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A Study on the Voice-Based Emotional Classification Model

for Senior Healthcare
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Abstract

In this paper proposes an emotional analysis model for the elderly for senior healthcare based on a
Korean speech dataset that is emotionally classified. The proposed model used pre-processing techniques
such as noise removal, speech normalization, and pronunciation purification to overcome speech
characteristics such as unclear pronunciation and slow speech speed in the case of the elderly in a given
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dataset. For the development model, the accuracy of emotion classification obtained using Area Under the
—

Curve (AUC) as an evaluation index was 85%. These results suggest an accurate and effective approach to
the classification of speech emotions in the elderly, and can greatly contribute to healthcare by

understanding the emotional state of the elderly. In addition, these research results are expected to open
new possibilities in the field of voice emotion classification in the elderly and to be of great help in

related research and practical applications.

.
o

s

XtAHO] X 2|(Natural Language Processing, NLP)=

JE!

E

of, CHeb AIABIDE 22 Qlztap 7|A Ztel X0 QIHIE0|AS JHESHO At

A Study on the Voice-Based Emotional Classification Model for Senior Healthcare

C

M_u
o2

_ll_
ou

o

7

2
[}

CHE

=
=

b

CH ot

=5
o

= CE o
o &

—

AMICh

(¢]
P

b

o
o
—

C

=20] sHHO| A0 O

Ofe| oI55

=
e

= CISES
ot OjXIS =gt &

|

(¢]
P

A
o

J

b

| -

=)

H
[

LC ZHZ20= 2=
[e]]
=

[oJE

MHe

Hot 29 7|8 oAtxSO0[ 7t

oln

i

AL of

=
=

PHOIR| B#ELICE ofof 2t 22|

A

oH
%0

1

A2

A
L

b

25

o Q17 Chstet QAL

7
—

A 2lA

(¢}

o
=2
A
=

=}

7|9t QIEH|0|AE Sl

A

.1

Ae FHE 72 AgUCh of 2

ol2fgt 7|zl B2 AlL0] A ZOIE F

392



Journal of Next-generation Convergence Information Services Technology
Vol.12, No.3, June (2023)

Aol dEE BHGD SRY + ASUCH W2t 4 7|8 48 27 ZE2 S0 Het
SHA A8 &= U= AHHO|AE HMS3ta, Lolof AFS Ofdstn &2 He Hes & =+
A= 7|90l g + AUt

Aol 2| ZoroME CHst 48 27 2ZES0| WEHSHL of RES2 HAE [HOo[H
Z b2 48 2Fe R 7K 2230 tistol &

FetL(C.
2.1 SVM (Support Vector Machine)

SVM2 A& stg 12|85 & otUz, F2 0T 27 Mo AEEL(C). svm2 H|OoJH 22
7 =2
=

=

0|8 @8l svM2 Z[Cf OFf(Maximum Margin) =75 &L

0|2 A2z, SvM2 O|F Z|Ciestol 2/F2| oFdds /LT
AL

F 2gs =2og £+ AFLCL

[ 1] SvM Z|cH OpXloj| e 27

[Fig. 1] Classification by SVM maximum margin
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[Table 1] Model accuracy evaluation using AUC
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