’m Check for updates

Journal of KIIT. Vol. 22, No. 1, pp. 131-138, Jan. 31, 2024. pISSN 1598-8619, elSSN 2093-7571 131
http://dx.dot.org/10.14801/kiit.2024.22.1.131

EllA= 9%k MFCC 717k et w3 257 U

Mo 2wl ofAFTL«2

, o

rlo

VRS

ol

)

MFCC-based Audio Quality Classification Method for Forensics

Young-Eun Seo*!, Sang-Geun Ahn*’, and Hae-Yeoun Lee**

This work was supported by the National Research Foundation of Korea(NRF) grant funded by the Korea
government(MSIT) (No. RS-2023-00242116)

[0 e]
4 =

A, AHERJIME, B3t 5 Tt RofolA ereof &&o] el metM, O 5d4E Brlske] &8
she ol FaAL Jnk 53], eHe A FokillM er Q] ugEF} AFE S A& B V]
=2 BHAC =3 deolgE ERshet 7l9dth & =R e P H DenseNet 7|9 54 Ef{ BdS
ol 2t A4S Adste HE AT 3% T erjeE Yo, MFCC(Mel-Frequency Cepstral
Coefficients)& ©]-&-8f 229 A& EA& F23911, HYH DenseNet 2o 2&st 52 dcho] &ga}

54¢ %
Stk 9] HolBAs AAH o ST orleE A
2

43tel AEE FHSAT. NN ZES A3t S
o 86.7% A}=E HYou, A Wy ]

DenseNet Z@-& AMS319 S uf 9% AFEE 2A3ATH
Abstract

As the use of audio increases in various fields such as communication, entertainment, and security, it is becoming
more important to evaluate accurately its quality and apply. In particular, the technology to quickly determine the
high and low quality of audio can contribute to classify illegal recording data in the field of audio forensics. In this
paper, we propose a method of determining the audio quality using a modified DenseNet-based audio quality
classification model. When audio in units of 3 seconds was input, the 2D feature of the audio was extracted using
Mel-Frequency Cepstral Coefficientst MFCC) and applied to the modified DenseNet model to determine audio quality.
Experiments were performed using domestic and foreign datasets and audio collected in-house. Although the accuracy
of the CNN model was 86.7%, the proposed modified DenseNet model achieved the accuracy of 94%.
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