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Abstract: Although benign gastric ulcers do not develop into gastric cancer, they are similar to early gastric cancer
and difficult to distinguish. This may lead to misconsider early gastric cancer as gastric ulcer while diagnosing. Since
gastric cancer does not have any special symptoms until discovered, it is important to detect gastric ulcers by early
gastroscopy to prevent the gastric cancer. Therefore, we developed a Convolution Neural Network (CNN) model that
can be helpful for endoscopy. 3,015 images of gastroscopy of patients undergoing endoscopy at Gachon University
Gil Hospital were used in this study. Using ResNet-50, three models were developed to classify normal and gastric
ulcers, normal and gastric cancer, and gastric ulcer and gastric cancer. We applied the data augmentation technique
to increase the number of training data and examined the effect on accuracy by varying the multiples. The accuracy of each
model with the highest performance are as follows. The accuracy of normal and gastric ulcer classification model
was 95.11% when the data were increased 15 times, the accuracy of normal and gastric cancer classification model
was 98.28% when 15 times increased likewise, and 5 times increased data in gastric ulcer and gastric cancer clas-
sification model yielded 87.89%. We will collect additional specific shape of gastric ulcer and cancer data and will apply
various image processing techniques for visual enhancement. Models that classify normal and lesion, which showed
relatively high accuracy, will be re-learned through optimal parameter search.

Key words: Gastroscopy, Classification, ResNet-50, Gastric ulcer, Gastric cancer

Corresponding Author : Kwang Gi Kim

Department of Biomedical Engineering, Gachon University
College of Medicine, 21, Namdong-daero 774 beon-gil, Namdong-
gu, Incheon, 21565, Republic of Korea

Tel: +82-32-820-4036

E-mail: kimkg@gachon.ac.kr

Corresponding Author : Jun-Won Chung

Department of Biomedical Division of Gastroenterology, Department
of Internal Medicine, Gil Medical Center, 21, Namdong-daero
774 beon-gil, Namdong-gu, Incheon, 21565, Republic of Korea
Tel: +82-460-8203

E-mail: drgreen@gilhospital.com

£ 5o wsly| S A B EAR L 4R E AN F U] 2010dE
WA 52 B A ) ASFAALY (Grant number: A0602-19-1032)3}
20185 7Rt Al dAta] 2o ofsto] o]folX A% (Grant
number: 2018-5283).

LM &
AAFE 91 o] BEHOT F ATE Wkt 9]
AP A AU oHy AFOR vritd, oy 9
AP 271906k EL AWSIAOR HRHL o) FF

% ShtolcHl.

FY UYL oo WAL AR 27] 91t}
Sl Sfgte] o] o) uhgel 45 4] 2] flet
X giokolet Wekg 540l itk ola W R
@ A% A7IE B2 4 ek Fold et A

S Sigrel w7 ohzl, WespAL vk

og

i
£ o

101



102

WAl et YA S ol &

&7 Aks B 2l - g

o

A - 3 -

oY

e

F919) 2719192 A Fjeke EE] 44 o wivt
gt mRRA R ol 8cte g 2ijlo] ofgg] 7] W
7Fs/dol @Als] WojA7] miZe] A ez wdd vt

Q71 #7141 9]
Z £ 53 ¥ie =7
AL 2 e Flo] B9 Fasihs).

7R 4R
of et @?457} i

BFQ oA A
EARE v=o] B
10| oJahd 44%= WA T BEAIQ] Aoz =ayrh4).
A A AL o3t o&Tte W 9 AS Fo]y) %ﬁﬂﬂh
Argh o ol 2AH S AJPske] 225

o F= l =th oPZlUP s ”U A7} BhFofl Lﬂﬂé}—‘a w

o
N
N
1
-
oX
%
4
QU
x
o
B
EY
i
rbl
=
il
12

% 41& <o) okt

ukoF 22 ZAA} A7tz o] Al YA HAAR e
AFgsteto] Al7ke £Y 5 ok QA HREE I
A 928 Fola BAe] AR WEREL Z7AZ 5 Qe
Zolck. olgat AL agHoR 3 4 QA Fr AFE

2% A (Computer Aided Diagnosis, CAD) A|AH] 29
2, J2d(Deep Learning)o] sfjd Hofoj| A 2hits]

A7EE oI,

YA Boko) deid 2e 71wl dA, QR oF
FANAE o HAELS ¢35 Single Shot MultiBox
Detector(SSD) op7|dl A& 7|Hto 2 31 Al Al =
e o]-85HAAL 13,584719] o|m|A|E Bh5AIA 47zt
2,2967119] o|m|A & 92.2% W= (sensitivity)2 =3t
v} QIt}5]. =9 Zhejiang tigtuof A= GPDNetZ ©]
Bl 8334 e 5L SIS BRSS 273 A
5‘ &3t o
3o 88.90%¢] 25 Yehwe Berk6]. BH =
of tfe A gelA L Sl Wel olul XS |
ARG AAE AlE o]u]R]of 4] AlexNet
okl HE= 69.9%5 FATHT].

A7 e ok ogx}g HE‘E‘?_}- A= AP A
Poll A &) Het & S-8=5 fsiMe T o]
7ol maol A9

o o 23,7878 thde® 3 WA ol A €]

H|-&9] ﬁ_} Ao A AA e 11.3%7F

of| A —‘T—@rﬂ TR R 1 ofof] Zeh Fehes= 88.7%=

g %)=t (8], Zhejiang EH oL A5-9] 88.9% Th= A= W

AZee] ARk} ulE T 4Rk A o 4 gtk ol

% (iterative reinforced learning)o|gh= ¥

rﬂ J%

(2

|

r-111

lo & go o~ r
g Mo

e ool

G2
%QN
=§jgr-{n:rulmz.:
3 02 T

-
—rué
o>“§',=

B:l

oo,

=
o ox N
c—)lE_\glo
1 dr
OZizlm

o
=

i
64+F
r]T

oo

2 Aol M= Abere) detEoh At 2 Ad Be
TTE gt WA AEole Bs ApE Folaat &)
ek E=3F oHA e oju|x|9 91¢F &7 AtolA 22 A
AL 2] Al ol E A BRI AR g, 2 A
ofl o] INAIG olmA] EFolMe 2AHAL thide] He
5 wEA Al o =go] iz} skt
olof whe} 2 =FollAe  AAEY 71N 9] WA
ApollAel A4 ST BATE SIok AT S

Pz 2Rsle] Wi o B 4SS g ddt

oA 919 E= A1 2 W o] 0.44%eh=
aHsHE[9], WHE7| 2R ERshe AXT Z4 ol
grsto] oA ERsto] ddelA Hop F-835HA AR
U= Zlolet wstleh. E3t o7 dloly S48 B
o8& +Rst7] o9 AgHe dloje = sh5sfjof 5}
7] wj 2o glo]E Z7}H(augmentation) 7L 2-83to] ¢
o8] A4t FAHE Wl ABET 712 dlelEl el
w224 wakc 1 27 wibRs 22t bul, 15
wg AR,

QA SE W AAFE AR BRol, BRE o
WA7h AR el duht Akex) AFstgon, de
28717} oftlo] F1EAE F1 BReig=A A3 gt
7] 93] 5 @At X]=(Class Activation Map, CAM)

ofmlA 2 ek gict.

st

N

1

Mo mn X 3 10 N o
—l> i o 4y
K

lin}

Il o7 2

ENEESS
73 AR e BHEY A
k. =HoA] AFgEE dol
HAGAAN DS ARB)S] 51712
S5 oHArhE018.052). 405 olvl A HlelEl 4 1,076
A, Q1A 9707, 919 969 0= FAEGI Fex )
AE 82 W&E Holest AHgH o] Ao ZuAY
gl AEAo] 86033t 2164, F1AGL] TR H2EA]
77643} 194%F, oJore] T} B AEAS 7764} 193
Aoz stk SHE AT AU D Slekel A
7 olulA thg 1 13} 2t

2. 0|O|X| ®x|2|

Jefd Bkl du oz foloh Yulzh Bt
Qg0 AgEILh ofof uks) WA ofn|xE o
A2y el Qofxy] thie] 2718 2 T
SR, OlUIA19] foltt Wl EY B L S
wgo] ofutz]el 9o} ofefel ofuel Ze

Ao R WEelFE GHE AUS >

p



Journal of Biomedical Engineering Research 41: 101-106 (2020)

(A) (B) (@)

T3 1. AT S, 1 B ojuiR|e] o, (A) B4, (B) $1HIY, (C) 91
Fig. 1. The Examples of normal, gastric ulcer and gastric cancer (A) normal (B) gastric ulcer (C) gastric cancer
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= Fig. 3. The learning method of existing CNN (A) and of
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103

Ho{' =\.‘=

1. A& dlolg Jiias 9l sufjet 158 SAIX lolg T4
Table 1. Initial dataset and 5 times and 15 times augmentated dataset

data 5 times augmentation 15 times augmentation
Gastric Gastric Gastric Gastric Gastric Gastric
Normal Normal Normal

ulcer cancer ulcer cancer ulcer cancer
Training set 860 776 776 4,300 3,880 3,880 12,900 11,640 11,640
(validation set) 172) (154) (154) (860) (776) (776) (25800) (2328) (2328)

Test set 216 194 193 216 194 193 216 194 193
Total 1,076 970 969 4,516 4,074 4,073 13,116 11,834 11,833
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J2! 2. CNN =2 of7]el 2] 9] 3}1}2l ResNet-50
Fig. 2. ResNet-50 one of the Convolution Neural Network architecture
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Fig. 4. The ROC curves and AUC values of highest performed
cases among each deep learning model’s result

M =& AUC g2 BT 91Ads &7dhs HolA
0.99, A4t 919 5 HdofA 0.99, ST A &
v°ﬂ A 0.95%1ct.

A A R A dold 574 nlA
1540 57 7+ A 714 27104 93.52%, 94.87%, 95.11%2] &
s HYAvh A 919 7 Al dlole S vlAE, Sul
27k, 158 Z7ollA ZF2F 96.65%, 97.79%, 98.28%2] 4
s yehlon], St A9 5 Al lold S mIElE,
5uff 27k, 158 7oA ZFzF 86.45%, 89.3%, 87.89%2]
e E Bk 2).

Hefd Zdo] ofufx] 9] o Rejo] 7S il &
Sh=R] &7] 98l B 43t A= (Class Activation Map,
CAM) oJu|A|& ARgste] gRIstITHLE 5).
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Table 2. Accuracy and AUC values according to augmentated multiples

Data 5 times augmentation 15 times augmentation AUC

Normal vs Ulcer 93.52% 94.87% 95.11% 0.99
Normal vs Cancer 96.65% 97.79% 98.28% 0.99
Ulcer vs Cancer 86.45% 89.30% 87.89% 0.95
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D) | O ® ®
O3 5. gl AE Al(test set) o|n] |2} B35 ZHA5} 2] 1= (Class Activation Map, CAM), (A)(B)(C) E|AEA! oJu|z] (D)(E)F) Z} g|AE
Aol thg5H= CAMo]n)%|
Fig. 5. Test set images and CAM, (A)(B)(C) Test set images (D)(E)(F)CAM images corresponding to each test set
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Fig. 6. CAM image examples of misclassificated gastric ulcer and gastric cancer (A)(B) Image and CAM recognized gastric
ulcer as gastric cancer (C)(D) Image and CAM recognized gastric cancer as gastric ulcer
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