Voiced-Unvoiced-Silence Detection Algorithm using Perceptron Neural Network

Jae-seung Choi’

ABSTRACT

This paper proposes a detection algorithm for each section which detects the voiced section, unvoiced section, and the silence
section at each frame using a multi-layer perceptron neural network. First, a power spectrum and FFT (fast Fourier transform)
coefficients obtained by FFT are used as the input to the neural network for each frame, then the neural network is trained using
these power spectrum and FFT coefficients. In this experiment, the performance of the proposed algorithm for detection of the
voiced section, unvoiced section, and silence section was evaluated based on the detection rates using various speeches, which are
degraded by white noise and used as the input data of the neural network. In this experiment, the detection rates were 92% or
more for such speech and white noise when training data and evaluation data were the different.
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Table 1. Detection rates for the speech data.

(a) #ME2o Z=2(In the case of voiced section)
2=

Eas B} T3t HEE(%)
golg | Holg | 4% | TS | B
M1 92.1% 79% | 0.0%
M1 M2 89.3% 99% | 0.8%
F1 876% | 112% | 1.2%

(b) FAME2 ZA<=(n the case of unvoiced section)
2=

Eas 37} 1t HEE(%)
diolg] | "oy | #8% | s | 5%
Ml 9.4% 90.0% | 0.6%
M1 M2 116% | 871% | 1.3%
F1 129% | 85.2% | 1.9%

(c) 2252 ZA=(n the case of silence section)

Sher B} T3 AEE(%)
giolg | dlelg | #48% | s | 5&
M1 08% | 11.0% | 832%
Ml M2 1.7% | 129% | 854%
F1 21% | 148% | 83.1%
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Table 2. Detection rates for the noisy speech data.

(a) FME2 Z=2(n the case of voiced section)
BN

iRy 37} T A& %)
dolel | ey | 8% | ¥8% | 55
F1 86.3% 13.2% 0.5%
F1 F2 82.5% 16.2% 1.3%
M2 81.6% 15.9% 2.5%
(b) FME 2 H=2(n the case of unvoiced section)
5 37} T AEE%)
dolel | "oy | #48% | ¥8% | 55
F1 15.5% 83.8% 0.7%
F1 F2 18.0% | 80.2% 1.8%
M2 18.4% 79.3% 2.3%

(c) 552 d=(n the case of silence section)

sy 37t TR AEE(%)

HolE | HelE | 4% | PAE | H&

F1 09% | 176% | 81.5%

F1 F2 19% | 200% | 781%

M2 23% | 207% | 77.0%
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