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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

1. Related works
shat QAle 940 R HE shajo] ANE Alohfe 7%
< ojujstc}. 27 aixt A, aiA} A5, 8t 1S V1A
2 Ukt e Al Fojnl g4oz rihel &
B 5 o g9 shE A 7leold, At 452 017

2730l 7P<l A= %*é EO‘OW 7455}5 7]%017

o
L 94 QAN de) AH8
ole} HAS OO A

-
=
=
£ =
EI
[>
J‘-iu'
|m
o
rulo
Sl
1% 62
ol
on
K%
Wi
rLH>|'
o
_JllTl
d
In T

o
c
o
-1
g
ﬂ[?
[
>
rr
glo
P~
glo

ot

3

Mo

=

=

[

r2 o

>

o

ok fijo >
-
e
ol
ol
rlr
o =1
oS,
sk
M=o
H
o
>

glo
oz,
o
fas
o

Y oo J
rb o
)
>,
o

wo go r

[P
3

2 2
A1gstol BRI Aol 24 =7

[-vectorS £%3lo] PLDA(Probabilistic
Discriminant Analysis, &84 A3 ohd BA)2 AlS
slo] ¥l @ RIS B23H}H5-7]. o]& [-vectors
DO 23 Q302 Hol AlLRel S350
8], Tol 22014 84 =42 B 5 clort W

o2 8% =2 UBol A2 GMM, SVM, RFS} 2

77 stao] mEleE Basti9. 10).

[e]]

N

. Machine Learning - based approach
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2.2 RF(Random Forest)
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3. Deep Learning - based approach
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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

1. System Architecture
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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



Performance Comparison of Korean Dialect Classification Models Based on Acoustic Features 41

£ =RoE 57k Zefad) st £5 Ajlolog
7b Zaj o] sgshs lojEje] Jjao) THER]|E Zof
T2 o= '@ o g 471K A|BE A
IV. Experiments
1. Dataset

(¢}

2 =wollAe Al Hubol|A Algshe skl tist 37
tlole] MES Atgsto Bd 3kt HAES 23830}
[22]. =1l g} 3/ HlolE] ME: gh=olo] Uit tist
S9E AR AARE HeElkshs AEAls 7]
MBCS} EBSQ] uf4-ZEI oA 2
g, o], W 50| JuE 2pEg
AEE 9ol XA HlojE] AlEojA]
Kﬂ$ x99 H*Od% Alelsta A&/7%471, BY. 38, 4
A Metz 29 5710 g 54 dlolg of 19k 14 7}
S Yo FEs5to] 7:39] "2 Y HojE<et HAE
Hol82 o] ARSolgiT). w2y 7hast oell 145
95l 4 Hlo]Ejol|A} MFCC EAJRES Z&5t0] whol &
7S Y5t 42 dojEl= Algsto] Ayt

C
I 0

ﬂJl
-

u

d|

o
]
_O'l_:
R
It
T3
E
ox

MFCC EZE & Precision H| 1

2. Comparison of MFCC Extration Method
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3. Classification Model Comparison

Table 2= B MFCCE o|gslo] B8 RElg 523}
A /52 vlugt Anpolt}, 871K &/ 22 & 714 oF
59] 9 & RF7F A&te 63.93%, Fl-score 61.39%%
71=35}al, Precisiond} Recall A|# 2% 7V =2 s
2 7|3t e U RS 2e) RF} ofe) 2%
Ejo] QMR gelo] 2o]r] Tigo] g o] F

[¢]

MFCC 522 Recall H| !

. niE mEZ . [FEN E-F=
o7 07
06 0.6
05 05
04 04
03 03
02 02
0 — 0 . _——
MErE7 zd =4 Y Hat g7 el dat
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 61.51 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
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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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