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Convergence Characteristics of LMAD Blind Adaptive Equalization
Algorithms in Impulsive Noise Environment
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ABSTRACT

In this sudy, we derived LMAD-Sato and LMAD-CMA blind equalization algorithms for comlpex data. And then, we
investigated the convergence characteristics of LMAD-Saio and LMAD-CMA algorithms, including the conventional
LMS-Sato and LMS-CMA algorithms, under additive impulsive noise environment. In simulation with 16-QAM data, the
LMAD type algorithms showed more robustness than the LMS type algorithms of the convergence characteristics for
impulsive noise. We also proposed a normalized LMAD-Sato and a normalized LMAD-CMA blind equalization algorithms.
Simulation results showed that the normalized type algorithms have better convergence charactedistics for the additive
impulsive noise than the LMAD-Sato and the LMAD-CMA algorithms.
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