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In speaker verification based on LPC analysis the prediction residues are ignored and LPCC (LPC cepstrum)
are only used to compose feature vectors, In this study, LPCC and RCEP (residual cepstrum) extracted
from residues are used as feature parameters in the various environmental speaker verification, We propose
the weighting function which can enlarge inter—speaker variation by weighting pitch, speaker inherent
vector, included in residual cepstrum, Simulation results show that the average speaker verification rate
is improved in the rate of 6% with RCEP and LPCC at the same time and is improved in the rate of 2, 45%
with the proposed weighted RCEP and LPCC at the same time compated with no weighting,
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Fig. 1. The block diagram of residual cepstrum extraction
by Fourier transform.
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Fig. 3. Prediction residue signal of the word, “an-nyoung-
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Fig. 4. Total frame average residuat cepslrum by Fourier
transform {speaker A).
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Fig. 5. Total frame average residual cepstrum by Fourier
transform {speaker B).
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Fig. 6. The total frame RCEP.
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Table 1, False speaker verification rate using LPCC as
parameters.
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Table 2. False speaker verification rate using RCEP as

parameters.
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Table 3. False Speaker verification rate using LPCC as well

as RCEP as parameters at the same time,
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Table 4. False speaker verification rate using weighted
RCEP and LPCC as parameters at the same time.
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