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[Abstract]

Using the acoustic features of speech, important social and linguistic information about the speaker
can be obtained, and one of the key features is the dialect. A speaker's use of a dialect is a major
barrier to interaction with a computer. Dialects can be distinguished at various levels such as phonemes,
syllables, words, phrases, and sentences, but it is difficult to distinguish dialects by identifying them one
by one. Therefore, in this paper, we propose a lightweight Korean dialect classification model using
only MFCC among the features of speech data. We study the optimal method to utilize MFCC features
through Korean conversational voice data, and compare the classification performance of five Korean
dialects in Gyeonggi/Seoul, Gangwon, Chungcheong, Jeolla, and Gyeongsang in eight machine learning
and deep learning classification models. The performance of most classification models was improved
by normalizing the MFCC, and the accuracy was improved by 1.07% and Fl-score by 2.04% compared

to the best performance of the classification model before normalizing the MFCC.
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I. Introduction
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II. Preliminaries
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. Machine Learning - based approach
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2.2 RF(Random Forest)
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3. Deep Learning - based approach
x| 3R} 0lAl @l A= So] HojoA Yy 7|8k
7Mg] ABEU skl gl Tad ne

R o H

‘geton 139
Wshe 24 %’%‘ 5% 9
Aol 2gate

1 QeH15, 16, 17, 18, 19].

3.1 DNN(Deep Neural Network)
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3.2 RNN(Recurrent Neural Network)
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33 LSTM(Long-Short Term Memory)
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3.4 GRU(Gated Recurrent Unit)
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3.5 1D CNN(1D Convolution Neural Network)
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III. The Proposed Scheme
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Fig. 1. System Architecture
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2.2 Deep Learning Model
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3. Performance Evaluation
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Table 1. Table of Confusion

Actual
True False
T True Positive False Positive
: rue (TP) (FP)
Predicted - -
False False Negative | True Negative
(FN) (TN)
A . TP+ TN (2)
Ceuracy = TP+ FP+ TN+ FN
L TP
Precision = TP+ FP (3)
TP
Recall = W (4)
i om X
Fl— score — 2% Precision < Recall (5)

Precision+ Recall
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2. Comparison of MFCC Extration Method
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3. Classification Model Comparison
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Fig. 3. Precision, Recall Graph according to MFCC Extration Method
Table 2. Table of Classification Model Performance
Accuracy Precision Recall F1-score
SVM 60.08 55.25 60.08 56.80
RF 63.93 63.17 63.93 61.39
DNN 61.21 60.42 61.21 59.09
RNN 59.48 56.46 59.48 56.50
LST™M 59.63 56.84 59.63 57.10
Bi-LSTM 62.94 57.11 62.94 59.65
GRU 61.72 56.29 61.72 58.42
1D-CNN 6151 60.07 61.51 58.80
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Table 3. Table of Classification Model Performance with Scaled MFCC

Accuracy Precision Recall F1-score

SVM 64.02 62.69 64.02 61.73
RF 64.50 63.97 64.50 62.02
DNN 65.00 64.49 65.00 63.43
RNN 63.66 58.05 63.66 60.29
LSTM 64.56 63.39 64.56 61.42
Bi-LSTM 61.84 58.47 61.84 58.47
GRU 62.62 56.99 62.62 59.28
1D-CNN 64.23 58.80 64.23 60.84

702 WOEC Yod o YH FoHE Bi-LSTM,
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AU kg YU FUSE RNN, LSTM wiuct

4. Classification Model Comparison With
Scaled MFCC
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Fig. 4. DNN Evaluation Graph with Scaled MFCC

V. Conclusions
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