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Abstract: This paper proposes an easy algorithm for finding
filter algorithm using orthogonal input signals. The proposed

tapped-delay-line (TDL) filter coefficients in an adaptive
algorithm can be used to obtain the coefficients and errors

of a TDL filter without using an inverse orthogonalization process for the orthogonal input signals. The form of the

proposed algorithm in this paper has the advantages of being easy to use and similar to the familiar recursive

least-squares (RLS) algorithm. In order to evaluate the proposed algorithm, system identification simulation of the

11"-order finite-impulse-response (FIR) filter was performed

. It is shown that the convergence characteristics of the

learning curve and the tracking ability of the coefficient vectors are similar to those of the conventional RLS analysis.

Also, the derived equations and computer simulation results ensure that the proposed algorithm can be used in a similar

manner to the Levinson-Durbin algorithm.
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Fig. 2. Algorithm processing structure.

Table 1. Summary of the proposed algorithm.
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Fig. 3. Learning curves for proposed algorithm with S/N=-20

dB. (a) Learning curve of the proposed algorithm and the RLSL

filter and (b) learning curve of RLS algorithm and RLSL filter.
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Table 2. Mean values
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of E[ﬂ)} with various S/N ratio.

Classific. W wq Woy w3 Wy Wy We wy wg Wy Wy
Opt. value 1.0 -0.5 1.5 -1.3 2.7 2.3 32 -3.0 3.5 4.0 -3.8
-60 dB  1.001139 -0.500434 1.501584 -1.301236 2.702838 -2.302298 3.203319 -3.003041 3.504274 4.004094 -3.804210
-30 dB  1.001023 -0.500449 1.501804 -1.301599 2.702866 -2.301939 3.203087 -3.002968 3.504262 4.003903 -3.804104
-20 dB  1.001254 -0.500905 1.502210 -1.302121 2.703207 -2.302385 3.203978 -3.003562 3.504466 4.003721 -3.803945
-5 dB 0.999222 -0.502209 1.503217 -1.302608 2.705588 -2.303794 3.208567 -3.007067 3.506572 4.002217 -3.801812
Table 3. The average value of E{ﬂ)] accord. to the filter order mismatch.
Classific. w, w, Wy wy wy w w wy
Opt. value 1.0 -0.5 1.5 -1.3 2.7 2.3 32 -3.0
-20 dB 0.991537 -0.509616 1.525823 -1.307416 2.690024 -2.289809 3.164931 0.096068
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