ERRRIZAE 2022F 68 &£22% F6H
B335 : 029- 82245172 85263940

http://ies.ijo.cn
BB F{5%8:1J0.2000@ 163.com

ETF&RMANSNEREARLES TSR

*éggl,z’jf%ﬁml,z’%ﬁ 4],“1,2’%}4%//?}12’#5]:[{_{#3

SR REAZE, Dyl AT, 45 6T A 2 0 2% (1 SR 15 7Y
i kE T EIRESE. EFRIRARRARAR 2022522(6) :1016-1019

BELWH . BX A RBET RS H (No.61906066 ) ; #i 1LA
F SRR FE 4 15 H (No.LQ18F020002 ) 5 7 5 i Al % & TAE%
(BN )T E 5 15100 T 98 2 B 2022 4F 1 2 W 5% A BHIF A1 397 37 E
(No.2022KYCX38)

e B4, (313000) A B 7 V048 0 N T, 380 00 IR 98 2 B B T
FEZEBE;(313000) FFY T4 50 00 1T, #7914 B A W R
EES N BT S SR 5 (210029) HEITVL SRS RS T,
BT ERL R I IR e IR R T8 RE KB s i %

YEB BN RAE, Rl T K2, T2 JHm, WF5E 7 1 .
N T e e AU B

BWES A5 D4, Bl F IR k2, B4, B EIN, UF5
Jr 1 B REIRBLIFST. benben0606@ 139.com

ks H . 2022-01-06 & m H . 2022-05-11

mE
B« 3 3 A% S A ARV 22 I 45 5 Y R SRR TR kR A TR
HESTE

Jik . 7E PSPNet #5570 2% ¥4 1Y) 3L A - #4 ## Phase — fusion
PSPNet [ 4525 14 F T 3R B IR kb 19 43351 122 D0 48 7 4
FE AL S 2 A B B oRAER ) L4y B BERE RO TR
WZ A FoREE DR B R B A TG R 5 ET
%5 o K I BE RN B IR B S B $ 6 A0 SO B IR
B 517 k4 M4 (330 3K) 6 F4E (37 7k) ik
(150 5K) , Hor il Zh B Fn 56 3F 46 S T U125, U 46 1R
GAVHF I, oA TR PR LA BB 23 ) AN & bR 1
ESESEA

ZE R 4 Phase—fusion PSPNet W 2545 51 % il A He 4
B SEPR T8 TR 95 k3 1) BT 38 38 9 e ( MIOU ) FF- 34944
ZHETREE (MPA) 23 511K 86.31% F1 91.91% ; BLAR 8 P FpkK
ZIFEE (10U) R824 i BE (PA) 43 9 4 77. 64% Fil
86.10% .

LEE R 2 R 25 T] LS BIE R B TR G ek A A o 0
A BT R B A AT — A R 2 W R TR R I
Z:7% | [RI B} SC BLFLR B R BE 2T i T A4k
KEEW . BRI BB WEE T B R AN
%% . PSPNet

DOI:10.3980/j.issn.1672-5123.2022.6.26

Research on segmentation of pterygium
lesions based on convolutional neural
networks

Shao—Jun Zhu'?, Xin—-Wen Fang'?, Bo Zheng'?,
Mao-Nian Wu'?, Wei—Hua Yang’

Foundation items: National Natural Science Foundation of China
(No.61906066 ) ; Natural Science Foundation of Zhejiang Province

1016

( No. LQ18F020002 ) ; Nanjing Enterprise Expert Team Project;
Postgraduate Research and Innovation Project of Huzhou University
(No0.2022KYCX38)

'School of Information Engineering, Huzhou University, Huzhou
313000, Zhejiang Province, China; >Zhejiang Province Key
Laboratory of Smart Management and Application of Modern
Agricultural Resources, Huzhou University, Huzhou 313000,
Zhejiang Province, China; *Big Data Laboratory of Ophthalmic
Artificial Intelligence, the Affiliated Eye Hospital of Nanjing Medical
University, Nanjing 210029, Jiangsu Province, China
Correspondence to: Wei — Hua Yang. Big Data Laboratory of
Ophthalmic Artificial Intelligence, the Affiliated Eye Hospital of
Nanjing Medical University, Nanjing 210029, Jiangsu Province,
China. benben0606@ 139.com

Received: 2022-01-06 Accepted; 2022-05-11

Abstract

e AIM:. To study the precise segmentation of pterygium
lesions using the convolutional neural networks from
artificial intelligence.

e METHODS: The network structure of Phase - fusion
PSPNet for the segmentation of pterygium lesions is
proposed based on the PSPNet model structure. In our
network, the up-sampling module is connected behind
the pyramid pooling module, which gradually increase
the sampling based on the principle of phased increase.
Therefore, the information loss is reduced, it is suitable
for segmentation tasks with fuzzy edges. The experiments
conducted on the dataset provided by the Affiliated Eye
Hospital of Nanjing Medical University, which includes
517 ocular surface photographic images of pterygium were
divided into training set (330 images), validation set
(37 images) and test set (150 images ), which the
training set and the validation set images are used for
training, and the test set images are only used for testing.
Comparing results of intelligent segmentation and expert
annotation of pterygium lesions.

¢ RESULTS: Phase-fusion PSPNet network structure for
pterygium mean intersection over union ( MIOU) and
mean average precision (MPA) were 86.31% and 91.91%,
respectively, and pterygium intersection over union
(IOU) and average precision ( PA) were 77.64% and
86.10%, respectively.

e CONCLUSION:; Convolutional neural networks can
segment pterygium lesions with high precision, which is
helpful to provide an important reference for doctors’
further diagnosis of disease and surgical
recommendations, and can also visualize the pterygium
intelligent diagnosis.

e KEYWORDS.: pterygium; image segmentation; deep
learning; convolutional neural networks; PSPNet
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