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Abstract

This study primarily aimed to develop an automated stuttering identification and classification method using artificial
intelligence technology. In particular, this study aimed to develop a deep learning-based identification model utilizing the
convolutional neural networks (CNNs) algorithm for Korean speakers who stutter. To this aim, speech data were collected
from 9 adults who stutter and 9 normally-fluent speakers. The data were automatically segmented at the phrasal level using
Google Cloud speech-to-text (STT), and labels such as ‘fluent’, ‘blockage’, prolongation’, and ‘repetition’ were assigned
to them. Mel frequency cepstral coefficients (MFCCs) and the CNN-based classifier were also used for detecting and
classifying each type of the stuttered disfluency. However, in the case of prolongation, five results were found and,
therefore, excluded from the classifier model. Results showed that the accuracy of the CNN classifier was 0.96, and the
F1-score for classification performance was as follows: ‘fluent’ 1.00, ‘blockage’ 0.67, and ‘repetition’ 0.74. Although the
effectiveness of the automatic classification identifier was validated using CNNs to detect the stuttered disfluencies, the
performance was found to be inadequate especially for the blockage and prolongation types. Consequently, the
establishment of a big speech database for collecting data based on the types of stuttered disfluencies was identified as a
necessary foundation for improving classification performance.
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£ o3k
(Van Riper, 1972). ¥H5-2 2ag], 374, @@e] o5 = A4
W] 52 HHa(repetitions)©| L 91 (prolongations), 2F3l(blockings) 7+ &Y A 0% ol H MR = S, A 5 A
7z 3].

3} g AYE o) 2 AT FAYE FOZ Fojo] BFo]  MAPAOT AA olojHE WS B YL B

* This research was supported by "Regional Innovation Strategy (RIS)" through the National Research Foundation of Korea(NRF) funded by the Ministry of
Education (MOE) in 2023 (2022RIS-005).

** kdmis@cku.ac.kr, Corresponding author

Received 17 November 2023; Revised 12 December 2023; Accepted 12 December 2023

(© Copyright 2023 Korean Society of Speech Sciences. This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-

Commercial License (http://creativecommons.org/licenses/by-nc/4.0) which permits unrestricted non-commercial use, distribution, and reproduction in any

medium, provided the original work is properly cited.

Jin Park - Chang Gyun Lee / Phonetics and Speech Sciences Vol.15 No.4 (2023) 71-80 71


https://crossmark.crossref.org/dialog/?doi=10.13064/KSSS.2023.15.4.071&domain=pdf&date_stamp=2023-12-31

SN S e A ok AdFe] B dE
o} o] gk 3} vl S T E] 7R 8Eel 7]
S(primary behaviors) == WS Hui B AFRO]
Fol71° 353 5 (universal behaviors) . %2 EE]7| %
(Shim et al., 2022). AW+ © 2 2] 5 H7H= ML v o 7]
W g2 2h kg A4 0 2 e 3ke] 43 ¥ Ui Tichenor
et al.,, 2022). 3FAIHF H7F Fae) 9lo] 71 A QA7+ HrkAL 7)
A1 2] E(reliability) 217} oF7]2 < S THKully & Boberg, 1988;
Yaruss, 1997). WehA W5 E7}e] §lo] 2 QA7 TEA]7]
HA L FAof F7Fe] AR =E 21 E 4§l weto] M 5}
oh @ Zoleh /A 0 2 B Aol S HAEe) &
A dlolElE F8t A AT 7N 5 daEES NSt o]

o fal
3 BOES AFHOE AAsE YL DA 5

=)
o o

F

o]
=

}_

T =2 o

(e}

[e

i
=) rlr
O

o]q}x%gioi]

_?_

o] NAEES B8 24U s Ak A
A dlole] =4, &4 dlolEl A A 2](pre-processing),
A 9, 7AIskE A9, AR e A dAR
91 H(Sheikh et al., 2022). WA 34 vlo]E]i= #pits} =
FAE ol A stk st iksksl dol s 3hxke
A%, Bl 28 s Bl o] P E QI o] %
dlo]g A @Al 54 Hlo|ElE 7] S (transcription)
15 AFsA 0% 27e 5 Al Aolgha] ahej(ofl, Tl
)2 2 (cutting) ¥ FA E L HIFAd ol of
St 2l Y (labeling) 2+<1-S sk T 3t /E He & vl
39 Avd S 5H (N, Ao, Tk, IF, EHE F
347, MFCCs(mel-frequency cepstral coefficients), LPCCs(linear
prediction cepstral coefficients) 5= F&3I3th 729 F 7}
71AI8s Al E FEE 5HES v'Y2E ANN(artificial
neural network), HMM(hidden Markov model), SVM(support
vector machine) 2] 7145 LElES B3 25 AE A
H7](classifier) & THFIH HEH 02 271 dlo|EHAlS 3
A EB5S Bo 3 AT} A7) 9 A5 7 Z(verification)
3T
AA7HA AFA 5 71 A8 E& 53 s As 2Eef o
gk oheket A7 3 AT ol o], Howell et al.(1997)=
12‘34«1 DU F A oHs) Y E3tE TR sko] WHga A
=l ﬂﬁﬁﬂ]ﬂxl(energy peak) 712} g3t Z](mean duration)
E4& FE38) ANN 22l 7]
& s

%0,
5
H

ook o T orfr 4y 2 R

_g\ﬂoiﬁﬁ
o

—W m[n

m offt
o rﬁ

aAck. Rav1kumar ctal. (2009)01%1 15752 “E‘Ei—“— @r%}(
= WoE MFCCsE 5% SVM B2 g8l 54
gt 45 2 WAl g askelc o] 52 548
gy A4S skl on, A5 A, 94.35%2] vl A =&

2 R &) vl w2 2 Mishra et al.(2021)~> MFCCs
ANN E g5 7|Rko = stof 339t vl ek(S,

]‘mr_?';}
o o oL
2 2 2

k1 ol
N

fot
g O

w0

o

=
=

o

= i} 86.67%2] =S B3
o] X =Hl, wAILE

Sheikh et al.(2022)°]] w2 7] 7412‘* = 5% Ey

Aol oA 54 Holel A= Sl &%
Aoz Wy 34749 Ak 7188l MFCCs7} 12
1A daF o 2 SVMIF ANNO| 2z 67107 F72
SFEHUTS & T Atk T3 VAEGS B8 UUE Abs
2o glo] 54 Hlo|Ele] FE3 Ryt F o, 11719 A
A&l E°] UCLASS(University of College London’s Archive of
Stuttered Speech)U LibriStutter Data®} 22 570 HlolE] Al

0] -8-3}7] = 3F3A T UCLASS 2] Z-9-¢lli= 1007] ©]/d2] A 2
U5 23hZ R, dhdof LibriStutter Datat= 507 9] 25 3}
2] F 20713 ol o] el MET F7E 34 F(synthesized)
s AZE A H ] Tt s Sl E dolHAlS Fgt

ATES P £ S L o) RS Yot Y vlo]
A
o

Ol-ﬂ r‘&

dfo Ulﬂ
1>
Mk o

gg
O

[
o A

R

N

O

A¥olgtE AlgHd % 1Y 5 QltkJo etal., 2022).

FHTole dTAFEY e =7 R E i 3 o]
B #5o] 71534 CNN(convolutional neural network)S
Ao el 54 A AAkElEe] BALE ATk (cf. Bhushan et
al., 2021; Fang et al., 2019; Jo et al., 2022; Prabhu & Seliya, 2022).
o3t AFEL F=E Aol A4S FH317] 98 CNN &
FUSR 29 BAEE S S0 £Ra,
5 £, Jo et al.(2022)& F5 ol
o) 2 482 $13) ONN 253} 7]
$5 A%l tg Aahe, So g
RIS A AT BF A3, A7 8540) FIES
el T) 523k Bhushan e =
Faba vl AR W, 19, 9
off i A A W& TRkl on, Fotins 89%E Kl
SHAT. ANN, SVMe] o] A4 7eel CNNE sleid &
nElEe) o Felw AztshE &4 dolE R RE 548 253
g FeR %ﬁﬂ i Reisoih %(convolutlonal layer),
(pooling layer)&
ekd A4 (fully—connected layer)—o‘ 2
—r(actlvatlon function) & A3 4 A5 &

31 31t Goodfellow et al., 2016; Lee, 2017
@,Qi o]a{s}CNNOl“la] 3:18_6]—
Z gl BEol® ok ”LHC ?@VP% 1’41*0 O Hlfy
Gelo] AHF A0 S ATk wot ves] §38) D
Ol 2Fe] o] el 2318 Yk A (Bhushan et al., 2021)
oh= 2] g ske) v Ul S v /RS W, A

2, Bel e A A e R, el wanA sk,

=
E
~
o
@
Z

<
H
1

Hﬂ
_?L
0
i
n)
g
I
l
> = N
ruE rle )
N A T
m o
@, o mlo
[o 2 m&% 4= m
N g o e g
= N oo oo
[o rg 1 oo

1A

oL

2. 26 & &4 HolE

21. 24 Elole e
AT el AHEE 2L WHlE 4 9 9, B

72 Jin Park - Chang-Gyun Lee / Phonetics and Speech Sciences Vol.15 No.4 (2023) 71-80



A 344, FFTA} 5.324) I s 9 (A 97, Hd
374, BEHEAF 7434 S Yo A He] FAE Y EFe)
ol 34 dlolHE 3Tt gefrtol A f3A AAKP-FA-L,

Shim et al., 2010) 23}, 973 2] W& A} 7k-dl =557 2+
Z} A8k(severe)©] 5, &3t % T (moderate) 7} 27, 2F&H(mild)©]
2o R -lﬂ7]'ﬁo'“:]' I7AEE F 1439184 E IS
g 87 FEY 7 ARGF-HE EEITKPark et al,
2015). FH52 ~x%al7}5 thste] 57 AdAelx AAE
a1, 54 A1 &5 16 bit, 44.1 kHz = 3E3}810] WAV T 2 A
skl
O =2 QI71FE ] WAV 39 S tlolEE o84
4(E, AR A"E 3tk o]E 3l Google Cloud
STT(speech-to-text) Al A~ E1S E-8-3lo] ThojH 2 4145 Al
A|3HATE o] A Thelo] Bl AE R 014 A] B AE T2 o
PAREZE 7|F 07 HA SA4 tolH & ofd d9= &
Dttt ofd @91E S AY A, P4 gkt

Bt 144014, AR L3O Hebdal, TS Sk
133014, BEHA 12318 vebdth & o) @Rt 143014

2 A Ak A AW o o] A Vel e Q1A A &=
= O %ol A" A2 3wy, U F shxke] A9 1339
AR A4 02 e R Ayt F o) @R} v LEL
AR A 23 st B s =)
< E% Al 7% sAkR Y 2 E sk
g}qltﬂ—/‘ 01041:]. tl:s]- o /\1 Z—]
ko] 73 11070 2 76.923%% VFEFS L,
£ 109702 76.224% =2 LEFRITE Q12 HEhe
IME 22 BAS AAEI T o] st A
oA 2bE sl E 918 WU 3hA; 2 Fod sk
I OAIS ]/\]_o]_l 101,]_& o:]—!—oﬂ o]

=22 0 =2
= 2ol wlasl

o >}'_,

i

T
&
B
o
FH
N

2 L
W
3L
lls
=
1=
T
ally
A
-

o oﬁ

flo

9
_O,>N

2

o

o,

rO

1

=

ot oX M\
o o_|>j,

mlo

1=
i)

ol

ot

2

1o

al

HE
rlo
2
NN
2

%
o0
20
N

S I\
o
o
Ao

o e
M 1 o
{

fo Ay 12

N
2 2 ox rr
>

lo &

i
2L o
e
|o
!
dle
oX,
o
E
Tj
paY
ol ¥
ﬁod

o
ey

e

>

N
ol

4,
e
o B
dlo —O_:V_(‘L
ox fr
Z gy M
£
1t
zie
S -y
o T
X

| mlo _Q
o
>,

ol
o,
9

N e u1)

e oX

o N

)
¥2
&
i)
i)

L= =4 ]
QXH%L*}U%} ixm) 3U§o1 Zoalen}. apal

b nm oo 3 n
)
2

¥ 1. 295 34 54 tolH HolHAE 74
Table 1. Frequency of fluent and stuttered disfluencies and its overall
rate in the audio dataset

Type of stuttered disfluencies | Frequency | Overall rate (%)
Fluent (F) 477 87.5
Repetition (R) 37 6.8
Blockage (B) 26 4.8
Prolongation (P) 5 0.9
Total 545 100.0

2.2. 573 "ol AA g

=4 dlolE] "AAEE P E ere dolHE V|Ee R
AAE 2t @ HolE 54 EAlol xl-sshHA] dgst
7] wjioll X Z(amplitude) 2t A7 H(time) 0.2 %= 38 3
ge] vlolHE 7|59t 2t HolE = 53 vlolHe| 1
a8 of ] FakErE Aol A A H Tk ol g 54 dlolE
oA E4-5 7] 913l MFCCs, Chroma, Mel Spectrogram “5-2]
el 54 F= ol EE-5AUrHGarg et al., 2020). MFCCs+

B4 HIOIEls] oA S e A A 59 5

1
oI = A 74'%‘%lﬂ}‘*‘e‘%’fﬂwmz 24 H
O]Fj% ;ﬂx% E]—O_]'7] -r] 5H Python Librosa E]—O]l:_]“tﬂ a% /\]_%__5]_0:1
MFCCs HloJH 2 Wk, FHE310.

tlo]E] W3k A] MFCCs 2] 7% dlole] 53 <] /& F&l+
= B Q) n_mfccs 10002 5lo] Thofst SAAEH S 55
S 7 UEF 3R, AT 25 E T 9 o jIg)st
7] 913l A= 2 o] E(sampling rate, sr)i= 16 kHz= A7J35}L
AR E A dolg g 2715 %57] Agt gEtulERl n_ i

4000 %2 )H;H o].oﬂl;]_ om]_x% o= X]—Oﬂoi ;qa;\] S x %_% 25 ms
A715 AHEEH] wliZoll sroll frame lengthS 3t ak= Wk S}
STt T © 2 hop_length+= it Abo] o] H3 S YER = vl 7
HEE 10 msE 7202 3tar Qo] sr& Whdske] 16022 A
QA o]} o] lojshA] w92 3, Wk, 1,
o7 Py E WAVH OB S 19 13} Zo] 834 540
1ol A 5345 5317] 913l Python Librosa 2Fo] B2 g]
R MFCCs H|o|E & A2}3}5k o)) #] Hlo|E| 2 W ghkato] 2} &
H, o] 2 ofm]«] Hlo|E 2 A 2] ske] A8tk

1 ‘1
nw:ih |

'* f"J {

s i !

F

33 1. &4 .2 Hlol¥ MFCCs A1 A3K e, ‘A8 etar, F, 7 R,

HEEL B, BHE))
Figure 1. The visualized data (MFCCs) for the audio sample (e.g.,
‘kimdAgrerago’; F, fluent; R, repetitions; B, blockages)
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Table 2. Results of the classification performance

Types of fluent
and stuttered Precision | Recall Fl-score | Accuracy
disfluencies
Fluent 0.99 1.00 1.00
Blockages 0.75 0.60 0.67 0.96
Repetition 0.71 0.77 0.74
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