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Abstract: In modern society, speech recognition technology is emerging as an important technology for identification
in electronic commerce, forensics, law enforcement, and other systems. In this study, we aim to develop an age clas-
sification algorithm for extracting only MFCC(Mel Frequency Cepstral Coefficient) expressing the characteristics of
speech in Korean and applying it to deep learning technology. The algorithm for extracting the 13th order MFCC
from Korean data and constructing a data set, and using the artificial intelligence algorithm, deep artificial neural net-
work, to classify males in their 20s, 30s, and 50s, and females in their 20s, 40s, and 50s. finally, our model confirmed
the classification accuracy of 78.6% and 71.9% for males and females, respectively.
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30s, 50s, and females in their 20s, 40s, 50s.
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(Unit: Person) 20s 30s 40s 50s
Male 17 20 - 11
Female 19 - 20 18
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Fig. 1. Development of Age Classification Algorithm Using Korean Speech Based on Deep Learning.
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Table 2. Performance comparison of age classification model
in reading speech corpus of Seoul words.

Accuracy (Unit :%)

Dataset
Random forest Deep neural
network
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(20, 30s, 50s) b1.8 8.6
Female 44.62 71.9

(20s, 40s, 50s)
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