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A speech endpoint detection method in low SNR environment

BU Yuting', ZENG Qingning', ZHENG Zhanheng'
(Guilin University of Electronic Technology, Key Laboratory of Cognitive Radio and Information Processing of Ministry of Education,
Guilin 541004, Guangxi, China)

Abstract: Endpoint detection technique is one of the key techniques in speech signal processing. In order to improve the
accuracy and robustness of endpoint detection in low signal-to-noise ratio (SNR) environment, an endpoint detection
algorithm based on non-stationary noise suppression and modulation domain spectral subtraction combining with
power normalized cepstrum distance is proposed. Firstly, the algorithm suppresses non-stationary noise and uses mod-
ulation domain spectral subtraction to eliminate residual noise, so as to improve signal-to-noise ratio and reduce speech
distortion. Then, the power normalized cepstrum coefficients of each frame signal are extracted. By calculating the
power normalized cepstrum distance between each frame signal and background noise, a robust endpoint detection
parameter is obtained. Finally, the double threshold method is used to perform endpoint detection by using this param-
eter. The experimental results show that the speech frames and noise frames can be effectively distinguished by endpoint
detection algorithm. Furthermore, the proposed method achieves better anti-noise robustness for different types of noises
even in a low SNR environment.

Key words: low signal-to-noise ratio (SNR); transient suppression; modulation domain; power normalized cepstrum
coefficient; cepstrum distance; endpoint detection
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Fig.9 The endpoint detection results of the method in Ref. [2]
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Fig.10 Endpoint detection results by multiband spectrum
subtraction combined with cepstrum distance method
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Fig.14 Accuracy comparison of endpoint detection by different
algorithms in white noise environment
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