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Stochastic delay-tolerant adaptive filtering via variable step-size

Lai Ruhuan, Yang Yihui, Yun Shiwei, Wang Liwei, Zhang Chuanwu, Guan Sihai’
(College of Electronics and Information, Southwest Minzu University, Chengdu, 610225, China)

Abstract: In practical adaptive filtering systems, stochastic processing delays and heterogeneous measurement noises, such as
Gaussian noise and impulsive noise, are commonly encountered. However, existing variable step -size least mean square
(VSSLMS) algorithms typically assume a delay-free system in analysis. To address this limitation, we propose a stochastic
delay-tolerant robust VSSLMS algorithm. The proposed method leverages two key advantages of the Squareplus function.
Firstly, it's inherently smooth, which stabilizes gradient estimation under time-delayed conditions. Secondly, it's capable to
suppress nonlinear interference arising from multiple types of noise distributions. We theoretically analyze the algorithm's
mean square error (MSE) and steady-state MSE to evaluate its performance. Furthermore, system identification experiments
are conducted via simulation to verify the effectiveness of the proposed algorithm. The experimental results align well with
the theoretical analysis and demonstrate superior performance compared to existing adaptive filtering algorithms.
Consequently, the proposed algorithm not only achieves better steady-state performance but also exhibits enhanced robustness
in the presence of stochastic time delays and diverse types of measurement noises.
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Fig.1 A visualization of Squareplus with different values of the b hyperparameter, as well as the first deri-vative
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Fig.2 A visualization of,u(n) based on a modified Squareplus for different values of a and b
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Fig.4 A comparative analysis of the tracking MSE
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