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Sparse Penalty Constraint Leaky Least Mean Square
Algorithms against Impulsive Interference

YAN Guojie,LIN Yun

( Chongqing Key Laboratory of Mobile Communications Technology,
Chongqing University of Posts and Telecommunications, Chongging 400065 , China)

Abstract : The leaky least mean square ( LLMS) adaptive filtering algorithm converges slowly when the identi-
fied system is sparse. Especially when the noise is non—Gaussian impulsive interference ,the performance of
LLMS algorithm deteriorates severely. To solve the problem that the convergent rate becomes slower because
the system is sparse,the cost function of the conventional LLMS algorithm is improved by the two penalty
functions , the reweighted zero—attracting( the log—sum penalty) and reweighted €, —norm( RL1 ) , respective-
ly. To address the problem of the impulsive interference,the iterative functions are improved by introducing
the sign function. Simultaneously,the simulations are made for the proposed algorithms to prove to be better
performances compared with existing leaky—style algorithms in the case of impulsive interference.
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Fig. 1 The learning curves of the four algorithms

under Gaussian interference
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