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ABSTRACT

Recently as voice authentication function is installed in the system, it is becoming more important to accurately
authenticate speakers. Accordingly, a model for verifying speakers in various ways has been suggested. In this paper, we
propose a new method for verifying speaker verification using a Short-time Fourier Transform(STFT). Unlike the existing
Mel-Frequency Cepstrum CoefficientsMMFCC) extraction method, we used window function with overlap parameter of around
66.1%. In this case, the speech characteristics of the speaker with the temporal characteristics are studied using a deep
running model called RNN (Recurrent Neural Network) with LSTM cell. The accuracy of proposed model is around 92.8%
and approximately 5.5% higher than that of the existing speaker certification model.
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Table 2. The comparison of different methods

model Accuracy
LCN(20] 82.6%
CNN(21) 83.1%
LSTM(22) 86.0%
3D-CNN(23) 87.3%
our method 92.8%
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