BIVEERIEFRFEEAR (B20EHARERFEREIFMKRSR)

RRY— | BRIER - £HESWIE
K25—6
BB - 4 iES0E

201911 H23H(L) 14:40 ~ 15:40 KR4 —R151 (BEERE BRE—IL8)

[3-P1-3-01] DA 5 —RIEBEEIC & 2 xNEHEISE DIREE

OIRE HAN'. b BAS =4 EES MoEiE. B EEY EEE (1. BRAYERRITLIMEAEESR, 2.
HLRBERR, 3. FRAFZEFERBFEE, 4. FRAZERBER AT LHARA LYY —)

F—7— K : Ophthalmology, Glaucoma, Deep learning, Fundus photography

(B8] BRRMEEICEIT2BHFAH=1—FI)Lxy N T—2(CNN)E B WREBOHE X, BFHILLEDER %
A—H#ERTAELAT—922BIETVEIENEL, DEODT—4 T CNN ORI % 1T > 7= I PEREH X
SOMBER TTABERIIL RSV EWN. KR TIIVBDONS —BREEEA B CNN IC & 2 EREERED
FRBES S UVRKEDOREAX S TRY LEAREEEICS T2 BABEROFRBE AL L .

(55%] EER1TIE, BREERE 130 R, EE 130 RO H S5 —BREEBE (Topcon) % FIfET — 4 F90W, #REE
F—YZAOMUTIRY 2T 7= BHRABENSENS 512x512 px 2HIH L, 128x128 px I#E/NL7=. CNN EF )L
IEVGG16 A& L7-. 2B MO 100 @& L. mEEOAH %= FA L2552 RE LT, IlERERE &
3000MICKIE L L723BE (DAC) D ZEEENMEF MR TEBAUC) A LB L. KL LAEh S —E§%E I L —R
T—IVEIRICER L 72155 (DAG) & DACKD AUC% LEBR L 7=. SRER2 T, BUHETE (Nidek) Tl L =Bk NIERR DR
EBEE79# % DAGE DACEFTIICF RIS B -,

[4552) E£E1 TiE, DAC(0.751) &K BB(0.607)& Y £ AUCHEEICEH - 72(P=0.024). DAG(0.796)1% DAC &
Wt AUCHERICEN o7-(P=0.031). 2E2TlE, DAG(0.304) D EfRE (L DAC(0.797) & Y B EICEN - 7=
(P<0.001).

(f&m] DPBOBREROANS —REFEZZEBFBICHERAT 2KE, BEOKELEITL—RTr—LitzlHE

HESLHERENALT DI ENTRIN. — AT, FABEIREANASOREBEICKESNSTRMELH S
ZENTBRENT.

O—M#tEEAN BAERFRER



3-P1-3-01,/3-P1-3 : RA X —6 WiiEH - R[G50

»

) =

BNF—IREFEICL SRR HE R E DIRGL
SRR I - B
SR AN D
BB M
*1 FERORE BERREEATE D BUREREIEERY 2 TR R R YHIE.
*3 JF LRRRMIRG, 4 A RORE BRI AT DB gE L 5 —

Evaluation of Accuracy in Glaucoma Identification with Small Sample Size using a
Convolutional Neural Network
Masakazu Hirota™!' , Kenji Inoue™, Tatsuya Mimura"
Takao Hayashi*!, Tomohiro Sawa™, Atsushi Mizota".

*1 Department of Orthoptics, Teikyo University Faculty of Medical Technology, *2 Inoue Eye Hospital, *3 Department
of Ophthalmology, Teikyo University School of Medicine, *4 Teikyo University Medical Information Systems Research
Center.

The purpose of the present study was to evaluate the accuracy of the glaucoma identification with data
augmentation and gray conversion using fundus photographs with a small sample size using a
convolutional neural network (CNN). The dataset was prepared using color fundus photographs captured
with two fundus cameras (VX-10i with CCD of KD-211C and D200) which have resolution of 1604 x 1216
and 3872 x 2592 px. The training dataset consisted of 180 images, and the validation dataset contained
80 images. The color channels were converted into 8-bit grayscale. All images were resized to size of 128
x 128 px and were augmented to 3000 images. CNN model used fine-tuned with VGG16. The diagnostic
performance was significantly higher in data augmentation with color images (DAC-model) than in the
none of data augmentation (P = 0.024). Furthermore, the diagnostic performance was significantly higher
in the data augmentation with grayscale images (DAG-model) than in the DAC-model (P = 0.031).
However, the diagnostic performance was significantly lower in the DAG-model than in the DAC-model in
D200 (P < 0.001). These findings suggest that the diagnostic performance depends on data
augmentation and gray conversion in the color fundus photographs using a fundus camera.

Keywords: Ophthalmology, Glaucoma, Deep learning, Fundus photography.
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