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Abstract Traditionally, a method of directly using the characteristic value of the Fourier analysis has
been used to distinguish voice and music. However, if deep learning is used, it is possible to distinguish
voice and music with an end-to-end method without the need for the process of characteristic featuring.
The data used in this paper are about 3.89 million voice and music files extracted from a domestic
music broadcasting (FM 89.8MHz). The transmitted sound is divided into 5-second units. Breaking down
sound into 5-second increments is applied because music fingerprinting generally uses 5-second
increments to distinguish sounds. The CNN analysis, a deep learning analysis technique, was applied to
these data, and transfer learning was performed using existing image learning models. An accuracy of
about 89.6% was obtained in the existing learning model without increasing the complexity of the deep
learning model. In addition, while using the confusion matrix, the error of judging voice as music was

12.3%, and the error in judging music as voice was 12.2%.
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Fig. 1. Mel spectrum of Cactus(A191% in korean)
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Source : Toward data science
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Table 1. Accuracy trend according to the number
of training

epoch 8 A% 27 e
0 0.311237 0.290136 0.884785
1 0.301692 0.288071 0.883131
2 0.297452 0.283172 0.888093
3 0.286648 0.282540 0.890298
4 0.264098 0.281176 0.890298
5 0.270169 0.280967 0.893054
6 0.244241 0.275080 0.895259
7 0.243506 0.278776 0.895810
8 0.241784 0.276585 0.896913
9 0.245924 0.271669 0.896362
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Fig. 3. Learning time and confusion matrix
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