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Blind Source Separation Method Based on Negative Entropy and
Intelligent Optimization Algorithm
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Abstract Aiming at the problem of slowing the convergence and facing local optimization of Shuffled Frog Leaping Algorithm(SFLA) update
strategy, this paper proposes a update strategy of adaptive threshold selection is raised. Kurtosis and negative entropy are used as a measure of
non-Gaussian in Blind Source Separation(BSS), but kurtosis is sensitive to outliers affecting performance of BSS, it researches a criteria of negative
entropy based on Particle Swarm Optimization(PSO) algorithm and SFLA. Simulation results show that the proposed BSS of negative entropy has
significant performance improvement over BSS of Kurtosis and BSS based on SFLA has better performance over BSS based on PSO.
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