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ABSTRACT

To obtain good recognition performance of speech recognition system under background noise, it is very important
to select appropriate feature parameters of speech. The feature parameter used in this paper is Mel frequency cepstral
coefficient (MFCC) with the human auditory characteristics applied to Wiener filter method. That is, the feature
parameter proposed in this paper is a new method to extract the parameter of clean speech signal after removing
background noise. The proposed method implements the speaker recognition by inputting the proposed modified
MFCC feature parameter into a multi-layer perceptron network. In this experiments, the speaker independent
recognition experiments were performed using the MFCC feature parameter of the 14th order. The average recognition
rates of the speaker independent in the case of the noisy speech added white noise are 94.48%, which is an effective
result. Comparing the proposed method with the existing methods, the performance of the proposed speaker
recognition is improved by using the modified MFCC feature parameter.
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Fig. 3 Proposed speaker recognition algorithm using
MFCC applied Wiener filter in noisy environment
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Table. 1 Recognition rates by MFCC for white noise

e Speaker dependent Speaker independent
speaker Correct Error Correct Error
rates[%)] | rates[%)] | rates[%)] | rates[%]
S1 98.79 121 93.68 6.32
S2 98.38 1.62 94.19 5.81
S3 100.0 0.00 95.57 4.43
Average 99.06 0.94 94.48 5.52

Table. 2 Average recognition rates of conventional and
proposed algorithm

Speaker independent
Correct rates[%)] | Error rates[%]

Feature

MFCC in Ref[10] 86.67 13.33

Multitaper in Ref[10] 90.00 10.00

Proposed Alg. 94.48 5.52
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