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Abstract

In this paper, we propose an approach for dialect classification based on the speed and pause of speech utterances as well
as the age and gender of the speakers. Dialect classification is one of the important techniques for speech analysis. For
example, an accurate dialect classification model can potentially improve the performance of speaker or speech
recognition. According to previous studies, research based on deep learning using Mel-Frequency Cepstral Coefficients
(MFCC) features has been the dominant approach. We focus on the acoustic differences between regions and conduct
dialect classification based on the extracted features derived from the differences. In this paper, we propose an approach of
extracting underexplored additional features, namely the speed and the pauses of speech utterances along with the metadata
including the age and the gender of the speakers. Experimental results show that our proposed approach results in higher
accuracy, especially with the speech rate feature, compared to the method only using the MFCC features. The accuracy
improved from 91.02% to 97.02% compared to the previous method that only used MFCC features, by incorporating all
the proposed features in this paper.
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2.2. Mel-Frequency Cepstral Coefficients(MFCC)
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2 A A= rvADel 2 AYE 4 34 AIHES]
132} MFCCE AH8-3F31 ). 523 MFCCREE-2 418 71 (Kim &
Kim, 2021)8} 77 HA 2 Z42E2] Hl(bin)oll thall 8 w4k -3t
o ARE-SFGTE 19 4+= 2 Aol AHS-E MFCC B+t 54
& 7ok S B2 8 alolth HrstEA] 9 MFCC
SA4EE Hed 2dS ARgshd o o8 A= R, MFCC
9] 3h& Brslete] 502 AMEE A TR HUF 2ol

@

QolX ek 3HS 7H 5 9leh ma S e st
ool G2 WA ki Al ¥ Bl ow ue

9IERE 38 1A 1 9.

AF I ALO
248 dw Ol8 Al
oJA T
| %%IOH MECC
AW AU L MFCC B

MFCC, Mel-Frequency Cepstral Coefficients.

I3 4. MFCC B2 54 % 34
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RF 0.896 0.910

SVM 0.657 0.672

MFCC, Mel-Frequency Cepstral Coefficients; VAD, Voice Activity
Detection; GBM, Gradient Boosting Machine; RF, Random
Forest; SVM, Support Vector Machine.
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Table 2. Accuracy of models based on used featuers

] MFCC (13) | New (4) | New+MFCC (17)
LightGBM 0.903 0.933 0.955
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MFCC, Mel-Frequency Cepstral Coefficients; GBM, Gradient
Boosting Machine; RF, Random Forest; SVM, Support Vector
Machine.
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