i&
)
4

Check for
updates

Journal of KIIT. Vol. 16, No. 3, pp. 11-16, Mar. 31, 2018. pISSN 1598-8619, eISSN 2093-7571 11
http://dx.doi.org/10.14801/kiit.2018.16.3.11

A2 29 FAEFE Y3 A2EY HSrdo 93 SA
EA =z

|

[rad
ol
*

A Speech Feature Enhancement Technique by Cepstral Noise
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Abstract

Recently, it is emphasized the importance of robust speech recognition and speaker recognition under noisy
background environments. In real environments, the performance of the speech recognition is significantly degraded
because of the effect of heavy background noises. Thus it is necessary to implement a noise-robust speech
recognition system for the practical use of the speech recognition. Therefore, this paper proposes a speech feature
enhancement technique by a cepstrum noise model using Wiener filter that suppresses noise in the frequency domain,
and a spectrum smoothing method. The proposed technique extracts speech features with noise suppression by MFCC
and LPC, and classifies the speakers of noise-contaminated speech by using error backpropagation neural network. In
this experiment, speaker classification rates were improved about 14.86% for white noise and 6.36% for car noise
compared with conventional methods, after speech classification experiments are performed using speech signals
contaminated with white noise and car noise.
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