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Abstract

As one of the main blinding diseases, Diabetic Retinopathy (DR) is a kind of specific fundus lesion
with specific changes in visual function caused by damage to the retinal vessel wall caused by dia-
betes. In medical image processing, the treatment of DR usually faces the dilemma of lacked of
high-quality labeled samples and unlabeled data that cannot be fully utilized. Based on that, in this
paper, the enhanced semi-supervised generative adversarial network is used to identify the grade
and extent of DR. Finally, it can achieve higher recognition accuracy and generalization ability,
that is, the accuracy rate reaches 77.2% in the four classification task, and the AUC reaches 93.9%
in the two classification task.
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BE JR% AL % 38 (Diabetic Retinopathy, DR)J %% FR % 5 A2 A0 W F I B B 52 R BUE AL S ThRE T B
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1. 51§

PRI 0L W 55955 4% (Diabetic Retinopathy, DR), SURRHERI, B2 HE IRIE 51 I R REZ —[1]. IR
I B I DR IR IE 80% /5 47, HAIIL S A T BE 1 A2 1E 8 N1 25 fi5[2]. A 24 P& MK DR X3 7)
iR, TN DR BT RIS AGIT . SR, DRIGARMZt. BRTHE. BEAZ, HILIRAHE
AR AT A LUK BR s A0 0 FEL o3 A8 AT RS HE L PRIHIZ TR

AR, IRBE S ST EORAE IR 5 BB SR A 52 B T2 GVE[3] [4] [5] [6], Fealie B RphEs 2%
(Convolution Neural Network, CNN), gL A8 5 ML 5 2 2% 5] BUE & A2 IR R AFE, T
BT M e e H AR MBI A T, AE R IR 2% SIS R EAG 6 K by B (0O = e, AR T S B B 2
FA A e Z R bR B, 5 BB S S VR IR KN R PR

BT UL B, ASCHE R g 2 B A B P R AR, e AT DA ORI A BR R b B
XA ) S5 A PG AT 1 B A o 25, AT R 21 /8 BB B A s Wi [, Ry B SE BE VA RV T
FEPARME TS, W T2 A A DR AR IS 725 R Gt A BE B A 55 2 A I PR 2 3L

2. XTI 1E
2.1. DR BEhiRS)

22 27 PR G A B AU o 8 PR AL I B A B R, B SOk 2 SR rh Tk X 7 DR FIJE DR
MR =52k, NAT DR BRI 7 KRR AR b, I AR . PERESE T TR AN 3%

FEFE A, SR PR A 108 L5 A PR3 R IT 7 AR vh AR IR I 27 2] 5 B 2 R AR 45 & HEAT IO i B 12
W77 T o TRAERA( 7 1R FH IR FBE 25 S 1A 5 32060 3 ks MU I J A2 F) 7 BE A BE EAT 098, X Tl ke A 55
BB T AL X IREAT R E 2. REE[STRER A I T B M t, JEHT DR 03K, &%k
BUAEE IR o T ] P9 Az A ROxT 70 09 468 0 3 Bk A0 R RS A2 HEAT VR FRIRIT ST AR AR 2> o SRR (9148 %
R AR LIS AT R RE b, G MSE T 5 B AR O R 2%

[ 4 DL AT B2 M ORAH BZ W RS ST, Seoud S8 A[1014 H 106 Al A O AR Mt 5 I 0 AT 3 SR 10 5 %
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FFIEBN T 7TA1%M 50 KA L - Pratta FE N[TIAHR I 7 —FB AR L4 7k, 456 Kaggle HLMI B 22 4L
gk, BALERAEETIRTT T5%HIHERIZ . Gulshan 58 A[12]42H 1 53— MR LGN 2% 455 A TTH)
Hndekiaill DR, HAG ] TR AR R EM R B Haloi [13]38H 7 — MBI BBI KR (MA) KI5
2, R MRS G AT o JUURE PR3 L R B A8 T 21 . Gargeya 55 N[ 14148 H 2 AN A SLHHE 2EASIWE PR 7
WL AR, A2 A5 R B AR S T PR B . Antal 55 A\ [15]82 2 T4 MBI R A R 48, 7E4L
Pask LIS T RIFHIZCR . Vo HH.AEN[16]16E FI MR BRI M4, T A IR B 50 A2 15 0L«
Alban 55 N[17]{# FHIERS 2 ST 173047 DR ARG, AT GAR AL WS S i e 12

2.2. EFRWERLE

BARARL R 28 (CNN) UL E R R R I 51 Z EALH —Fhm RORA T, B L2 MO ARZ B4
BRI TR R L, R RAERE S R, Tz AR IR S 1 BRI B 2R AT AR B, T A EL B
NELGEEG, BMAE TR 2N BRSNS —RESTHMANZE. RBEMmHZE, mHErE
R I AN EE AR SR B A HIER DR EER RN . B G RRR U
fib, AL R PR RO 4 B P s R e AR, ZRGRIBCA AL, 4 R R B P i
RURFIE, #9385 5 HH SR R R

3. BEEERZE
3.1. HiE

A 55 5 & Messidor [18]HRERE R4, ZHHEE T EFERL 1200 MRIKEOEIG . K&
HIKZNA 1440 x 960, 2240 x 1488 112304 x 1536 183, WilE 1 o, A, 800 sk ZHEFLY 5k K&, 400
TR LAY 5K G .

Figure 1. Diabetic retinopathy image

1. AR REE A

AR, ARIERUIE . Wi S AR IS (S B AT R 2 B, A E SR
AR RO & R3. HAWE A M AT WL 1 fros, WRAMES R 2 Jrs.

Table 1. Diabetic retinopathy feature description
= 1. RERTREER

£ i3 A
RO (MA = 0) AND (H = 0) 546
RI (0 < pA < 5) AND (H = 0) 153
R2 ((5<pA <15) OR (0 < H< 5)) AND (NV = 0) 247
R3 (A > 15) OR (H>5) OR (NV = 1) 254

T pA RRMSIIOR AL H RoR A RA S, NV =0/1 53 53R s oA B i .
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Table 2. Classification task description

2. SRESHER

RAES ik #H
DR JU 432K RO/R1/R2/R3 546/153/247/254
IEH/AIER RO/RIR2R3 546/654

3.2. 5%

3.2.1. XML

B 3T R 45 (Generative Adversarial Network, GAN)& —F B HIVR B 24 IR, & EEAHE T A
5y, BIVAE AR FNFAIES o AR A 32 B R R 2% 2 LS B A ATk B B AR R R B B s, DA A
A o F) ) 2 U R ) B AT BB o EEEAN R, AR AR BT Tk AR ) BB B s,
T 0 288 D00 TR MR B B, XA IR AE 2 T2, BEE I (R HERS ,  AF s R0 il 25 26 A Wi
BT X PURIE B T — s, B AR G A R BRI T RSB A A, TR AR R AN H AR
B, XI5 BRI TION B AME R B AR 0.5, RIGR B FERIRES .

3.2.2. #EEEH MR B4R

38 968 4~ M A PO I 46 0 A A O T R A AT LA, R TR R R I JB e A PR v
PEREE, I HERP AR SRR B/, R AE A s MR I 2 Z PR RHIE R S5 S, 9 T RS
HE A R R I SRS S, A ST BIER ) A, R SRR AR s o 0 HLBLSE b it A B
BT RARESSE, WA TRIER GRS I, AT772R M 985 51 BE A0 24 M B AR O i 4%
BEAT RGN o XA 5t 7R A SRt 7 0 4 T AR e b 2 >3 38 SR a0 A s B8 78 0 LRI P 2D B i by PR
PE RO EARM AR B, BRSSO B W 2 fos.

TTTTTTTTTTTTTR DERER
HWHRT: 128x128 T ! t
Decon(1,4x4,2x2) Decon(1,4x4,2x2) Decon(1,4x4,2x2) : Dense(5)
Tanh Tanh Tanh : Softmax
Decon Decon Decon : Average
|
BERT ob6e | f t | WERT: ¢
‘ Decon(32,4x4,2x2) ‘ Decon(32,4x4,2x2) ‘ ‘ Decon(32,4x4,2x2) ‘ |
| Con(512,3x3,s2x2)
R 3232 T T T |
| HWHRT: 8x8
Decon(64,4x4,2x2) Decon(64,4x4,2x2) Decon(64,4x4,2x2) | Con(512,3x3,52x2)
| 133,
Relu Relu Relu | HWERT: 16x16
|
BN BN EN L | con(2s633522)
Decon Decon Decon
! Lrelu
¥ ¥ ¥ !
MRS : 166 | | | BN
‘ Decon(128,4x4,2x2) ‘ Decon(128,4x4,2x2) ‘ ‘ Decon(128,4x4,2x2) ‘ : Con
|
% CEdRen B0 T T T | WHRT: 3232
= ‘ Decon(256,4x4,2x2) ‘ Decon(256,4x4,2x2) ‘ ‘ Decon(256,4x4,2x2) ‘ [
# T T T I | con(128,3x3,52x2)
i |
3t MHRT: sa | LR 6ax6a
= Dense(512x4x4) Dense(512x4x4) Dense(512x4x4) |
= | Con(64,3x3,52x2)
Reshape Reshape Reshape |
|
FC FC I
ST [E
i I I HEXER
| Noise

Figure 2. Network structure and parameters
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4. SEIGEHR
4.1. LG E

ARSI BB AL 3 P S TA A, BRI A 100 ERGNE S R R, SRR Rl AUE
BN 4 < 4 P RGTZ, B 5 10 B0 A2 PR A5 38 AT UG AR B, AR U AN B -
[ B i N 20 ) 2R AT U o X F 088, FRATTRA 3 x 3 1B RUZIHTRFIESRHL . FLAR 11 25 45 # il
FURZ BN ] 2 B o AT VS P Adam AR ALV, 57 2] RPN T2 Ik 23 24043 1 HX 0.0001 5 0.9.0.999
BUE S50 W A Xavier ¥ 510 MWIM6A, B/ Mtk EE R E N 32,

Table 3. Experimental environment parameter configuration

*®3. LWINESHEE

5 mH FEYE R
1 GPU NVIDIA Ge Force GTX1080
2 CPU Intel (R) Core (TM) i7-6700 CPU@3.41 GHz
3 IR S RESE Tensorflow. Keras
4 HRIE RS Ubuntu 16.04

4.2. SKWELHR

4.2.1. MELERKL

W “EARFBOTE” HIRP, B MEANEH RS . & 4 R L5 hwis):
P s 44 R R ) 2% . S0 BB IS5 K DL “32¢752-64¢552-128c4s4-128c4s2-gm” HIAR I XA T
KA 4 ZERER— 2Pz, HhE—EERE “32072” RE—NT7x7 B8, LB
N 32, BKN2, BRZERERES Relu BUH R EUZ

Table 4. Different network structure

4. TRIMLELHY

P 2% 45 g
KBRS FAE

I 44450

32c4s2-64c4s2-128c4s4-256c4s2-512¢4s2-gp

256 x 256 32¢7s2-64¢552-128c552-128¢552-256¢552-256¢552-gp

32c7s2-32¢552-64¢352-64¢352-128¢3s2-128¢3s2-gp

32c¢4s2-64c4s2-128c4s2-256c4s2-512c4s2-gp
32¢3s2-64¢3s2-128¢3s2-256¢3s2-512¢3s2-gp

128 x 128 32¢5s52-64¢552-128c552-256¢552-512¢5s2-gp
32¢7s2-64¢c752-128c5s4-128¢5s52-128c3s1-gp

32c7s2-64c5s2-128c4s4-128c4s2-gp

0 N AN W AW N =

FEIX 11 M L8 S544~, BAOREE IS 3 Fizs, 25T DR P 2Kaetiil. disk 4 aln, Sarm2 M
25, ERPFEIRSEEIEE] T 77.2%, AHECHAR R P2 SR BRI S

422 G5R
NT G BB R R, A SO R (Accuracy, ACC), R (Sensitivity, SN), $F51%
(Specificity, SP), ROC Hl AUC i T SZI0 45 R . SN RN T HSL 1 FHHEREA TR 2 /0 [P REAR T DL
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Rl ok, SP RN TE FSZ I EREAR T 2 /0 B M REAR T ARG I ok . » KM R4 PR SN SP Al
ACC Wit 5%

0.80 7
0. 78
0.76

0. 74

_ 25%75%
0.68 I;] E % “
0. 66 . E/if‘%“{ﬁ

4 5 6 7 8
Do 2 25 1)

Figure 3. Classification accuracy of DR under different network structures

Bl 3. TNEIMELEH THERRILMIERE S L5 E

N = TP SP= TN JACC = TP +TN
TP+ FN IN + FP TP+ FP+TN + FN

Horp 7P LR ERAYE, BDIEBAYEREAS FOBCE N IE; FP Lo IRPATE, EIRAPERIMEREAS ORI B TN Fom
LY, Bl A 8 I RE S FN AR 1, 1 R0 BE A A B 0 A e 9 B 44 - ROC
A& LABA T (1 — SPYAREALAR, FLRHMEZE(SN) WA bRk I Bt 7 2Ktk B . ROC M ZR i /e Ay, 72tk
REBkAF, JFH ROC HIZem] LLLZE G VPA P FPELE 2P K I B 2 7:. AUC £on ROC HiIZR T THIAH,
AUC 7l 2 0~1, AUC K, 432K kRElar.

F 5 R ICTWE FRIP LI LR A8 S5 0 1) DY 3 2l R, oF Eb T R0 G T FR 0 400 o B 075 3 2 4 o R Sk B
ARG, LR AT 23 ) A2 R 1 IR 075 T 0t W PR R X R A8 o S ARG . R R e LAAR S, 3
5 JE IR B IA B T b 5O R RS

Table 5. Comparison of classification accuracy of DR

5. PEPRIRALIRASZE 2 S ERTEL

Jri: I
Expert A [19] 0.73
Expert B [19] 0.681

Seoud et al. [10] 0.741
1432 SSGAN 0.772

1% 6 FEHEPRIFAIL I BB A 75 A AR AR O PR R T2 ZERER DU A s 25 IR ) IRUR E 7, B3 AUC,
RGP R FEMURS L o JEIL SIZIG T DA WA S 6 46 P P9 48 5 70 4 B 72 BRSO 28 4 25N AR R A L
REfess.
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Table 6. Comparison of the indicators of DR
= 6. WERFIMERE L EREMREFERXTEL

Tk AUC R et KR RE
Expert A [19] 0.922 - - 0.878
Expert B [19] 0.865 - - 0.764
Haloi ez al. [12] 0.988 0.970 0.960 0.960
VoHH et al. [16] 0.870 0.882 0.857 0.871
VoHH et al. [16] 0.862 0.916 0.803 0.858
1Y) SSGAN 0.939 0.921 0.861 0.889

5. B

H PRI R A2 55 3 BRI B R R AR, BT B2 DR #EAT 52 W 5677 DAREARxT &
FRIEIBE . ASCHE IR BB A ORI 4 T DA 24t SEEIL DR Sl B2 . A SCE B AL

Fi— AR A B AR O ST 2% B SR A L, SR 22 I A AR R R R IE R ],
ORI o W B P s A2 s S 5 W0 SR A s R S A 1 0, AR TR A B R 29 4 Y 12
Wras iR 55—, KR SHIR AR X FL AR BN B ARG E SRR RS PERE, w ORI S D
1T AR HE e RE SIS RV RG o £ SRR, 38 P SOt 0 A s 70 I 45 T DS s 280 1 )
PRIGGARI BN, 7E DY 73 AT 55 PRI 1) 77.2%, 3 AT AUC 153 93.9%. LTSS & M 4458
RIS FON TR W PP LI B A 18 R R, T S A\ AR TR Pl A BID R 1) A P S 20

UeAh, BT EAREAL . B S A A R, A — AN R A, b PR R A
HEAP A R S5 2R 0] B R AR Bk g I A A B G v 73 R PR 4 A7) 5 BRI E A A A\ s K
AN TRV B P A I RS . DRI, R SR SEBG S5 RF 5 b RT akaE [0 VA B 45 2K R BOaE AT SR S5 T VA
ikt
E&WH

AL TAEZ LT IUH B8 WY ALEBOR BT H (KQISCX20170331162115349), |74 H ALK
HE42(2016A030313176), [E 5K H AR} 234261872351, 61502473).
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