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An Autoregressive Parameter Estimation from Noisy Speech
Using the Adaptive Predictor
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Abstract

A new method for autoregressive parameter estimation from noisy observation sequence is presented. This
method, termed the AP method, is a result of an attempt to make use of the adaptive predictor which is a simple
and reliable way of parameter estimation, It is shown theoretically that, for noisy input, the parameter vector
computed from the prediction sequence is closer to that of the original sequence than the noisy input sequence is,
under the spectral distortion criterion, Simulation results with the Xalman filter as a noise reductionn filter and real
speech data supported the theory. Roughly speaking, the performance of the parameter set obtained by the AP
method is better than the noisy one but worse than the EM iteration results. When the simplicity is considered, it

could provide a useful alternative to more complicated parameter estimation methods in some applications.
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KF Type| & 3 A B
Scalar p 4 | 10 4 10
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AP | 9157 | 9.475 | 8591 | 8843
EM-1 | 9.237 | 9.400 | 8.701 | 8.922
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Table 2. SNR at the Kalmam Filter Qutput (for colored
noise)

KF Type| & % A B
Scalar | {(p,q) | {4, 10) [(10,10) | (4, 10) |{10,10)
Noisy | 8.461 { 8240 | 8.032 { 8.079
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Vector | (p,q) | (4, 4) [(10,10) | {4, 4 (10,10}
Noisy | 8.078 | 8490 | 7.698 | 8.272
AP 8.543 | 9.290 | 8.084 | 8.950
EM-1 | 898 | 9877 | 8409 | 9321
Ideaj | 9.535 |10.805 | 8.923 | 9.974
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