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Abstract

The convergence properties of Burg algorithm, which is commonly used to calculate the
reflection coefficients in the adaptive lattice filters, are studied in this paper.

Applying the u algorithm to Burg algorithm, a new adaptive lattice 1 algorithm is
derived and it shows that the convergence speed of this algorithm is higher than that of
Burg algorithm.

As 2 result of theoretical analysis and computer simulation, it is proved that the con-
vergence speed of the proposed algorithm is remarkably higher than that of Burg algorithm
when the convergence speed of Burg algorithm is low.
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