads to ICA).
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