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Abstract

Least mean square adaptive algorithms have played important role in radar, sonar, speech processing, and mobile
communication. In mobile communication area, the convergence rate of a LMS algorithm is quite important. However, IMS
algorithms have slow and non-uniform convergence rate problem. For overcoming these shortcomings, various variable step
LMS adaptive algorithms have been studied in recent years. Most of these recent LMS algorithms have used complex
variable step methods to get a rapid convergence. But complex variable step methods need a high computational
complexity. Therefore, the main merits such as the simplicity and the robustness in a ILMS algorithm can be eroded. The
proposed deterministic variable step LMS algorithm is based upon a simple deterministic function for the step update so
that the simplicity of the proposed algorithm is obtained and the fast convergence is still maintainable.
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