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ABSTRACT

Least-mean-square(LMS) adaptive filters have proven to be extremely useful in a number of signal processing
tasks. However, LMS adaptive filter suffer from a slow rate of convergence for a given steady-state mean
square error as compared to the behavior of recursive least squares adaptive filter.

In this paper, an efficient signal interference control technique is introduced to improve the convergence speed
of LMS algorithm with tap weighted vectors updating which were controled by reusing data, which was
abandoned data in the Adaptive transversal filter, in the scheme with data recycling buffers. The computer
simulation show that the character of convergence and the value of MSE of proposed algorithm are faster and
lower than the existing LMS according to increasing the step-size parameter p in the experimentally computed -
learning curve. Also we find that convergence speed of proposed algorithm is increased by (B+1) times
proportional to B, where B is the number of recycled data buffer, without complexity of computation. Adaptive
transversal filter with proposed data recycling buffer algorithm could efficiently reject ISI of channel and
increase speed of convergence in avoidance burden of computational complexity in reality when it was

experimented having the same condition of LMS algorithm.
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Fig. 8. MSE learning curves of LMS Algorithm with

number of taps M=11, step-size parameter u=

001, eigenvalue spread y(R)=11.1238 and

recycling data Buffer B=0, 2, 4, 9
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