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Abstract

For sparse system parameter identification problem under non-Gaussian noise environment, the least mean
square/fourth ( LMS/F) algorithm based on proportionate update scheme, namely PLMS/F, is proposed. The
PLMS/F algorithm with the mixed square/fourth error criterion (including higher order term of error) has advantage
of solving non-Gaussian problem. In addition, it has good tracking ability via the introduced proportionate update
scheme which adjusts the step size of each weight parameter according to the weight change feature at instant time.
A threshold adaptively update approach is developed to further improve the performance of the PLMS/F algorithm.
Furthermore, we perform the mean and mean square convergence analysis of the proposed algorithm. Taking the
FIR system parameter model with sparse feature as the object, the identification under the non-Gaussian environ-
ment is realized by using the proposed algorithm. Simulation results show that the proposed PLMS/F and BCPLMS/F
algorithms can identify the model parameter efficiently, and have lower steady-state misalignment and stronger ro-
bustness in comparison to other algorithms.

Key words: proportionate update, least mean square/fourth ( LMS/F) , system identification, non-Gaussian

noise
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