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Abstract

Various blind source separation (BSS) and independent component analysis (ICA) algorithms

have been developed. However, comparison study for BSS/ICA algorithms has not been extensively
carried out yet. The main objective of this paper is to compare various promising BSS/ICA
algorithms in terms of several factors such as robustness to sensor noise, computational complexity,
the conditioning of the mixing matrix, the number of sensors, and the number of training patterns.
We propose several benchmarks which are useful for the evaluation of the algorithm. This
comparison study will be useful for real-world applications, especially EEG/MEG analysis and

separation of mixed speech signals.
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Table 1. The rank of each algorithm in the
comparison problems.
Pl vs. (GFLOPS vs. No(source)  pj vs,
Pl vs.| Pl vs. ..
No | Less than | More than | No(training
SNR | Cond(A)
(sowrce)| 40 sources | 40 sources| Patterns)
NSS-TD-JD | 1 2 1 1 3 1
Fast ICA 3 3 3 2 2 3
Flex. ICA 4 1 2 4 4 2
CI(BSE) 2 3 4 3 1 4
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