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Initial Convergence Detection of Blind Equalization Algorithm Automatically
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Abstract - MCMA(modified constant modulus algorithm) accomplishes blind equalization and carrier phase recovery
simultaneously. But, the error level of MCMA is not zero when the equalizer converges completely. Because the MCMA
uses a special signal point instead of a original signal point. MCMA-DD(decision-directed) improves the steady-state
performance but the performance of equalizer is decided by switching time between the MCMA and the DD. In this
paper, according to the residual ISI(intersymbol interference) of the equalizer output, the most suitable switching time is
decided automatically.
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