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ABSTRACT

In the area of the speech recognition processing, background noises are caused the incorrect response to the speech
input, therefore the speech recognition rates are decreased by the background noises. Accordingly, a more high level
noise processing techniques are required since these kinds of noise countermeasures are not simple. Therefore, this
paper proposes an algorithm to distinguish between the stationary background noises or non-stationary background
noises and the speech signal having short time duration in the noisy environments. The proposed algorithm uses the
characteristic parameter of the improved speech signal as an important measure in order to distinguish different types
of the background noises and the speech signals. Next, this algorithm estimates various kinds of the background noises
using a multi-layer perceptron neural network. In this experiment, it was experimentally clear the estimation of the
background noises and the speech signals.
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Fig. 1 Proposed improved speech feature extraction
method by Wiener filtering
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Fig. 3 Proposed multi-layer perceptron network
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Table. 1 Analysis conditions of input speech database

8 kHz
12th LPC cepstrum

Sampling frequency

Method of analysis

Analysis window Hamming window

Table. 2 Learning conditions of multi-layer perceptron
network

Number of input layer unit 12
Number of hidden layer unit 30
Number of output layer unit 5
Coefficient of training 0.2
Coefficient of inertia 0.5
Convergence determination error 0.001
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Fig. 4 The outputs for LPC cepstrum coefficients in the
case of white noise

Fig. 5 The outputs for LPC cepstrum coefficients in the
case of car noise
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Table. 3 The comparison of noise classification rates
for the conventional method

Signal and noise Classification rates (%)
type Ref[4] Prop. Impr.
Speech signal 94.3 % 98.4 % 4.1%
White noise 92.7 % 96.3 % 3.6%
Colored noise 91.6 % 94.5 % 29%
Print noise 90.5 % 93.0 % 2.5%
Car noise 92.5 % 94.6 % 2.1%
Average 92.32 % 95.36 % 3.04 %
100.0%
s00% 1 mRef[4]
80.0% + m Prop.
70.0% +~ Impr.

60.0%
50.0% -+~
40.0% +~
30.0% +
20.0% +~
10.0%
0.0% +

Fig. 6 The figure of noise classification rates
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