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Learning Method in 2D Abdominal CT Image
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A12d 4+ WA

F4a-Z(sarcopenia)olgh W ote} o WAsh= 253 1o & 4
40} gl AFgEE gojoltk(Morley, 2001). & = =
o w=A F7keskal Qo] FgASol ditt BAHE F5okl TN EAR,
2012). 1o @2 A3 IHAZTO] o FAe] & T
+HaFol  F @AY ABES  wA= FF 5ol dd
(Blauwhoff—Buskernolen, 2016)(Reisinger, 2015)(Fukuda, 2016)(Bokshan,
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Al 14 CNN

AE o} Zofoll A Held dueFe] e g AES
5] CNN(convolutional neural network)-2 #FE H|A, o]n|z] Q1A 59 Hof
oA Hojt A5-2 Hth CNN-2 DNN(deep neural network) Zof shutz
AT A= B 1 A Fxolh
LeNet-5(LeCun, 1998)= =30l 2291 &2 5 1A st= RH= A CNN
9] zAo] 5= Rdoltt, CNNoA = F2 AE&FA #o]of(convolution layer)
.

o} =4 E]O](ﬂ(poo ing ayer)7]— AR ETH AEFA golojoie EA W

(feature map)= ARt & HEFA #lolo]o] & FHof Uit S Aty
=7 g FEUh B dololol At 54 We| 2718 Zoln SH e
gt (18 2-112 LeNet-59] HIEQA x5 Yehd olth
ouT P T— Ca:f. maps16@1ﬂxl£4 1 s (@5
32x32 6@28x28 S2:f. maps C5: layer g OUTPUT
6@14x14 120 o il

|
Full oomjjacticn | Gaussian connections

Subsampling Convolutions  Subsampling Full connection

Convolutions

(1™ 2-1] LeNet-5 YEYT FZ(LeCun, 1998)
A2 A 2 YEYI
O]U] 2] B (image segmentation)©]gt o]u]z] MA| 9] Zaf|~(class)S =3}
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1) FCN

forward /inference

backward /learning

[19] 2-2] FCN HEQIZ FZ(Long, 2015)

FCN(fully convolutional networks)(Long, 2015)-2 o]u]z] EFofA A
A2 719 HEYAE ol8s| oulEz ZEgol A el

=
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connection architecture) & =Yt [1H 2-2]= FCN Y EY I FLZXE YE
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2) DeepLab v3+

“Encoder :
1x1 Conv] —» 3\
Image DCNN 3";{2?\; _’ﬁ
Atrous Conv 5 7
= = 3x3 Conv /////
e || G- -
& it 3x3 Conv 1
ratle18 | ™" ‘
Image A ﬁ
\_ | Pooling —"‘ y ) ‘
‘Decoder i
Upsamp,e }
Low-Level 4
it l & Prediction
1x1 Conv| —» @% %@4[&6 me] Uﬂxfgple ]g N\

(1™ 2-3] DeepLab v3+ HIELZ FZ(Chen, 2018)

DeepLab(Chen, 2014)2 otE# A AEFH(Atrous convolution)= A
=2 A8t uje2 £ ol ofER A HEFA
A G2 R A AR EH= AT ES ouEA 22 AR A5, 1
A3t £ (pooling)& AXHA £4 Ho] 49} = wAHS sidstar =
o Gl A 7E AEFAT FLt o mhet
gl et AAFS FA 4= Aot E5F 2 58 Y (receptive field) 2 5l JE
o] &4 At 4 Qo Tt F2 4

DeepLab> ol H1o] HHA & AP 7P 4l HA 9] DeepLaba
DeepLab v3+o]t}. DeepLab v3+(Chen, 2018)+= otE#H A AEF M Zo] o
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EF 4 (Atrous separable convolution)& A|QFstth, &9 B HAZFHolzt 71
24 "E 7t FAlo 837 EA& (spatial feature) ¥+ 29 % (channel feature)S
Aot Ao Eefste] 247t Aok Wijolth. EE& iﬁ—% 857 BE
A7) wzol 71&E HE
of dibFE Adel &

<

DeeplLab v3+2] HE
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3) SegNet

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image B conv + Batch Normalisation + RelU Segmentation

I Pooling Upsampling Softmax

[(17 2-4] SegNet HIEL]Z FZ(Badrinarayanan, 2017)

71E9] oujEd £ RdE
(subsampling) 52| A4te 523l &
A ST - HoA HA Thejr FusH 22 4 U %E’r. EgE AL
of AU metr|y 47F WotH ASLrt oA wE 2S¢ gl
Ht}. SegNet2 ol2|gh 2AIES ol =
2ot ALE AZE SHo|A a2 &)
=

SegNet(Badrinarayanan, 2017)-2 <u]22 A 9] EI(semantic
pixel-wise segmentation)= $1?F FCNN(fully convolutional neural network)
ofZ|El A o|t}, 17 H (encoder)oll= VGG16(Simonyan, 2014) YEHI Fx
A g A ASE AR 137]9] FloloE AR & A AT Al

W2 ALFS 82 ot onfz] EF(image classification) 2Fde] a3t A
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A1 2 EYI oFIEA

:’ —> Pre—Processing —>  Augmentation Post—Processing —»
concatenate

feronii|

conv 3x3 - max pooling 2X2
up sampling 2% 2 - conv 1x1

(17 3-1] A B 29 72
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A(patch) F97EH HFSS Adsks TS =do S27t w=o [19
3-2]= U-net HEST F+25 vepd o]t}

input
image | s > |
tile - il

output
| segmentation
A 7 map

3R x

H

< 'B’D E’D’U = conv 3x3, ReLU

i ¥ copy and crop
D*[H:J ZI-»B-E # max pool 2x2
4 up-conv 2x2
D‘:’I{: = conv 1x1

[(19 3-2] U-net YEYT FZ(Ronneberger, 2015)

1) ¢l3y

4% Zd=2(contracting path)gtil® RBE2E JAFT A= dF o]u|x|
ZEAE (context) AEE Aot 4o dA ot & /9] 3x3 AEFHAS
Susitt, ojuff AERHL mid(padding)©] AH-EEA] ¢kot EA o] TGHAE
Aol met 254 Eole™ 43t &= RelLU(Agarap, 2018)E A&
t}. ZrZ+o] the AEZ3(down sampling)olls AEo|E(stride) 27|17} 29
2 £ A4k ARtk o] dAlelA B4 e A7) Hhtew

Zol51 EA A (feature channel) & F 2 Fojdt}

-

c
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2) "2Y

S =2 (expansive path)2t1lk HZ2+&= fIHoies Hadst 9] AH
(localization) ARES Lt} fHAL QHE e} ] LR E o2 Q1 z+z+
o] Attt A MEH(up sampling)S Zagtet, TGAnic 2x2 o AEFA
(up—convolution)& 4845t H oln] §4 Afdo] 7t Ao g Fojgi 57
ol 27171 F vij= soldth. et @A) /1T Y dAlA Y 54 HWat
A AZZHAE EA WS A5 ReLU7} Tty 3x3 ABZAH dAAkS 3%

G5 ARE 59 ol 54 We gulEA 2ol R TR o SAH=

Hog uFo] B2 o s=7t FASHA Rt o2et AH O £ W AX
E2 W(coarse feature map)©]2tal HEt} ou|22 B3k 517] QA= A
54 WS 9 on|A] =271l 7HEAl 7190k sh=dl o] BgollA WAL o U=
AT &4S JAFHA tgE e dA S B4 HE dato=a Fust o5
o] Z7Fsafiztt

A 2 4 oluA A=

D dleld S

CNN HE{=Ze] Zol7} Zojfe] wat HAes Hstr] flsiA= HH|
olgof o]&35HA Htt(Shorten, 2019). A gro|gt sl shEEo] ¥
H AHE SolMe dF o5 ol oS AgEE HolxTh A Ho]H
gt @a7b F7tole @42 Stk SEX|TF olm At HlolE et ol A
Zh oHE O 2A= vl HolHE s ofde F-9rF dth olH T
B85 Hole 5% oA =52 4 At dlold 42 HelH e d= =€

O
= 2 =



ks

g =
27 Qe B =RoAE A Wew A7) W
-

reE
el

2 (Fuclidean transformation)©]2talt:
Bl B EE A 1E ST S Sk I8 2B
Ho}

Wijolth, [4 3-11, [54 3-2], [5A4 3-3], [54] 3-4l= 44 2

'rscale} _ [Sx 0 [l’]
Yscate 0 S,z,/ Y

(541 3-1] 27] wigk 44

)

[4=4] 3-2] 3] WHgk 54

|: reﬂect} |:
Veflect

xroml‘ion:| _ {COSG —sind

Yy otation Sll'lﬁ COS&

‘f
UQ
o&
rE
rlot
>
)

[xtrdnslation} — [.I']+

Y1ranstation

<

4] 3-4] Baols Wsk 4]

24 dold AES F4% Ave ARE (27 3-3)3 Pk
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2) olmA] HA =

HU(hounsfield unin® CT g4 ZFE o 7|Eo] He Dol et
CT @4 AZE {5 tola(dicom) 2R E =53 P4 5 HU=

Atk S AAoF . ojuf tholE e H L(meta tag)oll U= €
2719 &2 X (rescale slope)@t Z|AAY QB E(rescale intercept) FEE
ol-gaf WA e ARttt oS A AX TR o7l A I
= HU= ®ggio. [4] 3-5]= g4 35 HU= ®¥gsh= Aol

hu = (slope) X (pixel) + (intercept)
[=4] 3-5] CT dlo|HE HUZ ®¥%

3) olmx] A

2% 9 maIele 2% 9ol Wit AW 2o B 2zo] mgwo]
e TPsAol itk webA olulx] FAE Fo 2R AT UmAE
% 9o vpaIoA A FE B3e ST,

oJ

CT ¥4= HU=z WAshd HU9 "ol wzt 944 el 25= dobd
g Aok CT owr|9] o] AADS FAshe=

3071HU®IH. 71&3k 0HUSl —1024HU 28 F7], 3071HU £Z-& 2o}
U o 22 1k w2 2AS Yehdth o] & 252 100HU FZolw £
ERAE -29HU ~ 150HUE <59 H ‘ﬂé%i Aot (1" 3-4]0
A (a), (D 2% 99 vt2z019 (), (D=

S oy

-lol'
_E
i
R
o
ol
o
=)
>
u
o
o

_14_



1lglielis

g
3 @ 8]

S0
cle]

(b)

(@)

AR wtaz

AP E

upazieh

=
=

(18 3-4] o2

_15_



A 47 A

I'U>"
el
e
i,
1)

(B 4-1] A9 &4

7 NTES
AMD Ryzen 7 5800H Processor
CPU
3.0GHz
GPU NVIDIA GeForce RTX 3060 6GB
RAM 16GB
OS Windows 10 Home
Language 3.8.11
Deep Learning Tool Pytorch 1.9.1 / Tensorflow 2.6.0
CUDA 11.1 / CuDNN 8.1.1 /
Library
OpenCV 4.0.1

Al 2 d A4 HeolH

gole] ME+x GE AR BrightSpeed, Discovery CT750 HD, HiSpeed,
LightSpeed, Optimal CT660, Hitachi AFe] Presto, Philips AFe] iCT 256,
Siemens AF] Aquilion, Definition, Emotion, Sension, Somatom 2A7jUE
ARge] 92 CT omA|= =T CT 949 A7) 512x5120]th 1
w5 EFX(ground truth)= 8¢ 7329 om JA E47Pt +5o=r 4
ot AR, A AE 5o A ARO7E HESHL A%
Z 87319 EX(abdominal) CT GAH 188t EZX fo]HE AR
SiA Aele AT oF 30%° sigsh= 260719 HolHE HAE HolH

2, °F 30%°l sigste 26079 HolHE AT dolHz AR, YA
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353719] dlolHE ¥ dHolHz AR ¥ CT d4 dHolHe
(voxeD® =0l glom, A dHolHo w7y SdLe
121 o] Sdaz A= At [I9 4-112 dlolE Al
H 2ol

Im =
o
4
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[Z17 4-1] Hol8 AE o]u]A]
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A3 A &4 B4 Bt AR

D &4 o=

&4 &(loss function)= AT HlolHE EHZ 4H&E3 Ao o &3

o AA L] AolE Yetlie A ;oW olE Sl A5kt AA glholl Hiek

2 Eole H /&S AMEE & Ut 2 =wolAe olR 1_17-7\]' NE=Z
o (binary cross entropy)E &4 = ARSI A8 F4(optimizer

function) 2= Adam< ARE-3Ict.

w2} ME=Z5(cross entropy)= A1AW-S 7ok Ul AREE dyra<l
£A ke F stuE, M4l #d(machine learning) 9] B Er’“o] Hupr} 2
TYE =2 SHsH] Yol AREEE A FEo|d. 1% o]%l
T ARAH 2719 AR ERT 5 e ol ERI|A ARgstr] A4

g &4 gholn] Al theat gt

BinaryCrossEntvopy = — (ylog(p) + (1—y)log(1—p))
[4=4] 4-1] o]A W} ANEZT 4]

2) B7F A&

ndo] 45e WSk AL HAl oY Rde BE AL 2
sttt HehE(accuracy)e A Flole] % dlolel7} o] 4B o8

flo o

oujste] 1 AL chgat 2t

TP+ TN
TP+ TN+ FP+FN

[Z=24] 4-2] ATE 24

accuracy =

ojwf TP(true positive)= AA < ALESE oz oS53 4%, TN(true

_19_



negative)= AA| AAR S AAoletal o535 79, FP(false positive)=
AR AR AFe FHolgkl of| =3 ¢, FN(false negative)S AA] el
AES AAlolgal oS3t F-folth. go] 1o 7heas S A5t
AL oulgttt. [E 4-2]= 2% P=H(confusion matrix)2] sl UeEpH Zo]
o},
[ 4-2] &5 3=
= A
QX]] %}: _ 01]"1 E‘Yq— .
positive negative
positive TP FN
negative FP TN
IoU(intersection over union)< AA| kit oS gho] Aty AX|st=2]&
onlsh 1 A2 oyt Aot
_ANB
LU= "5
[5:4] 4-3] LoU %:4]
oltf A+ 95 99, B= AA ddoltt IoU Astzl fsiA= 71+
o] Xl YdZAZk(threshold)e] Qlojof dt=t] & =FoA+ 0.5 dAFC=
ARSI gtol 1of 7keas A7 A HEH e Aoz AT,
DSC(dice similarity coefficient)= F4 B Z3E Hlwste] ot H
AFREZ] Hrfsl= Aoz Ale oS3t At
B 2TP
DSC= S rp T FP T N
(=41 4-4] DSC 441
o] A= Aoz SN 4
o] EFEHEAIe}t HHS

= AA 3 =T o
& Ao it 1..:1—2}5 IoU, DSC2]

i3
- 920 -

=

gkol 19 717t

Z}o
k. [E 4-3]2



[3 4-3] 7t A3t A3t

Bt EE HX
Ao 0.98 0.03
IoU 0.78 0.15
DSC 0.87 0.14

tlolel 7ol A85 &£d HolelE ol&d] Atd R £HS Y
Aot Aol AFgHE wjx o] A7) 32011, F 10 °|E(epoch)E AT
Ty 2dS S 3 o] ER CT JAoA &6 BTS AyPst= b9
+ oF 1271 285k [T" 4-2]0014 ()&= 98 55 CT 94, b+
™ A9E vger A4E odF ntaa, (O A5 mraae] our] &4
25 A&t mtA=, (de @l (©F W ol ofn|xjojtt,
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ABSTRACT

Accurate Muscle Segmentation Using Deep
Learning Method in 2D Abdominal CT Image

Cho, Da-Som

Major in Computer Engineering
Dept. of Computer Engineering
The Graduate School

Hansung University

Quantification of muscles in the body is an essential factor in
evaluating human health. For a long time, various studies have been
conducted to effectively evaluate human health, and among them,
qualitative evaluation of muscles using image forms has developed. CT
images are useful for evaluating muscle and fat because they allow
accurate visualization of muscle and adipose tissue areas, especially muscle
measurements based on abdominal CT images are closely related to
actual muscle mass. However, the task of segmenting muscles in
cross—sectional images requires professional knowledge and complex
processes, and is time—consuming, cumbersome, and limited human

resources and time have made it difficult to apply to large datasets. In
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this paper, we propose a fully automated muscle segmentation method
using deep learning in abdominal CT images. As a segmentation model,
we used U-net, which is fast and shows good performance for
biomedical image segmentation. Training was conducted using learning
data that conducted data augmentation using rigid transformation, and
areas other than muscles were removed from the muscle area mask
through image post—processing in the training results. The learned model
showed 98% accuracy beyond the clinically usable accuracy, and using
the learned model, it took approximately 1 second to segment the

muscles in a single abdominal CT image.

KEYWORD: Deep learning, image processing, Segmentation
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