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/

2 o) 84 AL B9 = E

2022'd 8¢

Metgn oy
SPELEIE L

o] &l A



o] X
=
L= o
=
2] 2]
37,]_6
'_].)\
2024 A]_
2d sa
8¢ =
Lo
o=
A S
£3

A
ﬂqi%
5} o
JﬂQE
q?%ja
]ﬂ :;4 f

~

o]
u]/}:]_o
A
._,/\]-
(<3
o
1T T
e}
=
(@)
]
9 5}¢] =3

_c’),]
% 2
. % 022 8
A% %
}
o
:8{. A
q
O] 3 F
A
d
(O
1)
(O
1)

]
(e,
oY,
i
o\
E%\




X G
= — = X
e - x
Gy T = s
gl — ~
iy FL n_AH_ © T ~
rwo_ﬂﬂ %@r%mﬁ_w, =)
ﬁ e T o 1%% %ﬂ& ﬂ% e = 5
= = o < o o X Womm o W =
= 2 N Eivl%o%wl w Ao =
o H T meﬂr. nx%ﬂzl §
e B ‘% 5 © o s = 3 Mo -~ N o)) X = Cle
— N o o
=3 2 w N SR AR g ° ME T i o 0 5
T OROX %Mu';,% L(%% o © . F
I ® 5 zoaafgqfa S
1 2 T 11 I = T X o O
S # o e W % < —, B To N Q Ey
w W o & o= o U_VQEOb r = g
NomoF ﬂ.%ﬂwi t%_smw@r.mi
w o ) X T iy mﬁ s P M d &m < g S
o B% 1AuﬂwnoAl1n%1
oW T 5 W o Ea ~ E.o =) rlA_l k) X 5 & X
@Eog_.ﬂw aa%oﬂw_/r aumﬂo]%ﬁﬂamﬂ
e B Nﬂer:TogﬂémﬁMM%ﬂm,lfr
— ~ . —~ X 1o
%ommq = nﬂVwa%g%m R
‘_Ir,” et K O?._ MW ﬂ:._ E’a m B ‘,..,‘_A_M ~ EE . ,_WE ) Iy m X % ™ o
~oD J) D o T W m Bo o)) N Wr 1_| .Wla [y G- ! M 5
Ofuo@rlh 1n1m<ef xLVanMdr.S
0N o o © e N X Nz = s -
TN ﬂ1m§#@m %v%mﬂﬂm
%ﬁzu% N T 12zl e 9 EY % §
_ oM B N = i o B9 ~ - w8
l| A o i . N —_ 0 o l| _/ 1A1U7A JWAVO T\JO MH .
X X %0 X B~ X o i =R 3 oy
g Ho o H _— :.L = ~ Mo Nro o o~ ol o 5 g.L o BE
o <ol dog]Ecrlth]o ng)CLm
o) N @ o M- 0 o) X XK o v K o
U Ea = G AR < e =
B 2 o o) 7 ol 5 2 o <~ H F g B
< Hp o BT 5 ° N = iy
XN oF oR B° &o Z =) N e]E - = Z -
omrNWEno xim.m%
CEOEEN T E o 0
- 3 2 o
o A X

U.—_v o
T



A

a 3

KNNo| A 9oz 3 o] o|n xS A e3lo] instanceS A Q3% L,

RE oln A HolEo|A o5 AyE FE319 Ground truth$}h9

U A x=2ZA vl #4 99 Fdr= 65796%
Heloll Al it 90.39% = YUELSTE o]F 66.83%= 7HE W IR E
HQl ow x| Bt3o] thA] instanceE A AAS W T AR

91.39%7H A A&7} AsstlaL, oS 23 oln| A 7 S

Mz Fdgez AR glo] AV HEaliA= F= SAsAt ol&

p

KNN=2 90.68%, tlolH +74S 2183 U-Net R A= 98.32%,
accuracy = kNN A 94.89%, U-Net X oA 97.86%, AUROC+=
kNNejl Al 93.69%, U-Net 2 delAl 99.79% = Ebyth I0U=
KNNell A 84.19%, U-Net Edel A4 93.4%% 2™, DSC+= kNNeoj A
91.03%, U-Net EHelA 9658%F HolH Held 7IM& AEsta<
W 7]Ee] A Nk B8 A3 Hjalske] -3k A5 ol
gAY Hamo] & Ay ojnAE Flskis wWl kNNoj| H] &
7HA FHaRe] E&e] AR oo W glo] oS et

Py Helsheinh

o =1

4
N

2
T @l 7IHS A8 dEFEY 2ZHTHE oA FQa3t
A %21 Bone to implant contact(BIC)2} Bone area(BA)E =4 gk



ol

N
o

il
X

E

—_
10

o

o
Ton

2
oj

AL
00

o
o)

B

fiie)

i

5
o
ox
A
ol
olo
T

)
-

N

o
T
i)

2] 2§

(bone histomorphometry),
#1d (deep learning), 9]& olu x| ¥

B Al =

(dental implant segmentation),

S|
A

)
H

(medical image analysis)

il

. 2020-24988

s}



Al

Al

1 ;(()]— }\1% ................................................................. 1
A1 A AT B L BEF 1
2 A A HFH s 5
Al 1 A G O] EH| O] A T s 5
L EJO]E] 223 worremessenissneiss i 5
2. olw A 4 A2l B ground truth o[ R A A e 7
3. #4199 (Region of interest, ROI) A7 WR eeeeeeenss 7
A 2 A AFAS 7| ATEF HHE 8
1 kNN ......................................................................................... 8
2T G N OSSPSR 9
A3 A AETAS YEgd AF I e, 11
1. GO EJ Al SEH] o 11
O EJO]E] ZETF crrrereerrssersiessiss s 13
3. 29 vl 7] ¥ = (parameter) Al e 13
4. A (threshold) 24< Ea Axl ou]x] o] Ra} oo 13
5. HZE o2 0] U] X] AA] e, 13
A 4 A F)A TS AT FEA e 14
A 5 A F I} HFH e 14
3 A AT AT e 15
A1 A DG HOE FEA v, 15
A2A JSAEY Q029 FA BY AT e 16
1. KNN Z T} e 16
2. D8y Bl S]] A e 34



36

49

- b4

o
alg
B

XE

62

Abstract ceeesseesseeetteesteecttctttettestcnstcessctsscssccsssctssccssccsscossans



[ 1] shuhe] o]w Ao 9+ instanceE XA kNN Z 3}

_ ;ﬂ;‘(«ﬂ o] U]Z] .................................................................... 18
[ 2] sluhe] o]m Ao 94 instanceE A A3k kNN Z 3}

C AL O] O e o5
[3 3] No.13° 23 instanceE® A A KNN A3} -ooeeeeeee 32
[ 4] H2EA 4782 dAgdHedA] Jdeid=t kNN 22} v]u(])

B

- Accuracy, Sensitivity, Specificity, AUROC -« 37

5] HIZEAL 4% Aol Heldak kNN 23} Hlal(2)

— IOU, DSC ..................................................................... 41

1] B719) Azl AgE ATAEZA Zeo|= o]u]x] 5

2] A a2 23 Ground truth A -eeeeeeeene: 7
3] FAIA A A FFA e S
41 U-Net 29 F2% 9 92/29 94 A28+ 10
5] HElyd AR B e 11
6] ILHj] /\g }\g g_; mirroring y,}xg .................................. 12
7] TIO)EJ Al TFEAT woreerermeenesiniei 15
8] 16;(1— 7(4 j.“ o] n] x] ]}\1 kNN 7337/]_ ........................... 19
9] 165} z/gocﬂ)o:loﬂ/q kNN 73J/]. ................................. 2%
10] B4R el M RIS Bl kNN A AA] oo 31
11] 7} o] A|e] s} vjM instanceE 2ok

gehol gpdsl 27 Bgo] v A AX 33



[ 12] 8t<5 Zro] WE ASE S T o 35
[Z29] 13] H7FR3E IOU AFS ITEIF ceeerrereremmmneeieees 38
(2% 14] H7FAE DSC AFE I v 39
(22 15] B2 78 ATb o] 1] 2] H]TL cooerrrereremmmsasereeenenees 42
[29 16] ©2]d Data augmentation /% ZAylolA HAHo =z
FEALE] A O] 22 T A] worveveveemmmmsmssssassssseeeseesssssmssssassssssssseeeesessenee A7

-":rxﬂ-! _'-\.:.': _ 7

b
-.l i ...‘-I

T



=2 A qom(l], slielA 7t

A1 Z A2

Ea ol

A g

-
it

A4 2 2}

A

Al A AT wA

3 gl s

1

o]
h s

=
=
2
S
Els
T}
=

|
1:1:]__
st

3|

x

W o I o & = - - ) S o 8
I” S Y {F S
Hoﬂﬁ%wm Moﬂﬂﬂﬂwrigﬂ & A
- B B R do p WO @ ~
= el —— — ~—
ol — W T o = N EX oL = oy wu =
oo = oo umo, o ° = = N % e 5o
oA T W o s T W ow
8o Eﬁ B ER W X —
o I = T o i T BT oo S <H
0 N o) _n::._ %_‘ME e o Wi ) ﬂﬁ
CORNVA R N = SRS = o -
TR R T Sl o oy <~ o . B ol 3
—_ — J — iy
Tpke® THEIsEEHLT ¢
‘o] —
A mmwﬂ%ﬂxﬁﬂ”mﬁﬂ =
—_ > X
N gy W o EREE ol Mﬂo ~
< Eo Is) ) o 1T, B 5 N |
g Mg e F 5% pode kMg = ~
w W M T % 8 =z ®E X W g — ) |
S T g & m 7T z a0
w S H oo M o 5 F B 4 oo oy U 1\
ﬂu s w5 N e _foT N i o ﬂu JI T
— —~] B @) m o IS ;01_ O# —_ #'i — —_—
ﬁ.._ agbc < WN Mﬂ m ) ..;O g‘._ ﬁﬁ! ﬂ EO N & 01_ o
B oE g BN T OE N = P _ L o o
Bog R S § 85N NF op
Bl m Qo W m = o T ok e ERSS N
wrWETD Tl agre P ga iy
EO I~ m ) [miy ‘ml ‘N_l ﬂ_DI =~ 25 =
o 3 R o o m T 9T Hm o o
LH:O < = oF ‘_| T ) —_ 0 ‘ml _XE — =
) M 2 = g xTOK .~ AR 9 o &
G S TN RO R T o= N
w % ¥ E P og T " N w o =
= 5 ® ST, F m ol PEE g
- N g oM g oo W oEm o D CIET
T o R A WOR O o OW RN MW



L

;o:._ LAw_l 1_NE JL
: L VN
HT_ ﬂ ‘l,ﬂ ) T O_E N te) _—
s REEK AT SR T B L )
I e AR T 1 O L AT
I ﬁo%uﬂowﬁaa%ﬁw e T
gar . [ —~~ )A .
%ﬂma@n%wﬁ%gnﬂ?mﬂ@m%aﬂg%% %%ﬂri% il
—~ 1l = ~ © ~ AL o #
T = & o N N = Eoa =% ® O g P ALE ~
@%ﬂ%MW&%W z_mgﬂvmmwﬁ.mg Mo A
° = + 2 Wr,_dmﬂﬂ.ﬂqv T L
B I £ ) T T g NOX KR 4 = o X
. 5o DT d o AT o i o o g
u.@ygog}wgggxﬁﬂlgwa ooy, O
E o w0 o w0 e e w3 o N oy Mo~
o — M L.E 7 ﬁal ‘m_./l m —~ —~ r: - ~
o of =W R Ty o M- f = ay 9 Lom oA N w
a7 B! Nlo O ) o = X = 1 iy o 1_m W) e mﬂl L H = W g G+
S 0 o~ = Loy T 5 X W o, XD of o m E R an
el of- A o S M ™ o =5 o Hy S w0 s L S o e
T = B% 8w oo 7 = W X %o 2 ® K ® N W= 2 do
R 11ﬂd%%w%%%q,, . D] T g =T
TS = 5O P AR o oy g E RS = = 0
S N dp P 3 o o BT T B = o A = O = _
= =~ I 2 o o = e ~ © OE =) m s O N
) o o XA O N| op o oS &) oF - X = E T W o N
o Joo > = S EON 2\ = Gedl T g BE [ e oF o _
o 0 _ ﬂl 5 ﬂAIL Y T o — ~ o —_ @] ﬂul ~ . B, | .QH _.E l_w -
g R o T A R = ° 2w = D oy oromoND
o W o B o o= W oM e = Aoy X T - = 4 5 1
o e - o I W~ 0
X o} W ﬂu ik H.I = —0 ey Lo ~ [~
o o F L %ﬂﬂo%um%ﬂ@ e 2T
P’ o= = = 4 ¥ B e Moo T 9 o o MO o Joo . NG
= =z Moy 5 oo W W Y = . @B x T % 4 B X e
aer = R — ﬂ ey ,Iyl o} <0 Eﬁ ﬂ N S ,WH_ mx & Mo B B m%b
= of M P T o 3 OE o T B T X 5 o~ = S
it il Eo EH — ;oa o ﬂ/ﬂ EO Jlmﬂ ~ o (%) q ’_l N ‘H_QW O ) fo "y m
Ny % ~n S oxoo o _ Hp oF o) B X Gy H , = i
7w v p g R E S woT P 2B s T 4od,
EE R . S S I A S O cE i sZT e TowiBY
g2 3 Mﬂ 1M| A mm o 4 u%o n - T H o B M N o m S = T
o ~ ol = jang
= £ o W M = = mw How mrxr o, S oW o3 o %
T E oMo F g % #ow o
= W oo o



—_
o)

fvzel
_ZTV
el

=1
B

o
)
o
el

FAw oA 3ol

5]

dArd Fhvete] =

T
) .

4 UTH3L = Hong T2 A[9]lA

S}
=

7

o

Apo] 7F WA E o] Wl

F}ol

P

F7101[3] °o]& X

S

39 57} wol &4

ﬁo

fite)
o4
B

B/

KA
HE

HAE olmA =

- =
— =

=}l

.

—_
fi’e)

H 2] (Dlgital

‘g9

A

TAearE FHAT2]

pathology)” A]tj ol A =

0

N
¢+
el

dof[13],

o
=
Bl %] (detection), =&

Hcomputer—aided diagnosis, CAD)’

=

HZx

AR}
=
T

)

—~
10

S
=

o 9 (Region of interest, ROI)

RNEA S

s

T (diagnosis), 4] (analysis)

(segmentation) s} 1L

file}

o

(Artificial intelligence, AI) 7] ¥ <

[12], [14].

AT 7]

Ql

=

S

o8 oA WAl A AFE ol AL

5
T

20164 ©]

v}

%

]

SRR

o] tH15].

L=

o)
=

2] 4d (Deep learning)”

“)
I=]

H o
H

H}

%9

Tor

A



oM =

TR EA16] "2l

ki3

(artificial neural network, ANN)’¢]

Fo}7 oju]

S
T

A 217 % (convolutional neural network, CNN)”

oR

—~
fite)

SRR
SR

of i §lel

"
44

W
ToR

o

i)

=N

~

I

h A

e 171,

EN
=]

s}

o=

s
zS|

(k-nearest neighbor, KNN)'# <ae] &3 v

=]

o
T

|

B9 H18]. KNN

S
=

7|dko 2

=
=

o] 7%= (pixel intensity)

o]},

arel &

oW

o

o] FaliAl=

ol
=

i)

)

73 °]

=
[e)

Wi =7ed 2§ 7

A

!

o

il

o

g
B
i)
o

F71ell, dA A o

)

bo] i s|ofo}

Ptk e

S

7}

g

3

b o,

file)

s v

o}

R



=0

H

Al 2 & AT

2

B

o
o

o7

)

ox

¢

@

ozA ded 71yl

o

oo

N

_?_

L

Al 1 A ©lol g H o]

dely 44

1.

ol A a3 = A 191

=N
[}

= olv 3% Kim

dlolH

B

W
s

—

<

)

o] &3k 2008 &M =

=
=

‘Spot RT3 YA€ 7}d 2t
o] Hole = &85}



1 = = 5 =
d1. E7] 9 Fol A E dE X2
. E7)
[e]
%
Zo 24
o] = 2=
= 2 -
‘_1
Eﬂ'o]

[

L TD



2. o1 x| F4](annotation) A& % Ground truth °]w|#] AJ4
PYZSTE x4 Sgolt onA A £ SH2e (1) ASHE
o, (2) YEFFET obd A g9 FUHAR UFAH F4
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7k =7F o] &St al, FUHA EU AR 49+ F HRIE F
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a382. ¥4 HEYE T Ground truth A A
(a) 9 ¥ (b) Ground truth
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shute] H AL instance<t] FAIEE k79 1 HAY vluste] #3
ANE AH A=k W ZHYEASAA A8 AFUdE YHeS B5

B Ao = ok Aol 22 &glo]= o]u| Ao Br3o] instanceE
st F 1670 AyE FE3F . o] F T4 (annotation)d} 7}
3}

DA ATt w2 ofm Ao stEo] v AiE FE5HA

2. U-Net

olu] x| ®&(Image segmentation) 7o HEZF 02 ALgEH o8
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Olr
o
X
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S
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1

2 QIY-f =Y
(Encoder-Decoder) T+Z22A4, A0 UA Z&S o]t 194] =

Clof| Al ojujz] Hute] Al 7+ ARE #335te] 54 XA Z(feature map)

U-Net9] T83 54 F 3stuhl ‘skip connection's o] &3t&=d], =

olm Ao A EAL FE3H YA AR EdHE AL WAFo RN

olmlx o] W ZAFHeAZ o] HEld 7IHE Hgd Ad AF7t ¢l
owg H AFoii= 7 7]EAHQAd Fx9 U-Net 22 Vanilla
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of MlEe HAf&ol AXE £AE sHAsty] A oA E 22 279
A2 o] s5e S0l JFH FAe wE E8 9de
‘confidence map' .24 z} Aol 071 HYo Home= Foro
st FER yeuH, of FEd HA(threshold) & HAAste] HF &
of AARHAY. HF Fdo] AAE o|n A= gray scale®] o]zl o]m]A|

(binary image)® YElYH, F3x8]E B 4 FHP=2E RGB 7 255, 0,

0, ‘0, 0, 255'= YEFH AT

Y4, U-Net B 2% % 99/29 949 A28
1 64 !il ‘.I_s ‘(f b: 1_
> -
Input image i [ Output
(128,128, 3) ImLm ?m frag : confidence map
b‘ ‘ i ’V Threshold : 0.5

y 2% 2% Mz %
* Down-sampling - } i >
v 2 52 1024 512 i = '
*  conv 3x3. RelLU I I il r
|-|- | 1| C - -
4 Up-sampling R 1 " A
g g = |

‘ RGB




a9 5 "HE8d AA 5=

pro](?::::ing u - “ u? u u

Input image
(128, 128, 3) Model Model
I » ode » ode [ Tost w0

Annotated image Training Validation . ;
Predicted image

(128, 128, 3)
(1600 x 1200)

/

L dlolg Al Fv

2
2

S8 F 16749 dHolHE 37019 RGB AER  o]F
(1600x1200) =L71=, FHH} HZF, 28 HEEd 7} 8%, 4%, 44=
AbgstATh E- olm A 8L (128x128) =719 A= FEhA
AEES T8 e, x= AA ol #](1600x1200) 2] €5 ol A 5

B ogx olgl7tn exdow i olu AA om oA w9

A
i

aA71E AA Esh= 4 S mirroring 71 S AFESEE T IET]
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238 6. X AA 2 mirroring 3A
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2. "oy 54

dolg ZF7 7ol 3 (Rotation), ©]% (Translation), WA (Flip)
of AZHA WS ARESEAT st d olmA T 3] Fe -
107+10%=¢] W, o5 A% &/s/2/F 20084 He HeldA 9
(random)® A&H =% siglom, wbde] A5 /% whdeo]l 2852l
Uk webA 127 T8 olm A= Z} oA mit; A 7bA] 7]We] Zb §]
ol Al 7292 485 S 64 FaE o

=i

3. 2d v 7} ¥ 4= (parameter) A A

v} %] A}o] Z(Batch size)™= 24, ¥+ 5 (Learning rate)= 0.001Z A4
3 5 538 epochE 25022 3}o], model checkpoint 3545 3] A
validation IOU(intersection over union)”’} 7} =& &

=
49 epoch & A8 3L, olwe 7tF A (weight)E A A3t

o

o %] (threshold) A4S &3k A3} oju]x| o] &3
=9 942 confidence map o =24 2z} Aol 071 WMLl &2 1}
Eldtl ol IXE 052 AAEAIL, 05 o] A$-
kel A9 22 gdogor EExo] oz on A2 yEhdt

&3 d=TE= RGB @ (255, 0, 0), =22 (0, 0, 255)=A W&kt

WA 5 A&ete] FH} oFo] 2 £ oln|A = x| L )
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Aol wrol AMAT ¥, B AAInA 27191 (1600x1200) 7]
22 9% 9y Zehol HE A oMAE Yy

o ATolA U-Net 29 F+d3 7| ASES #8] ARE3E 42
they 7ok 7)hk T8¢ a2 Python 3.8 7|4 Jupyter notebook}
Ubuntu 18.04.3 374 & AF&stATth dHely dAHg 2 FE(inference)S
#3 OpenCV$e} Matplotlib felH e8] & Al&std o $H 349 u
&35 98] Tensorflow-gpu 2.5.0, cudnn 82.1, cudatoolkit-11.3.1,
GeForce RTX 30909 374 -& AL-&-33

St B4 ol A Loss® 4% Binary cross entropys AF&3I% o™,
Activation functione Sigmoid(binary), optimizer:= adam &+Z A&

skttt

ZIASHs ¥RE kel A= ground truth ofmx[ep A G =
) L 3ke] A S (Accuracy) @t 717 % (Sensitivity), AUROC(Area under
ROC curve)® H7}etdth 18la olux] B&o|a] g oz A&y
+ Intersection Over Union(IOU, Jaccard similarity)®} Dice similarity
coefficient(DSC) 8 F7FA] AZ & Ab&3ste] vttt BH|AE o]nA

4o F@ AN ALgetA & dolHE FAE
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A3 AT A

A1 A d8d doly +A4

oA A FAHAAZFCNN)Y FS 98 753 AFEUE

FE x2 Sohol= oluX = 8vtele] E7]1¢] tibiaed] A HE 16742

ETUE x4 Sdol==m, HolHA AL [LE8]y Zuh A oA

= (128x128) Atolz=z A3}t s W F FH HolE Fx

augmentation®] & E A &2 A9 1,040 3| X, augmentation®] P

B 6,240 A 7F FHE AFEHAT. o] F 4FS Sl HFT GAE 7
= A¥E vk

A RS AAstal, HAE doly 47 C

a9 7. delgA T4

Training Validation Test

8%

(128 x 128 size,

)
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¥ 1. 3ty o)u Ao #F instanceE A A3 kNN A3 - AA o]n] X

No. 1 2 3 4 o 6 7 8 9 10 11 ' 12 13 | 14 15 16 | Mean

A= 98.82) 98 198.26 99.29 99.161 99 99.58 98.01 98.65 99.49/99.47 97.66 94.26 99.38|99.61/99.04 98.61
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1 2 3 4 S 6 7 8 9 10 11 12 13 14 15 16 | Mean

92.84 83.52 89.64 95.18 91.13 93.89 96.51 84.41 91.5 96.77 96.54 86.45 | 65.83 95.2 96.63  90.17  90.39
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¥3. ‘No.13’9] =3 instanceE A A3 kNN 247
[3£2]9 A 65.83% = 7F4 A3wrt A JERY No.l3el A& x7F 91.39% 714 S&ArE 9l e& 3helshql o)

O

No. 1 2 3 4 o 6 7 8 9 10 11 12 13 14 15 16 | Mean

A% 9542 1 9546 | 73.41 88.93 | 78.62  86.48  81.28 67.76 | 68.42 92.85 90.28 61.75 1 91.39 85.8 | 95.98 | 68.96 82.67
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positive, TP), ¢ %A (false positive, FP), ¢ <4 (false negative, FN),

l-rl

(accuracy) %} W 7} %= (sensitivity), E-o] = (specificity), =3

AUROC(area under receiver operating characteristic curve)E& =74 s}
dole T4 /¥ Hod =2ES kNNF #lustloi 4], o u
AUROC+= X=% False Positive Rate, Y=< True Positive Rate® =
ste] FA7k 19 eSS FP o] TP lge] B 40w 452
# st wdolda Bad 5 vk

41
TP+ TN
Accuracy =
TP+ TN + FP +FN
2] 2,
e TP
Sensitivity = ———
TP + FN
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2] 3.

Specificity =

FP+TN

E 4 "HZ2EA 472 B4 99604 933} kNN 23 8 (1)

AA o]w A

Augmentation Augmentation
KN g ge wa | e wa
Accuracy 0.9931 0.9951 0.9972
Sensitivity 0.9882 0.9991 0.9982
Specificity 0.9956 0.9930 0.9967
AUROC 0.9919 0.9999 0.9999
A 3
Augmentation Augmentation
KN s ge ma | aae w
Accuracy 0.9489 0.9625 0.9786
Sensitivity 0.9068 0.9931 0.9832
Specificity 0.9672 0.9492 0.9766
AUROC 0.9369 0.9954 0.9979
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83 HF A olu A9 ground truth®] °oJv] X &S 2 #H o
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2) Dice similarity coefficient(DSC)
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£ 5 HZEA 479 #4 9494 "2idId kNN 23 H 1 (2)

Test No.
I0U D
1 2 3 4
kNN 89.64 91.13 65.83 90.17 84.19
Augmentation
gt 87.59 87.17 91.36 89.84 88.99
34 e md
Augmentation
gm_ 92.15 92.82 93.71 94.91 93.40
83 =d
Test No.
DSC S
1 2 3 4
kNN 94.54 95.36 79.39 94.83 91.03
Augmentation
gm 93.83 93.15 95.48 94.65 94.17
A g2 2
Augmentation
gm— 95.91 96.27 96.75 97.39 96.58
gk =d
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a9 15, HRE T AFo|vw A vu

(A) HIZE o]n#] 01 (a) 9% (b) KNN (¢c) ©H#Yd data augmentation A (d) ¥#d data augmentation %
(a) _ (b)

(¢) (d)
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(B) H2E oJu#] 02 (a) 9% (b) kNN (c¢) B3 data augmentation A (d) ¥ 24 data augmentation %
(a) (b)

(c) (d)

92.82%
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(C) HAE olu % 03 (a) Y& (b) kNN (¢) data augmentation A (d) He#lWd data augmentation 5
(a) (b)

(c) (d)

94.91%
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(D) H|Z2E oJu[#] 04 (a) Y& (b) kKNN (c) data augmentation Z (d) B2d data augmentation %

(a) (b)
i

(c) (d)

87.59% 92.15%
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a9 16. §8 9 Data augmentation X/F ZAFo|A FAAHoZ Fg4d Aol AA

A. Aol2 1 (a) Data augmentation A (b) Data augmentation %

U-Net — Data augmentation &}A| 22 2 & .
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et @

el
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U-Net — Data augmentation

e
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B. Aol 2 (a) Data augmentation A (b) Data augmentation ¥

U-Net — Data augmentation SHA| 22 24 U-Net — Data augmentation &l&ist 2 &

Hee
94.91%
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ABSTRACT

A Study on the Applicability of
Deep Learning Technique
as an Assistant for
Histological Analysis of
Dental Implants

: A Consideration on the Separation

of the Interface with Surrounding Tissues

Min-Sun Lee
Department of Oral Pathology
The Graduate School

Seoul National University

Objectives

The purpose of this study is to examine whether deep learning technique
can be used as an efficient and consistent aids in the bone
histomorphometry of dental implant tissue images. To this end, the image
segmentation accuracy of the implant and the surrounding tissue was

evaluated compared to the previously developed staining color-based method.

Methods

In this study, images taken at 200x magnification from 16 dental implant
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specimens placed in the tibiae of rabbits were used. Through image
annotation processing for use as ground truth, an entire image was divided
into two classes: an implant area and a tissue area. The region of
interest(ROI) was set around the boundary line of the two classes. The
artificial intelligence methodologies used in this study are kNN and deep
learning U-Net models, where kNN is a method of segmenting color based
on the representative pixel value(instance) of each class. The U-Net is a
model actively used in Al-based medical image segmentation research. This
study used the Vanilla U-Net, which is the most basic structure. To
compare the results between the two methodologies, test images not used
for deep learning training were used. The ground truth image and the
predicted image were compared on a pixel-by-pixel basis, and the accuracy,
sensitivity, and the area under the ROC curve (AUROC) were evaluated.
Also, the segmentation accuracy was compared using two evaluation
indicators: IOU (Intersection Over Union) and DSC (Dice Similarity

Coefficient).

Results

An instance was designated by randomly selecting a single image from
kNN, and the accuracy with ground truth was compared as an IOU index
by extracting predicted results from all image data. The accuracy of ROI
was 90.39% on average in the range of 65-96%. Of these, the lowest
accuracy was 65.83%, which rose to 91.39%6 when the instances were
reselected according to the image, and in the predicted images, it was
observed that the boundaries of each class became clearer. Through this, it
was confirmed that there is a limitation of requiring the observer’'s manual
intervention to adjust the reference value each time the tissue image to be
evaluated 1s changed, which is the same limitation shown in the previously
developed staining color-based method. In the ROI, based on the implant,
the average sensitivity was 90.68% for kNN and 98.32% for U-Net with
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data augmentation. The accuracy was 94.89% in KNN and 97.86% in U-Net,
and AUROC was 93.69% in kNN and 99.79% in U-Net. IOU was 84.19% in
kNN and 93.4% in U-Net, and DSC was 91.03% in kNN and 96.58% in
U-Net model. When the deep learning method was used, superior
performance was confirmed compared to the existing color-based
segmentation method. In addition, in the segmented image, it was shown
that the segmentation into two classes was more clear than kNN without

encroaching on each other.

Conclusions

Deep learning technique can compensate for differences in results between
observers that may appear when measuring bone to implant contact (BIC)
and bone area (BA), which are important indicators in histological analysis
of dental implants. The potential of deep learning technique was confirmed
for development as an auxiliary tool to improve the consistency and
efficiency of analysis. If tissue images including various aspects are obtained
and training based on expert annotations is accompanied, it is determined
that it could be used as an assisting means of bone-tissue analysis in
pathology laboratories by possibly achieving segmentation accuracy from

tissue area to bone and non-bone area.

Key words: Bone Histomorphometry, Dental Implant Segmentation, Deep
Learning, Medical Image Analysis
Student Number: 2020-24988
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