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The Quadratic Stability Property of LM S Algorithm and Robust LM S Algorithm
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Abgtract:  The dahility property of LMS dgorithm (leas mean square dgprithm) and the desgn of robugt LMS agprithm are
dscused in this paper. The g¢andard LMS dgorithm is tranderred into a gandard sate equation form o di screte-time sygem. Then its
quadratic gability property is andyzed by linear matrix inegudity technique. Owning to the noise dften emergng in input and measure
o filter ,a robug LMS adgorithm ,in which convergence ,robugt gahility and robugt property are dl consdered ,is developed. In the
end ,amulation results are presented to support the andys s and to conpare the performance of the robugt dgorithmwith the usud LMS
dgorithm. They show thet the dgorithm isfeagble.
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