creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

A Study on the Segmentation of Anatomical
Structure in Emergent Endotracheal Intubation

Using Deep—Learning Algorithm

2023d 24€



AE #ZF Sungwan Kim

o] ¥R FHAAL HAEROE ASY

2022d 129

Agdgy oshg
4577 lol 2 dA Ul A E

H s A
A5A49 THAA FAEES A2
2023d 19
3 Sungwan Kim ()

A4 z 7 $ (D)




o

ATl A

A

Aol

Mask R—CNN, Deeplabv3+, Z18]3 U-—Net
t}. Mask R—CNN

L.

T

]_
1

ol
2%

°

3y

o] miaa g e 3o

)

1

_'

I Ao B S ] s o
Z

O
aE z

o
T

| —

R

AT
ol

o

e

&lo] segmentatione %l

2

S

:T_L

H#d S o] &3] segmentation

o1e] 7hef wi

°o]-&

segmentation

7z}

)

e

HE

=
=

Mask R—CNN R2e] A=z 7} 3

DeepLabv3+, U—Net =49}

<
T

o]

= dice similarity

2 9% B A%
7l AHH

%!

Jlo

0

B
file}

NJo

A

ol
Jo

0

WS T olE 9 I frames

L
T

shit.

[}

3

2 AHg

3
ar

coefficient, detection® 2!
per second= H7} A

o|J

\._A.wé

Ho
T

e

w3

A7}

3o

°©

Sk
=

hyA
sl

=
=

= onA]

45

e,

i=]
=

24

R

=0

<

o) %]

TZE2] segmentation©]

™

‘._mvﬂo
i

Nm

o] H



718 W Ak ARE3sE Al 2~F )

=i
=

75

< El
T

]

A

%

3%

F29o] 1 {4, 7]

:2021-27700

Ll

oig
o

ii



A1l &AA B et reeee—aaee——aeen——aran—aaan—aaran——aaa 1
AT A AT M L BT e, 1
A2 A AT B A e, 2

Al 2 F IO B Aot eeeeeeeeeeeeeeeessanessenneesesneasssnneesennnns 4
A1 A G HOTE T L A e, 4
Al 2 A A HOTE AR e 4
A3 A HOTE O B e, 7
Al 4 A HOJEZ HIOTE] H T e 9
A5 A H O E A A e 10

A 3 & " L= USRNSSR 12
Al T A R T e 12
A 2 A DeeplLabv3+2} U-Net &2 85 314 . 16
A 3 A Mask R—=CNN E& 85 I e, 21
A4 A A AN BIE HH e 25
A 5 A B2d s H7FE 93F Configured Mask R—CNN Edl2]
B A ] e 27

| e R~ 1) OO 29
A1 A B AN BT AT e 29

A5 &A1 B e rea e raaa e araaaraaaaaraaaarn—aaaan—aaaa 41
AT AT AT T e 41
A 278 SEAA L B BB e 48

A6 & 4 B ettt ee et eeeeeteeeetuaaatan—atan—.tar——atrnaaaaanns 50

A D S ACE e ueiiiieieeeeeeeeeeeeeneeesaeasnsnsneeesasasnsnsnsessasnsnsnsnsnssnsnsnsnses 55

i M 2}



¥ 53t

[£ 1] 717 W A dolHAY T4 . e, 11
[¥ 2] EfficientNet 2&o] thd 948 ojw| X9 HH=........... 18
[ 3] DSC #71 ARE ol &3] 249 H5< vlud 27...30
[¥ 4] 299 F+ZE& ¥ accuracy, sensitivity, 131

SPECIfICILY Z T ..iriieeieeiireee e eerrre e e e e erraee e e e enennas 37
[ 5] 2% Zdd 5 F7HE AT A" T4 39
[£ 6] 2d9 HAE A st AA" H FPS H|A............. 40

v



2% 53

[Z38 1] F&A omAE FE37] A% 73 RS RAFE

| T = PP PORPPPPPSPPRPPRRP 6
[ 2] 713 U AFo] 98 | APEHE= Fo st oA o]
T ] e e e e e e e et e e e e e e e ee e e e e aeaeaaa e aeeaannaaeeaaannnes 6
[ 3] BlOTE A S A] OJUR] . iiiiiiiiieeeeeeeeeeeeeeeeeeeeee e 9
[28 4] dolE® 2 HolEE A3ty 1d o AAY viA=a
OJu]R] FAE TEEE T it 10

[Z1¥ 5] Instance segmentation®} semantic segmentation o3t
oJA] o]u]X], Instance segmentation= Z}7] & AAE EIH
= WbAY] semantic segmentationS FAJE AA o] il 3t
MaskE EHE . oo 14

[Z28 6] Mask R—=CNN 2O FLZ. iiiiiiiiiiiieieeeeeeeeeeeeeeeeeenn 14

[21¥ 7] Mask R—CNN< o] &3t A7 AAZFA A,
Configured Mask R—CNN< Mask R—CNN &533 A AZF
AL AFE v yets 98 /19 vtAa g 49 mlAIZE =

= A4S ARA g8 E2E AU e 15
[2¥ 8] EfficientNet—B5&DeepLabv3+ E22] X, ... 19
[2% 9] EfficientNet—B5&U—Net 2] FXF. ....coeveenenes 20
[2¥ 10] Dice similarity coefficient loss®l|A] TP (true

positive), FP (false positive), Z18]3 FN (false negative)©] ¢
n)dte 998 el 18, Ba¥E ground truth vtA= S &
o, =L FEL T ¥oiX wkr3, 173 e
ground truth FtAI S FES F3 dojA nlAII} HXE 99
S T e eeeeeeeeeeeeeeeeeaeaaaeaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaans 21
[18 11] a9 b= B2 FEFL T3 U vfAF o]u|A], c=
2499 g olu|x, FEFd FZRE ds A2 MY wAIT)
G=old F Q. IFY JI9LE& 5 JUE 99 F............ 23
[2" 12] &5 A AF AS 53 2S5 lossE T3t F3 A
St FZE I FES FI FoA vAIES Y vpAF
Z WEF olF 53 AF lossE T FA. 1Yol EAE
2 AA ZES YUBER] e 24
[2¥ 13] Configured Mask R—CNN 2499 output "}AIE F

v



AYE T3 EdL EE Y9 nlAIE YEE #F. I3
FEAE 2 AA 2 YEBR] e 28
[2™ 14] JY o)n|X|o] Yt 2 d ¥ FES F3] oA v~
T ground truth TR T oo 31
[Z2™ 15] UY oln|x|o tgt 2 d ¥ FES F3] oA v~
T ground truth TR T oo 32
[2¥ 16] Detection E2-& F7to A& WS E43H
Tdo] FZES AT F Q= vfAIE UE=AE FRIF)
AT S WFERE I8 et 34
[29¥ 17] EfficientNet—B5&DeepLabv3+ 229 ground truth
AT} FEE T3 4R upA3 7He #AE B S =
B B B it ———eaaaaaeeaaaea———————————————————— 35
[2%) 18] EfficientNet—B5&U—Net 249 ground truth =}A
39 FES F& dojA wlA3 19 BAE Fd IR E=
B i eeeeeee e e et ettt u———————aaeeeeeeetennn—————aaeeeeeeaernnnnn——aarrrerannas 35
[Z2¥ 19] Configured Mask R—CNN E#9] ground truth =}4
38 FE2S Ed dojA utA3 79 BAE FI A E=
B B ittt eeeeett—eeeeetu—eaeettaa——arettan—aeaetna—aeaernaaaaaaaas 36
[Z2¥ 20] Configured Mask R—CNN R #l9] EyA/nfA3 AlF
T 79 99X 9 W& dice similarity coefficient ¥ &S YErA

B = 45

[71¥ 21] EfficientNetB5&DeepLabv3+X2 €2 ulA T AlFE
22 AX)o] & dice similarity coefficient &S Yebd 1.

1

................................................................................................. 46
[18 22] EfficientNetB5&U—-Net2 @] ufAq AT 7k o
%o @& dice similarity coefficient ¥ &S JerHd 1. ... 47

(29 23] H9 U3} NW 122 Hol A T= FAH gL
o2 W Y WAL EASE Aol W AA o)n|x. 224

B O B WEN e 48
[2Y 24] B9 FES T3 €2 A3 9<YS Labelme’}
9]S 4 A= JSON Fd=z A3 £ JEE W&, 49

Vi



A1ZdA E

A1Z2 AT WE R TF

713 W AHS S, S54A, ¥ 283 FeHda A
A%, 94 A gy 3ERAY e 5 AE

gHst7] &l AlsE= A 71+ [1]E mask ventilation©] oj &g o

T 71415 o]8€3 prolonged mechanical ventilation®] 2 &3k uj

Host7] 98 Bestrt [2]. skAINE 71 o AR AlE

Al A Aol e AFskA] Feke A &7 SRS ol Fol A A

o, 7]&ef £7o] Y & v [1, 3]. vy 74

g3l 719 W Aol olFXA = Af FFE & Kol T 71# W
Bl

s golstA ato] A A¥ES PR A e 74 5

segmentationg A|E3%t AFEo] Qv HFFEH HE A A|AHS
st A GAIZ U-Net [6] 7IHEe] RdES o]&3)] S+ o|uAl&

0] 23 glottal areas segmentation 1A} &= A7 YTk [7].

Y

transformer [8, 9] 2} convolutional neural network (CNN)E A3
S o] &3l 774 olvA oA FERES segmentationstEH = AT}

Qoo [10], Mask R—CNN [11] 249 o]u]elZ 7} JAIEe] X g

‘

[a

>

| o3t HAHE AFs’] ¢l vocal fold®t glottal regions
segmentationdti= A5 st [12]

1% U A dolEE o] &3 AT 2 segmentation®wt o}z

-1- ..-:';ﬁ-! ."'I"I '|_
¥ el



2 detection¥}

classification

bE
o

1o

ojo

el

)

o

1
i

CNN 7|HFe]  classification

3

<]

)

o
i

ol
o

Mo

cell

dlo]E ol laryngeal squamous

5 =
> 57

[14], YOLOv3

A77F AP E Y

s

S detection

carcinoma

ofi

o} [16].

5

37 =

detectiond}t+= RS 7k

K

7o %

B!

A 24

l

AN FFES segmentation

—_
file)

,.n&o

W

ofel 7]

5|
Rl

2=

3100}

segmentationd

bol Alaslo] g},

5]

°]-&

=k

e e e

A1A]

Njo
ze]
o
oF

_EH

Aol

7¥skA

=
o

o]

W
,mo

]

879)

;}L

T E

ol

ﬂo

ol
=

e



A7 el el

Az

g7

N

[e)

=

olm| Ao He]dS A 83 segmentationT} classification

o=

A

J|

3

3y

2

KN
=

segmentation

s

o

oAl

&

K

s
ol
o

-
o
HH
uy
ojiy

Mo
ze]
)
e

e

HO]— ]ﬁ )

L —
T

A5

3l dice similarity

S

‘(H
7}ell

x|

)
JO

=

=

7
shict.

Ahgs

T
=2

=

detection

(DSO),
71281 frames per second (FPS)

coefficient

W

)

PN
T

X

Hr



Al 2 % Hol"HA

A 1A I HNE 4 2 74

AT A dA7E EEAEdguEd 9 A 943
(Institutional Review Board, IRB)2] 4<21& HkIt} (number B-—
2112-725-102). A7 ZEEZLS 19759 A7) A 9 1 o]F
AE &8 7holuelE F73h AHd Foe EREA Ut d

5

W A A E Fe

o

BEoqegaudd FAA 2020d 10€ 1093 20214

19 2974 GlideScope Go (Verathon, US) 9] H|T Q2 FH& AFE-3)

7138 U Aol AdE gA F 5475 AFESY. Z99 dAe
%29 30=Z# < AVI FFAE 640 X 480 A EZ FFH Q).

Al 22 F3 oy AA g

TG omHE FEET] A VIES Fshr] Sl T el

w2} 1470¢] phase® WdE i Z} phaseo Wzt WA Z#d &

A 0.3% #ol7k EAIBES 10 ~ 20 ZH <) olnAE FE3AL,
4 A =T



11

&

3

AT (21 = &<

g 30

o ofu]

L —
R

T [22] el A

=
=

[e))]
=

&

3

ES |

WA 5 Gl

H)

I x18e Aol A oluw]A]

o] 43

£ AA S

Ptk

S

wel Aol

~O

o
N

~
file)

o}
A

o

adIF1

Rt

(15

=
=

tel 54712 &G gellA olmA]

S

Z2I9S A

A

VirtualDub [23]

A8

o] & 7}

F=4

]
=

N

C

dleje e =27]

-

o

ol

A3t Al el A

FTREMAY By FF70

7))

AN 7HA = A sl ol 1|

T4l
1o

R
G+

0

o)
o

Mol hriehe

77 ol A

879)

)

2014 #ol Hlt e o] el

il o]~

9]

HetE ojg mE ¥R

7



!
o
i

9 HgSs FaAl T 8,973%9 olwAZF FEHUC

=)
-
o)
0
K
>
i
o
i,
s
=)
Y
us

ojuj Al M oluH| 7} AR A5

1212 o7 A9 = g},

.
O Wb am xn w0 WH @0 M0 w0 %o 0w 05 0 w2 Wm0  n Mo WD o 100 10
iy, N Hghda @ « - Fame G0N K pom Ml Gh e @ & o = Frame TS (OGRS KT

~

8

6 i a0 W0 0 o eko  /wD e So 10000 106 6 00 20 0 b0 S0 e b0 0 S0 1000 1056
2y or N olgha i & 4 - Frame 5760034453 [KI By s N A Gh @ & 4 - Frame 7753 (G0K18500) K]

718 W Aol A1z A 718 o Aol Fad AA

[29 1] D&M olvAE FE3h7] 9%t 73t A& HolFs oA 19,

2020-10-11 18:51:51

—_—
O a0 b0 oo ahe e 0 a0 (G0 fd 000
B orn W i ghda & & - Fome T2 K]

T o mmmmmm )
Pin e G A & o Pl TR

713k 1) 4 ekol T b B
REE-RE

2020-10-11 18:53:36

Ammmmmmnnwmmmm:m i)

n A am sbe sbo T 1200 wim 16 1aW mim zio 20w 2
= il [ P D EETOT

N b @ & A Fame TSN 0
oxcang same 2058

eI ol ThAl 7 b B

(29 2] 719 W qbao] of2f Wl A& s = Aol that o~ Olulxl

=

. ,{;f Sy ] ﬂ T



A 3 A Holy HolEH

12} "oy A9l #e Fall 2 ol Al Aol (vocal cord),
F5 97 (epiglottis), A= (corniculate -cartilage), 123l 3
(tongue)°ll W3] Labelme [24] T Z 73S o]g3}o] 32 Ao}
ol &d e Wastt.

T =wolA AREE HolElE o] &3l HolEPol XA E = oA
12} wlole] Al9] Aol A AL]E A 92 oln| A9} non—informative &
ojmAl= #ola®ol WaAHA okodnt. #Hol=®el MAH HolE=
resection surgery® examination #<& P ASeA ZYPH

Holg7F obd S5 Asels #9499 tolHz 7|k FHe ol&E, BA

sl wolEd & dFH TxEol e FEEold ol=dl o
7HAYE R FH gxade] @A A slojof & xno®m IAH=

IS dolBY = a3 Yt 54ae U

ol 58S Ayt ZF FxEo ds&l =oF st ofgle dAS
g3ste] dol o] Ay
o A
— AYrt ®WEslA Hol: AL J|Fow folEyL
zl 8y skt



2

ik

S5 G7le} tongue base AFole] AA7E ofwistH, &

J_,:_
G= TheERe] el wel o degE B ¢

Zteof melt 24 BRY ¢ gloy JEFHo=R /-
corniculate/cuneiform cartilageZ7}#] gtdlo] gojE#H-S
s},

Corniculate cartilage® /ot AA= Ho Z&7)

(
==

7z

o

O

Wels= A do =7 577 o)



2020-11-22 19:19:57

" ‘
Yo B Tr
.. '& ..

4 :
l A 0 23:08:18 2020-11-27 03:24:08

(2% 3] HoJE| A oA A] o]u]=A].

A 4 2 HolEX HIolE A

gol&d ¥ dolH= JSON Y= AZEqdrk. AZE JSON
& Pythonl® AAE FE® AHEsto] NPY Y& deth olF
NPY #d& 9o Fx&Eo] & ojmAlo] B & QU oo AAA
PNG ¥d=2 AZAdch 2#Eo] AAY ouxE wEr] 9 Z
TxEY] A 32 Ad, &, FF YU, a2la d=el disl 60, 120,

180, ze]ar 240 =4 ghoz zpzh dAgste] A4srt =5 shsivh

8 & 495689 Zelol 2 wlaz oA el ol
Bge a9 4elA Had & Uk
o . i 1
g A =Tl 8

7 Ji.-'r_



sEs B9 doly Az

202011061615  20201106_1615  20201106_1615
29.00006png  29.00007png  29.00008png

20201106_161529_00006.nf ) 202011 1529 7.npy
2024 .00009.1 0.ny
= Va— 2 013.ny 2011 .00014.np,
20201106_161529_00016.npy 2 1529_00017.npy
20201106_161529_00019.npy 20201106_161529_00020.npy
202011061615  20201106_1615  20201106_1615
2900016png  29.00017.png  29.00018png

go] &% tolEl & 1ello] AAY ovA R

ik, NPY sl 445 dlo] e olg]

(2% 4] dol2Y © dolElE Aelste] Teo] AN vhaz ofvA S
st B

A 5 & dHolgA T4

ol ®© dHolHe o, A5, 1Yal HAE Ao® A

Zy Gdmit A7 = 34| uel  CPR(cardiopulmonary
resuscitation), VD (visual difficulty, VD), CPR&VD 1831 Others®

W= dolE" slv. CPR2 A#HAAEo] olFolAs AaelA

1% v abakel AWE A2 gelstith VD Qlelrt et e
W el EARE, del, g olEA, U Wt FOo Hray

TEES dASE W Wai7F His AlokEelr e A= skl
CPR&VDE CPR¥} VD REF 9t A9E AFstdom Others:
CPR¥} VD EF gle A5z dYsiaint. dolHAs weE7] fI8iA
WA 94k doliel 7 Ae] AU wam So 7 4 Yu=
ARG el Aolas HhE Aem uMAA RES neluc
dolEl WRal lelgon, 2 el eole nald s A4,

-10- - H ST



A% A, 297 HAE Aow BRagion BHE Ads 59
5o o4

Algo] 6:2:27F & 4 JUES aH P °lF A (32A0] 2,
2,888%), A5 A (11701, 1,177, a8 HAE A (Q1A]0] X,
8917 o= hFF Tt dolEslel] gk Ale] A

83 olm A A S 3k 194 Fels 4 Qi)

[3E 1] 7]1¥ o A dHolE Ao 4.

a5 Al As Al HAE Al

CPR 4A o) 2 1A o] 2~ 1Alo] 2~
VD 9A o]~ Ao 2~ 370l &
CPR&VD 11A10] & 4A 0] 4A 0]
Others 8A o] A 3A| o] 2~ 3A 0] 2~

& Aol 3270] & 11A]0] 2~ 11A]0] 2~
T olvA F 2,8887% 1,177% 891%

_11_



A3ZdE MW

AldEED AR

gdolEdo] ¢kmd HolHE AREE| olm[A|oA A, ¥F YA,
AZ, 1813 32 segmentations Z&sH7] 918 Mask R—CNN [11],
DeepLabv3+ [25], Z18]31 U—Net [6]= AFE-3it}

DeepLabv3+9} U—Net< semantic segmentation Tz F L3k
Za e dis 149 wAzaR m T ol sy oju Al oy
U =AVE SAsiH e R BF oshue] AAR s ds gvlsith
Mask R—CNN X =12 instance segmentation Z2ZE FAst S0
g MEAQd vAaE AT o= e ojn A oY F
A7 A NEAQ AAE xHo] Thesds EWIh ol I1¥
SollA Feler & gt

Deeplabv3+$} U—-Netd} #2& el Qe w JAlo A feature:
FE=ote FEQl encoder$t FEE feature®: AAE Fd dske

AN

JE 9d& F QJEE F+E= decoder® FAEO Qt}

-

Bdlo A= encoderolA] dolxl 5AE  decoders Edl  Hshe=
nAIE A8 £ QAW multiclass segmentationo] A 2] Fe A 7H9
T2 24O final layer® outputel] activation function! softmax
functions F3f P},

Mask R—CNN E 22 Fast R—=CNN [26] 18]3 Faster R—CNN

(2714 WA Hdolw Fast R—CNN 72|31 Faster R—CNN&

o
iz
o
o

=, Mask R-CNN< detection XK =ElofA

SR LS

detection



segmentations & F UEF TAS FPlo], YOLOv3 [15]¢ 2
A= dolgel s 1w HEe F FAA, FdA AFEE g
83 vpeY BT dojxlE= 1-stage detection EEY o E 2-
stage detection REZ 1xA o7 Ao & FF= dolds A
(E = Al A

A7V A=

il
-
Mo
ol
ol
rr
A
ey
\\[/
N
i
R
ol
ol
K
HS
1o,
i
N
2
X

o2
o

¢l ROI (region of interest) S T-3tt}, o]l
dojx ROI oA =EHol ZFA, A4, 183l ved 9As
AALSHA Fok. 297] "t 4 S el ds] A= & A=
Uz 7 A #.

Mask R—CNN X do] Fo Zg

ut

o

RS

[
=

As 4

S
2.1_:4
o
)
a4
Ir

o= 1% 604 &1 = 9l region proposal layer (RPN)O©]
71 wiEolth. RPN= &al o2l 7§e d3 FH=e AA7)
TAstH s A0 R ol v g Ut

Semantic segmentation 22 RE FAlo| g 7} Alo] oy
Sl 2ol Fal=A kAl €k sHAIRE Mask R—CNN> 2—stage
g AA7F EAE F e A F2 999 ROIE F=3H. ROI
Fel sl A vt segmentation©] 3= 7]l instance segmentation
Bl Mask R—CNN& £ d7olx ARE3sklth. Mask R—CNN&

ARG AR A AR S 1 7Y o

-13- A L)) &



Instance segmentation Semantic segmentation

[2¥ 5] Instance segmentation® semantic segmentation t 3 o A] o]mn]
A]. Instance segmentation< Z}7] ©tE A2 X H = HhHo) semantic
segmentation< L AA|] o] bS] mask® R HE.

ResNet—S()—FPN\ » ROI Align
]
np A EX PN »}]%3]1‘):;}‘- H‘]éff

[Z29 6] Mask R—CNN R2=°] %,

2 4 S 8t

e,



24 §& Output 9FA=1
L&
— : — Configured — [> —
o Mask R—CNN Im
o\ >
S zg & . l
doyA g A
Ao] A output PFA= - =
\

o

[ 1\

o1 5]
2 S ANIHE G oﬂ,l—z| o
* 2k ML F2ES ou| *x Ao AFE kg B3 i3 vkaaA
T _— 3 Aol mpa wpA T 7k Zhzhe] MAle
T E o AE vl aste] 7h 2 ghs s gl

[28 7] Mask R—CNN=2 o] &3t a9 AA A<l 4. Configured Mask R—CNN-2 Mask R—CNN

SRyl A% A A
W ot ofe] e vlaaE shiel slanw wel A AN steR 2ue oul,

= =

_15_ .-'-\.L—E -"|:- 1:

of\
e



A 2 A DeepLabv3+$% U-Net 22 &% 73

DeepLabv3+8} U—Net B9 segmentation models pytorch [28]
gholB gl & o] EAS FHeG Edel dgHE  ulo]E oA

feature® FZ3}

rlr
4
M
-

rO
K

)= EfficientNet [29] 0.2 tof#)|3}o]
A3l
EfficientNet> RS A4 w 2do Zlo] Adel 4 181

qH ofmH e el disl HAstE defv|EE 3ol A Gl

2 Ao Alg¥E  EfficientNet 2@  EfficientNet—B5%
AREERITE o= EEC] §1Y e A717F 640 X 480°0® :#2A
ole} nszgh ¥ oluA 9 YRS b= B9 F (EfficientNet—B5
T+ EfficientNet—B7) ©]& <QFUHZE Zb= segmentation 22 b5
Al batch sizeE 8 o]do = AT + v EHQ EfficientNet—B5E&
e skelct. EfficientNet—B5 Rd-& AFHE A3 DeepLabv3+$}
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2 accuracy® sensitivityE X3 Configured Mask R—CNN
ndo] 0.75712 7Fd &2 specificity® HSth 3ol didlA=
EfficientNet—B5&DeepLabv3+ X do] 0.8743%F 0.4252= 7}
=

=0 accuracy$} sensitivity® K3 EfficientNet—B5&U—Net

Tdlo] 1.00% 7M %2 specificitys E AT}

-33- é’—'! ‘._, ‘_]l



« ZF Mo Tz 2o olu] st} Ground Truth F&5&
P = [e3] 74 A=
- A EheL el
i °4 _ True
- G Negative
False
Positive
Ground Truth
Bl
False
Negative
9%
True
Positive

[1¥ 16] Detection @S FH7}o)| ALE-EH =

H}

e =4

_34_

%3] Ground Truth
upA~F




3 59
a - 500
X . J = 500 1 ; :
I'rue Postive False Postive I'rue Postive False Postive
56 )3 2
590 103 570 113 400
400
300
300
) ‘ 200
200 ve I'rue Negative
196
100
100
il el
=500 - 700
. . . " — 600
['rue Postive False Postive I'rue Postive False Po )
532 150 - 400 54 39
500
300 400
300
False Negative True Negative 200 True Negative
200
100 100

[2¥ 17] EfficientNet—B5&DeepLabv3+ E 29| ground truth »}A~=%}
FES ) doj mpAz kY] AAE Ed e == FE.

Ao F5 9

= 500
- 500
True Postive False Postive T'rue Postive False Postive
576 119 547 111 - 400
400
300
300
- 3 200
I'rue Negative 200
136
100
100
a3 &
- 700
= 500
True Postive False Postive True Postive False Postive [~ 600
564 153 0 0
400 500
400
300
300
T'rue Negative 200 False Negative T'rue Negative 200
192 149 742
100
100 100
0

[719) 18] EfficientNet—B5&U—Net 299 ground truth »}~=$}
FES 58 Ao mpA 710 #AE FI) 7N = FE,

-35- AN "'I-._' | B



e

True Postive False Postive
560 33

True Negative
159

=3
L]

True Postive ‘alse Postive
469 51

True Negative

False Negative
212 159

[1¥ 19] Configured Mask R—CNN X2 9]
FES Sl 4ozl mpaza ] AAE F

- 500

400

300

200

= 450

- 400

350

300

250

200

150

100

_36_

True Postive
544

False Negative

113

False Postive

74

True Negative
681

= 500

100

300

200

~ 600

- 500

ground truth =F~=9}
o el EE A,



[ 4] =99 3 E W accuracy, sensitivity, 123 specificity 2 ¥}

) Pt A% Ao % Q) A2 3
Accuracy 0.8283 0.8597 0.7553 0.8743
EfficientNet—B5&DeepLabv3+ | Sensitivity 0.9219 0.9794 0.8867 0.4252
Specificity 0.5896 0.6343 0.4845 0.949
Accuracy 0.7991 0.8519 0.7755 0.8328

EfficientNet—B5&U—Net Sensitivity 0.9057 0.963 0.9231 0.0

Specificity 0.5333 0.6563 0.4536 1.0
Accuracy 0.807 0.862 0.7048 0.7946
Configured Mask R—CNN Sensitivity 0.8011 0.9174 0.6887 0.1929
Specificity 0.8281 0.7517 0.7571 0.9068

_37_



ARA e grh A2 R AARE Ags o Y AAs

el F& A9 FPSE AMg-allth. FPSE dHolE 9 A7} Arztow
olF ok st wiZel dlolE M7t o]HA = A AHe] wep At
gk, Al AEe] wWE FPSE w7 Y8 ¥ 5e49 o] 7AW
37N AAELE HAE Ag olg3] F& A dEle AHE F3l FPS
AXE ste] As B7HE RAdsith 7F Al Agef digk 2Ele] FPSE &
S T3 FAg 4 vl EfficientNet—B5&DeepLabv3+ F92

oWy 3¥ A]AHo|A GPU wWXReg {Eowr =Ho| EIEIFL

(E
)

EfficientNet—B5&U—Net R&& 3 Al 2"Hlo A wEE HFow

7o) =7kt 19 Al A F el A

B
oft
[kl
o

19) 4=+ Configured Mask
R—-CNN =2e  EfficientNet—B5&U—-Net 181 EfficientNet—
B5&DeeplLabv3+ o= Z}7Z} 32FPS, 24FPS, 1¥]3 3FPSZE
velstth, 29 A| A"l A= Configured Mask R—CNN E oA =
10FPS7}  EfficientNet—B5&U—Net REdolA= 12FPSE H3low

3W A A" A= Configured Mask R—CNN R dlo] 3FPSE H T},

-38- é’—'! ‘._, ‘_]l



bl
a1
P
oft
I
&
uiss
4
oft
N

Al 2~ E)

o A~ = e

Ubuntu 20.04.3 LTS
AMD Ryzen 9 5900X
Nvidia RTX 3090 24GB,
RAM 48GB

Python 3.7

Pytorch 1.7.1.

o A~ = e

Windows 10 Education
Intel i7—8700

Nvidia RTX 2060 6GB,
RAM 32GB

Python 3.7

Pytorch 1.7.1.

A K E 20

(NT950QDA—-X720B)

Windows 11 Home
Intel 17—1165G7
Nvidia GeForce MX450
RAM 16GB

Python 3.7

Pytorch 1.7.1.

_89_



[¥ 6] 229 HAE Al thdt AlA®l ¥ FPS H| 1L,

R Bk AL A2
1 3
EfficientNet—B5&DeeplLabv3+ FPS 2 —
3 _
1 24
EfficientNet—B5&U—Net FPS 2 12
3 _
1 32
Configured Mask R—CNN FPS 2 10
3 3

_40_



A 5F 303 F

A 12 49 23 1F

B =R &3 A vlue SEFAE o] W 7H
W As 94 ol&d 4 U FEES segmentationshis RES
etk B AT A AFRE HolEE $H ASdAe dAS

segmentation®] °]F & 4 S AU
Configured Mask R—CNN R 4ol =g~ 4 wiAdg AlZ L 3ho
A gkl WE DSC w9 W3kl EfficientNetB5&DeeplLabv3+
Z18]3L EfficientNetB5&U—Net B2 wpA= A= % ghe] 94 ghell
w2 DSC #ke Was= a9 20 ~ 2204 &1d 4= 9t} Configured
Mask R—CNN == x| glo] w& DSC #2 Ao, 5+ YN,
aeal AF 39 FEREC & Fuls 2 oeam AR ghel gl
2 % 052 AAHNE #W N TS @S Bk ¥ A§
FA A AlF e gt 99X gro] 0.8Y w wiAF AF R gk ¢
gte] 0.5¢ W 7Hd =2 DSC #+& Rt Configured Mask R—CNN
o] Zea 9 owpaa AR gl dis A e RE FxEel
sl Tdstz]l $18 0.5%2 A4St EfficientNetB5&DeepLabv3+
o] Ay FxEo wel DSC #el FHulgkel AZ 27 Yk
=l 2 grel 0.59 ®, FF Yile 9A gtel 0.74 o,
a3 = 9A el 0.64 W DSC gtel =A uEbsth 4709

©
re
|
rlo
12

—4l- A '_' 1-II



TxEe  dEs oA & 0.57F 232 wol  YyEhy}
EfficientNetB5&DeepLabv3+ L &2 wlAg A% gho] tfdt %]
e 0.52 AHstArt. EfficientNet—B5&U—-Net FE 2] 9% ko
2 DSC #2 9 mixaa A% gel disl 9x e 05=
AAERS W FE ALY} TE FREM ES S Kt F

Y s JERT] wel
EfficientNet—B5&U—-Net B2 wiAa A% grel gk 94 g

0.52 A3t}

o AFEoA DSCE  segmentation REEe AHEF AEE
g83A|wk DSCE FalAe= FE25 5 AR = viAAd=zR FERES

AN & YAl daj sy ohTh wEy B ATl E

detection R @A ToUE o] &

¢

{(

O

| TP, FP, FN, 18|31 TNE& Yre

WL mYsel FES B QolAE mliaE TEES A4

+

JEAE FEsHTE. ek ddbA el detection EdolA  IoUE

)
[
ol
ol
~N
Ho,
:?l:,"
jus)
=
o
ol
)
[>
|
>
>
ofo
ol

P 2 dgelie rhads

-
PN
il
o
i
2
ol
N
5§
rr
o
12
o
X
2
=2
uly
2
_TI_‘
X,
A,
2
e
i
ko
(o
o,
12
=2

3 39 Adnts T8 Ad, 7 YU, 2ga Aol dis) 2
Aes Erohd EfficientNet—B5&DeepLabv3+o] F+x&& 7H¢ %
segmentationP L Fee 4 QIvh. AN 42 specificity A&
2o EfficientNet—B5&Deeplabv3+ 3 EfficientNet—B5&U—Net
mdo] Ao, 7 w/, 283 A=l il Configured Mask R—CNN

mant o g

flo
=)
v
i
SN
rlr
po
o
Jo
rO
i

T Ut v Configured

2 81

11!



Mask R—CNN =E#9o] A9 Ad, &% 97/, 82
sensitivity7} @2 A& &3l FN7F ¢ %oes AS &0 & QU

o] EfficientNet—B5&DeepLabv3+3  EfficientNet—B5&U—Net

i

a2 ojuxe]  fjEd] E&  FHAS segmentationdshi= HEHO
Configured Mask R—CNN R 492 RPNS %3] +x&° &4 5 4
s 37 wZEd FP7F ¢ AA yerdta ddEnh o]l & F3

At BEls AAs=Y o] accuracy, sensitivity, 18]l

specificity7}b I ®ttd BRE A ol glo] Ao Fo]

Hold 4 9l Zow Azdn
8 FxEe A9 e FEES Ha DSC ghol WA tEhtt
Ag FAT 4 Ak ol Hol A Tr Felw P o)zA W Y

W A Al Al R 2R S do® Ao At mEHER
WA Sl A o)k 2 ol = 39 DSCL

A, 7 9, I8 dE By w2 DSCE Hol=

=
FPSE vluelgitt. ol 7|3 f Aol ojn] ¢x ¥ o522 gAdelA
segmentations FY3t=  Flo] ofd  AAFFo T GJAte] RHEE
A g3to] segmentations XWstH= A5, AFEstE AlAEC] WE
6

B AN BA oRE wwats] e AYHYt. ¥ 59 %

slew, Hdo]l wsirete AAgte® AZTF =rbsd _j!’F AT
-43- A1 =T



=
L)
>
>,
>
L
o
it
td
i)
o
)
ofo
of
ol
&
jn’
o,
)
i
—)ILII
AU
ol
ol
N
[
o)
2
rlr
2
K

AAZFO 2 segmentations  Z13YE}7

_44_

Lo
%
x
rr
to
=)
3
”

i
>
lo



chl 3

07204 ® 2 01201 ©®
El
L]
[} ° 0.119 1 *
0.715 4 @
& L 01181 e
g g ]
8 ° ° ° 2
& ° E 4 @
3 5 0.
|8 = 0.117 °
5 0.710 8 i § [} . ps
by ® 4 E
k] 8 £ 0116 °
| | | ®
% 0.705 o ° £ 01151 ° :
5
] &
e o A 2~ NE 3 AH 05 s S o114 e 8 Feha A= @ 9H 05 ©
07001 @ At 22 AL 3 A2 0.6 . o 3 a2 A= 4H 0.6 L2
e Ad 22 A== gk 22 0.7 01134 © 8¢ A% gk 0.7
o A 22 A= gk A 0.8 ° e 322 A== L A4 08
06954 ® A 22 A== F 4209 [} 01124 ® & FW2 U= A4H 0.9 H
0.5 0.6 0.7 0.8 0.9 0.5 0.6 0.7 0.8 0.9
npa3 QE)E 7k 64 ohaz NEE 7k @A)
55 90 iy
[ ] 057{ ®
®
0.76 1 ° - ®
o ®
0.56 1 L4
. ° e 4 ¢
£ ° ° 5 ”
= o L ]
2 0.744 g °
k= ° £ ° %
7] g B
S ° S 0.55 ° ™
& @ L E ®
< = @
= 0,72 1 = °
£ £ 0.54 L
i A
2 () 2 Y
2 o ITF Wi Fea S 34X 05 ° 8 o T Zea AE g 9% 05 °
070{ ® FFWHIAA NS g 92 0.6 © 053] ® AT AL QA= 47 06 °
o FF A Fela AsE gt 9A 0.7 o AT I~ A== L AA 0.7 >
o &% W/ A A% gk 93 0.8 o AT IZH2 A= AR08
o % @A B2 A% g €% 0.9 ° 0sp]l @ FEFALAAZZ A 09 °
05 0.6 0.7 0.8 09 05 0.6 07 0.8 0.9
upA3 A8 = gk 93] npA3 A E gk 93]

[2¥ 20] Configured Mask R—CNN 2 2o] ZFgjA/utA~a AFE zke] dx)o] W dice similarity coefficient W32 vebd 719,

=~
| .

~45- i x‘:] —1_%- EH S

e

-I"-\_,_,_-""



(29 21]

gkl

076601 ®
0.7658 1 L
£ 0.7656 1 °
2
8
S 0.7654 4
3 °
E 07652
8
.
0.7650
0.7648
°
0.5 0.6 0.7 08 0.9
utAz A= 5 g 93]
F5 94
°
0.7686 1
. 0.7684 4
£
&
2 0.7682
= °
g
= 0.7680 » ®
A
£
= 07678 4
0.7676 1
°
05 0.6 0.7 08 0.9

ntA3 A% gk 93

o

0.3365

0.3360

0.3355 1

0.3350 1

0.3345 1

Dice Smiliarity Coefficient

0.3340 1

0.3335 1

0.5

0.6 0.7 0.8
Lol 2t B 0 L4 o B

ki

nk

0.9

0.654

0.653

0.652 1

0.651

0.650

Dice Smiliarity Coefficient

0.649 1

0.648

0.5

0.6 0.7 0.8
A A g 92

0.9

EfficientNetB5&DeeplLabv3+ 2 & 2] nwlAg A E 7ol AAx)o] W& dice similarity coefficient W3S b 719,

_46_

e

=

51
]

ETIA

=



A
07395
°
0.7394 ©
£
2 e
2 0.7393 1
=
g
£ 07392 1 L
E
0.7391 4
°
0.5 0.6 0.7 0.8 0.9
nhaz AE)E gt o7
= g9
°
0.75800
0.75775 4 L4
g
-2 0.75750 1
& °
8
2 0.75725
0.75700 ~
8
2 0.75675 4
0.75650
0.75625 °
0.5 0.6 0.7 0.8 0.9

[Z1¥ 22] EfficientNetB5&U—Net 22 2] nfA AlF % kel o X9

utA3 AS]E gk 93]

_47_

0.04 1
£ 0024
]
3
Z 000 @ ° ® ° °
o}
g
&
3
2 -0.021
~0.04
0.5 0.6 0.7 0.8 0.9
o}A3 AEE 79
ik
°
0.6906 1
0.6905 °
g
3 0.6904
) [ ]
8
o
2 06903
S
Z 0.6902 1 ®
b1
&
0.6901
0.6900 1
°
0.5 0.6 0.7 08 0.9

opA3 AFE gk 92

wWZ dice similarity coefficient ¥&2 vebd 719,

=



A 22 FAA

AA

o
3%

I segmentatione %8 st=

| AlZEell i3

I xEolet

9|

oy
5

Aele] =Ael

AJ8sl7] Aol classification

 segmentation T2 42 g dlo]H

9]

=
=

gol g

2 dlof

B!

7

—
fite)

=0

ojpy
A|m
Tor

F7}

'
;OE
B

—

i

ANZvo =z 713 )

A skt

=
-

o w] %] 7}

1o w2

S

3 o
= a1

T3t segmentation©]

o w] ]
A

she

297 =4

p=k
=

1A

A 2]

873

=
=

o u] ]

7t EAEE
A 7o) A

2]

o w] x| o

T

=

[36]

Hlol e 9

T
T

Generative
47 AAY

ok

L
a

AHE-H 7]
[37]= ol &

b

S

A

p=h
=

A

sl

Adversarial Network (GAN)

A

Rl ke T

_48_



e olmHe]  Agsle] BAHA EY7F EASE oWAE &Y
robustd Edlg W 8T £ S Aotk e BEA 27
A5 o]u|A S classificationdtal  HHE  o]u|Ao]  GANS
Agstol EA 225 29 F A= Zlolth AA, doly #olEd

AlZbol o] xQE= AYoltt. REe FE AAHE Tl doA=

wlag Bl el AHgE 4 otk ol Bee] 2w Az
AAe SMZEE F A & Y otk 25 AFME B

ATelMde E&HA kAR, TIH 24004 Qg F QIR0 mpAaA
A

%

& Labelmeold ¢l& < Sl JSON =2
fskglh. oS
MAdate] golE"E sk ARE 9 AR IREE Y90 RA

dole +3& golaA & = 9l Aol

s

N
o
it
ofo
ol
&
[an
i)
o
offt
o
e
)
N
jn)
o
o
il
n
o
i)

SEREBEEEERES JUE]

Mask H|°]E]E Labelme ol 4]
FAE F Q= HolgE A

WL E Labelme?l 815 < 3

rlr

~49- 2 M E g



Ae6ddEd

= ATe 713 u A AEsE AR S Qs 20w AA
Abgtof #Z99 dolHo FERES A3  segmentationdhi=
g5 Ms & AFET A, 5 g9, A=, 1Ela

39 GFZE segmentations 3] Mask R—-CNN, DeepLabv3+

X

0

e

R
N

783 U-Net 225 A3t} Deeplabv3+ 1831 U—Net FE 2
backbone®Z EfficientNet—B5E A}£3t DeeplLabv3+ 181 U-—
Net FdS& B =For= EfficientNet—B5&Deeplabv3+ 1813l

=

EfficientNet—B5&U—Neto] 2} st} Mask R—CNN E 2o A F

Configured Mask R—CNNeo|g} st} 853 Configured Mask R-—
CNNZ  sfte]l Seze] ois) F25 &3 A= o989 A9
ntAFE shue] miAaE wtEE A o]l FrkE g H AT
mdo] H7E 98 DSCE ol &stdli, 88 &3 do4X wpraz

QA=A 17 Y3 detection EHoJA AFE-EE=

—
BN
iG
o
rO
1>
(i)
4
3

’

A& HolHE olgd TFx=9 segmentationo] = F QS

-50- A L)) &



0
o

ro

olo

ol

s

segmentation

TEEC]

o

Qltt. F-%E9°] segmentation®

P
T

ol
ot

T

>-Tf) 8}

— T

_H

_51_



[3]

(5]

(6]

[13]

T 53

J. Peters et al, "First—pass intubation success rate during rapid
sequence induction of prehospital anaesthesia by physicians versus
paramedics," European Journal of Emergency Medicine, vol. 22, no.
6, pp. 391—394, 2015.

W. E. Hurford, "Techniques for endotracheal intubation,"
International Anesthesiology Clinics, vol. 38, no. 3, pp. 1—28, 2000.
C. Matava, E. Pankiv, S. Raisbeck, M. Caldeira, and F. Alam, "A
convolutional neural network for real time classification,
identification, and labelling of vocal cord and tracheal using
laryngoscopy and bronchoscopy video," Journal of medical systems,
vol. 44, no. 2, pp. 1—-10, 2020.

R. M. Levitan, J. W. Heitz, M. Sweeney, and R. M. Cooper, "The
complexities of tracheal intubation with direct laryngoscopy and
alternative intubation devices," Annals of Emergency Medicine, vol.
57, no. 3, pp. 240—247, 2011.

J.—B. Paolini, F. Donati, and P. Drolet, "video—laryngoscopy: another
tool for difficult intubation or a new paradigm iIn airway
management?," Canadian Journal of Anesthesia/Journal canadien
d'anesthésie, vol. 60, no. 2, pp. 184—191, 2013.

O. Ronneberger, P. Fischer, and T. Brox, "U—net: Convolutional
networks for biomedical image segmentation," in [International
Conference on Medical image computing and computer—assisted
intervention, pp. 234—241, 2015.

H. Ding, Q. Cen, X. Si, Z. Pan, and X. Chen, "Automatic glottis
segmentation for laryngeal endoscopic images based on U-—Net,"
Biomedical Signal Processing and Control, vol. 71, p. 103116, 2022.
A. Vaswani et al, "Attention is all you need," Advances in neural
information processing systems, vol. 30, 2017.

A. Dosovitskiy et al, "An image is worth 16x16 words:
Transformers for image recognition at scale," arXiv preprint
arXiv:2010.11929, 2020.

X. Pan, W. Bai, M. Ma, and S. Zhang, "RANT: A cascade reverse
attention segmentation framework with hybrid transformer for
laryngeal endoscope images," Biomedical Signal Processing and
Control, vol. 78, p. 103890, 2022.

K. He, G. Gkioxari, P. Dollar, and R. Girshick, "Mask r—cnn," in
Proceedings of the IEEFE international conference on computer vision,
pp. 2961—2969, 2017.

C.—L. Chin, C.—L. Chang, Y.—C. Liu, and Y.—L. Lin, "AUTOMATIC
SEGMENTATION AND INDICATORS MEASUREMENT OF THE
VOCAL FOLDS AND GLOTTAL IN LARYNGEAL ENDOSCOPY
IMAGES USING MASK R-CNN," Biomedical Engineering.
Applications, Basis and Communications, vol. 33, no. 04, p. 2150027,
2021.

J. Ren et al., "Automatic recognition of laryngoscopic images using a
deep-learning technique," The Laryngoscope, vol. 130, no. 11, pp.

-52- 2 -‘._*,- ‘_]| '-'ﬁ]l_

L



[14]

E686—E693, 2020.

M. A. Azam et al., "Deep Learning Applied to White Light and Narrow
Band Imaging Videolaryngoscopy: Toward Real-Time Laryngeal
Cancer Detection," 7The Laryngoscope, vol. 132, no. 9, pp. 1798—
1806, 2022.

J. Redmon and A. Farhadi, "Yolov3: An incremental improvement,"
arXiv preprint arXiv:1804.02767, 2018.

G. Hoyer, S. Runnels, and S. Merchant, "Advanced Video
Laryngoscope and Automatic Data Collection System," 2020.

H. Xiong et al, "Computer—aided diagnosis of laryngeal cancer via
deep learning based on laryngoscopic images," EBioMedicine, vol. 48,
pp. 92-99, 2019.

P. He, R. Jain, J. Chambost, C. Jacques, and C. Hickman, "Semantic
Video Segmentation for Intracytoplasmic Sperm Injection
Procedures," arXiv preprint arXiv:2101.01207, 2021.

J. Born et al, "Accelerating detection of lung pathologies with
explainable ultrasound image analysis," Applied Sciences, vol. 11, no.
2,p. 672, 2021.

M. Grammatikopoulou et al, "CaDIS: Cataract dataset for surgical
RGB—image segmentation," Medical [mage Analysis, vol. 71, p.
102053, 2021.

D. Liang et al., "Coronary angiography video segmentation method
for assisting cardiovascular disease interventional treatment," BMC
medical imaging, vol. 20, no. 1, pp. 1—8, 2020.

H. Yao, R. W. Stidham, Z. Gao, J. Gryak, and K. Najarian, "Motion—
based camera localization system in colonoscopy videos," Medical
Image Analysis, vol. 73, p. 102180, 2021.

VirtualDub. (1.10.4), [Onlinel, Available: https://www.virtualdub.org
Labelme: Image Polygonal Annotation with Python. (4.5.13), Github
repository. [Online]. Available: https://github.com/wkentaro/labelme
L.—C. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H. Adam,
"Encoder—decoder with atrous separable convolution for semantic
image segmentation," in Proceedings of the European conference on
computer vision (ECCV), pp. 801—818, 2018.

R. Girshick, "Fast r—cnn," in Proceedings of the I[EEFE international
conference on computer vision, pp. 1440—1448, 2015.

S. Ren, K. He, R. Girshick, and J. Sun, "Faster r—cnn: Towards real—
time object detection with region proposal networks," Advances in
neural information processing systems, vol. 28, 2015.

Segmentation Models Pytorch. (0.3.0), Github repository. [Online].
Available: https://github.com/qubvel/segmentation_models.pytorch
M. Tan and Q. Le, "Efficientnet: Rethinking model scaling for
convolutional neural networks," in /[nternational conference on
machine learning, pp. 6105—6114, 2019.

G. Luo, Q. Yang, T. Chen, T. Zheng, W. Xie, and H. Sun, "An optimized
two—stage cascaded deep neural network for adrenal segmentation
on CT images," Computers in Biology and Medicine, vol. 136, p.
104749, 2021.

—53- “':rﬁ-! ":I:.' 1_l| [«

F T

'Iu



[36]

[37]

J. Chen et al, "Transunet: Transformers make strong encoders for
medical image segmentation," arXiv preprint arXiv:2102.04306,
2021.

K.—H. Uhm et al, "Deep learning for end—to—end kidney cancer
diagnosis on multi—phase abdominal computed tomography," npj
Precision Oncology, vol. 5, no. 1, p. b4, 2021.

A. Nogueira—Rodriguez et al, "Real—time polyp detection model
using convolutional neural networks," Neural Computing and
Applications, vol. 34, no. 13, pp. 10375—-10396, 2022.

Y. Li, "Detecting Lesion Bounding Ellipses with Gaussian Proposal
Networks," Cham: Springer International Publishing, in Machine
Learning in Medical Imaging, pp. 337—344, 2019.

M. Zlocha, Q. Dou, and B. Glocker, "Improving RetinaNet for CT
lesion detection with dense masks from weak RECIST labels," in
[nternational conference on medical image computing and computer —
assisted intervention, pp. 402—410, 2019.

D. Yoon et al, "Colonoscopic image synthesis with generative
adversarial network for enhanced detection of sessile serrated
lesions using convolutional neural network," Scrientific Reports, vol.
12, no. 1, p. 261, 2022.

I. Goodfellow et al, "Generative adversarial networks,"
Communications of the ACM, vol. 63, no. 11, pp. 139—144, 2020.

5 A &)



Abstract
A Study on the Segmentation of
Anatomical Structure in Emergent
Endotracheal Intubation Using
Deep—Learning Algorithm

Seung Jae Choi
Interdisciplinary Program in Bioengineering
The Graduate School

Seoul National University

This study is about segmenting vocal cord, epiglottis, corniculate
cartilage, and tongue by deep learning from the data acquired from
emergency department using video laryngoscope in Endotracheal
Intubation (ETI) process.

This study was conducted using Mask R—CNN, DeeplLabv3+, and
U—Net models for segmentation. The Mask R—CNN model can
generate multiple masks for each structure through inference. As a
result of the model, several masks are made for each structure. For
vocal cord, epiglottis, corniculate cartilage, and tongue in the oral
cavity, one mask was labeled for each structure. Therefore, masks
for each structure are necessary to be made into one mask.

In this paper, several masks for each structure, output of the
Mask R—CNN model, were made into a single mask respectively. The

performance of the model was verified using same evaluation

. 2] ,



methods for all three models. Dice similarity coefficient, method used
to evaluate detection model and frames per second were used as an
evaluation method.

The ETI images used in this study, include foreign objects around
the airway, motion blur, and light reflection were used to reflect the
actual endotracheal intubation environment.

Through this study, it was confirmed that the data reflecting the
actual situation could be segmented using deep learning and found
the model that could be used in real—time inferencing. As the first
study using data taken in emergency, the algorithm developed in this
study can be applied to the actual video to obtain video which the
structures are segmented. From the videos, which the structures
were segmented, it is thought that less experienced medical workers
can improve their understanding of structures in the oral cavity and
can be used as a cornerstone for establishing a remote intubation

assistance system and developing an automatic intubation system.

Keywords : Deep Learning, Endotracheal Intubation, Image
Segmentation, Image Processing
Student Number : 2021—-27700
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