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A Study on Least Mean Fourth(LMF) and Least Mean
Squares-Fourth(LMSF) Blind Equalization Algorithm
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ABSTRACT

In this study, we derived LMF-Sato, LMSF-Sato complex blind ¢qualization atgorithms for complex data. And then. the
convergence rates, the convergence characteristics al the steady state and the stability of the proposed LMF and LMSF
blind equalization algorithms ar¢ compared with those of LMS-Sato blind equalization algorithm. In simulations with
16-QAM data, LMF-Sato and LMSF-Sato algorithms showed better performance comparing with LMS-Sato algorithm
generally. When the initial estimation errors of the weights of the equalizer arc large, LMF-Salo algorithm showed ill
characteristic in stability. However, LMSF-Sato algorithm has good covergence characterislics and preserves robustness.
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