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(A Study on the Optimum Convergence Factor
for Adaptive Filters)
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Abstract

An efficient approach for the computation of the optimum convergence factor is proposed
for the LMS algorithm applied to a transversal FIR structure in this study. The approach
automatically leads to an optimum step size algorithm at each weight in every iteration
that results in a dramatic reduction in terms of convergence time. The algorithm is
evaluated in system identification application where two alternative computer simulations
are considered for time-invariant and time-varying system cases. The results show that
the proposed algorithm needs not appropriate convergence factor and has better
performance than AGC(Automatic Gain Control) algorithm and Karni algorithm.which
require the convergence factors controlled arbitrarily in computer simulation for time-
invariant system and time-varying systems. Also. it is shown that the proposed algorithm
has the excellent adaptability campared with NLMS(Normalized LMS) algorithm and RLS
(Recursive Least Square) algorithm for time-varying circumstances.
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Table 1. Filter coefficients I.

h(l1)=  .00000005 =h(21)
h(2)= .00000002 =h(20)
h(3)= —.07568268 =h(19)
h(4)= —.00000002 =h(18)
h(8)= .06236592 =h(17)
h(6)= .00000000 =h(16)
h(7)= .09354896 =h(15)
h(8)= .00000000 =h(14)
h(8)= =.30273070 =h(13)
h(10)= —.00000002 =h(12)
h(11)= .399995990

2 "Hegl A 0

Table 2. Filter coefficients 1.

h(1)=  -.00000002 =h(21)
h(2)= .02443853 =h(20)
h(3)=  =.02338721 :=h(19)
h(4)= =-.08226114 =h(18)
h(5)= =.05045511 =h(17)
h(6)= . 00000000 =h(16)
h(7)= =.07568266 =h(15)
h(8)= -.19194270 =h(14)
h(9)=  -,09354894 =h(13)
h(10)= .21994670 =h(12)
h(11)= .40000000
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