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Abstract

This paper investigates an effective method for generating fundus images of diabetic retinopathy (DR)
on small datasets using Generative Adversarial Networks (GANs) and transfer learning. Traditional
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image generation techniques struggle to accurately learn data distributions in high-dimensional
data, leading to poor performance. Since the introduction of GANs in 2014, numerous studies have
focused on their optimization and applications; however, they still face challenges such as training
difficulties and overfitting in small sample cases. This study employs transfer learning by utilizing
a GAN model pre-trained on a large dataset, combined with Conditional Generative Adversarial Net-
works (CGAN), to retrain some parameters on a small dataset. This approach generates high-quality
DR images and enhances the class control capability of the generated images. Research shows that
using transfer learning significantly improves the quality of image generation. Experimental results
indicate that the FID scores of GANs and CGANs based on transfer learning are notably superior to
those of the control group without transfer learning, demonstrating significant improvements in
the quality and diversity of the generated images. This research not only provides new insights for
medical image generation but also offers effective solutions for addressing small datasets and im-
balance issues.
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1. 5|15

BG4 BB T AU S UL A — AN T R, %07 ) 2 R & R vk SR B o A, IR
—ANREA R T A I BEARE A . ARG G AR R EFE R S H BN gAY BURZE 2 AL LR
HRAREE . BRSBTS I i Re A0, BT ST RO A S o DL S BB oy A, &
B TIARE A BOLAUEAR DA I G . T, BT SRR 7Y Xk ABRAT X A T AT — AL R 0 A o T
LG A PRI, AT DR AT BB B A F 28 A S RS B B A T VR[] B T IR
WFRN TR T — RFIAHIHF T, (HACR AT FIAR . H 3 2014 4, Goodfellow %5 A\ 51 A 4 ekt it
2% (Generative Adversarial Networks, GAN)HUAS | Rt RE[2]. 2 JEWt N RAEIL T e TR &
WAL TAE, 724 T2 GAN MIRRA . FE NI RME R &P BRNAE SA %3]

T&MA R, BITERA GAN A EUEI BA ARG R, WYL &AL PIEE . B
DCGAN. WPGAN #1 PGGAN, FH1[4] [5]F] ] DCGAN A= i =7 G IEE] T Al LA B BT & KR
1 PGGAN SR U h 3K 773 A T oo 7 Bl P B MR . BT R 7 32 0] T e K 256 x 256 43 #E 11
BB, Ja—FhJ5 2 ml A2 i 1024 x 1024 53 HE3  miiE EE . (BGHFI A EiR 7 kG Bz iR g, TR
BRI ] B A 1 b B IR B 552 22 I HLR PR R LR 12 28 A T (1 [3] o SR SR R A P 7 20 A T 4540 3
5, T ARG — GAN, BIFEAS . Frid-Adar 55 AH =4~ DCGAN & i —F i 454 &
1B, A BUIREAAIE A B T3 m 03 0 238 10 7 R BUR [5]. MREMSSE A K 4 K5 sidn g A
T 2 AN, SRE AN EET DCGAN B Ry 5l A O i A8 BUS AT A G, SR JE R I 2R
IEMG T =5y FAT A3, i GAN 47 5 BRI R 0 2548, HERZIAE T 97%, R
T AL GE 477 55 A8 e 7e i HidE B (MERA % A 93%) [6]. Bermudez 25 AR H] DCGAN Az B B i A% il 3
REMR, (A5G — g Z R ([7]

AR, B AE GAN FIRHIE B (T LR BB Sl A B o BIESE), Ak
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SR H E Fr Bl AR A o X AT DLAR B AR A ) B T U AR B Pk 1t I B FAME R EE K.
Jin S8 ANFIFI ) CT #dE 86 sty i KIS CT B, $gm 7l CT B (73 B8R [8]. Mok &8 A
F CGAN 4 jl B 2 e BB, I 43 B EIE A S A AR o, R 2 4 AR i iz e PR, 3
96 73 TR [9] o

AXER, AT W, EAEFLEGHAMZRZMELR, W3R CT, X3Gm 1w AME
TR AR SRR Z I (A], T HL 2 dnde CT BB NMEF 5, RfEJUX AN, 1R 248 78[10]-[12]5] H
CycleGAN HHATAE X A& ik, BUIE A% EUR A ot B2 CT B4

Fr T GAN 4k, N 1 3R45 5 2 Hdm ki ks -, AR 245 S BUR AL BT Tl g, ok
PRI mEEE . B . BENLBT RS, (HIX L VAN RE AR BN A (18 AR, X BRIV
WA B G 0m A — MO . (AR ZAENLT, AT K AP, AR IEARAE — MR R
F, W H AT E A A TR AR DR $E 4N EyePACS [13], 1E % IHRJE %0 20) %L 3. 4 2% DR &
NI, G ZE S BRI B 4 R P AL S8 7 VR AN A2 DAY AR R AN T4 1) I R [14] o 2B R 7T X 2%
(Generative Adversarial Network, GAN) ] LLAE il ANFA7E [1)E B [2], 1HA2E GAN FHIXTAS S5k, i Hoxf
VBRI EHESEAE DLIZR GAN [15]. BRIk, Gl 7E /NG SEAAR IR B 0 2644, H GAN
Az RS 2 BB (CArb RT3 R X 5 A% AR ) it 75 12— 2B T R T 9

SR NEREE 7 AT 55, IR 2 TAERI T 5 1k B TR UF (28R [16], 84 w5 e ) FH I A
FOETEAME S ISR 45 1) GAN B ) H bs(T45 &, WIRTEEXT GAN I #ilh, Zibak, HRER]
FH AR TR I 25071 GAN, PR HFRATH AR R BB I 2. SR, IEAEAEIR 2 )i, DR A ol e A
PSR, GAN PRI 2% 25 A6 8 B AR K, T K B DX 28 &5 ) 7 S FH R B 300E A e 78 20 I 2k, /N R VI ZRix
FERY GAN 25 5 A 171, B DUERE IR0 WS BT VI 2R 75 B 78 . FHOCHR[L8] T 0, SEil BHE — i
BERIEAE, XEENMEERAREL. ML, g3, OESMGREGILAERFER, MEXSEFEKR
BHIEIZ. 25K, Zhao % NETRIIZEN GP-GAN JEml -, RAER 2, 04 KB LI
GAN BLAY, [&] 5 FEUT G — )2 B IR 2 250, B0 SR s i N\ R 23 1S 25 A LB 00 ) DX 2 6 g, P 7 22
WM ZHOR R, I BAREUR SR INGRIX — 025, v 7 At Bl Zriv i A = 8 H 205 B br
5% E, KT AdaFM BOR GO S IS B0 AT B B2, 3900 FRAS = AN 22 A2 RTINZRIY) BRIt il
SRA] DL AP O S 80% T HARMESS), ARRES I ZE80 A RS 1, I HARATTI S8 S 7= VR 45 AH 6
ZWZ SRR EFRECR, A2 8RS ARZE . XU & BRI )22 T BARES5, d@nt
LR 2% 21 F0 AdaFM (138 T EUPS AR GF IR 8UR[17]

SR, EARTUINRRI 2 2KE8R 2, TIZRH GAN R, HEFR %N GAN 1 LIEFHAZ
[19]. AFFHITIIZE GAN 5 SNGAN (Miyato % A\, 2018). GP-GAN (Mescheder %6 A\, 2018)#1 BigGAN
(Brock Z£ N, 2019)%%.

DA EiXsehe A il EHE 1) GAN #IAREAR & AR ORI, Fse b, JRATTBRD ) SR AR I 5L
W, AR BIREN SR Z . Bk~ A od $ M 4% (Conditional Generative Adversarial Networks,
CGAN) [20] 7] LAAE peis bR 25 (48080 , (0 B RTAR DA A FFIE REARE EHIZR CGAN. 54k, HT CGAN
TR B HEINE R, 8 SR A — R EUR M FE PRSI R, (IR — kit 7 2
WZg it KR SELEERE— 2, XENSEMGETE, SEURMETHEIA K GP-GAN. SNGAN
SRR T CGAN. [Ath, A 3 BEE N A E I % 5 =) B FH 21 25 A A2 B B 28 iEA7 0 9¢

WG RIS ) R (HORIERE 2% 2)), RE M H T GOl R RHIE (L 5% . SUEESE) 4L
[16], HBAREM K AR2EAT EINRNR)Z M G 1H, RIOR AR IZ ML I E IS EA ), B XL E I ) 2% 25
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MIIFNEHSH, X — SRR ES.
2. /&
2.1. RS EER

A% A4 B e T . (1024 18 2) I AE OR300 2% [21] [22038 %5 28 1R 8 « IRt ) 177 LT 75 a8 Bk
. B GAN HAR A&, Brock 25 A LAE[22] /1 Karras 25 A\ ] PGAN 2%, T miE i i %, Karras
ENTEVIZE GAN B, FH /N B KB 7E 9 265 4 HE i 6 0 B8 K 4% 2, 454 HH (0 MG R — s kR, |
IS T BB AR LT, IRB] T AR s T R R [23] . 2019 4F, Karras %5 ATE PGAN Z&hifi b, 7
W 248 AN [ 2 5 N 7 R KA A I, AR T S [E) XU 1 i AR, I B ) R T i o AU 15 8 O
0 N JE I B X 286 A8 g AR BT AdalN 34T R AR EAT iR [21] . FELZERT I, 2020 4, Zhao S5 ATE
FINZE GAN FIFERHE -, R IER 2 STHER A Karras 25 A\ TSR FH 3620 77725 (I N g 5 R 70045 L g S A
R, IR S0 22 TR T T YI kA EE R 22 (AdaF M), 7E/NR A (TE I BUR 48) Rl
AT T T AL B B

SRTT, Tero Karras BTk 7 ik EAEW K HAT TR W& ZoK &, BT Tero Karras 55 N J& T3 ik
ANF, BERIZR MR & — R A E A B & I AR NG IS, B AR R S iy AT DA X
(R RAL, AL, FEEEE), HEARME R S5REEGIEEERAAR, A pk i e AR A 5
s T ELN G T A B B ARG [ o T 5 2 PR, Lol B 0 D 5 A () RS BB [, ik e Ay
B HAZ B AEE, FOH) DR BB INTRIA . M BB & 554 AN, FrLl DR BUEAEX R 4. 1 H.,
DA BT A i UG R AN T 425

TECAL Bt b, AR TR LRSS ) AR, R Zhao S AMITIUIZE GAN 4% (R 43 AT 55 A
[, GAN B #E 1 A0, FrRAATEEETE N L51), 7E/NIR AR (DR 4l £8) L 88l 25 GAN M 4%
I8 ZH (A AR R E S ENR E 1 AdaFM 38, DL R2RIIRIE SR, 2 58 A2 Bs i)
DR HRJEEE . )5, BRSNS 5T I MG, M e T UIZRE 1 GAN RHEII AR
AR, MAREAR BB R BN BN —RAAM ST, SEERANEEAR RS RED, Mg E/-H
A AT o BIFRAEAE BN S S 2 2540, IER E5 A AR e, TR R M 28 DI SRIF I S H0i AN e
FI T, R EIMELINH . AT AR B ZE BIAR M a2, REERZEMN SR (E
BTG EARERI, FEREHIEIL). Li0ss R oR, AR BRI 2 1285015 B (0 A4
AE), AR PEIAGIE b P s A PR . (R BT I I T AR TN S H N 4 . SEEGE B T/ N 4R 1, 1T
8 2 ST AE AR A A o B o) 5 o 9 P 2 4 T IR

2.2. BTiTH5F AP RH VLR & x4

221 HBEH

AW FE TR AR R R HILE 24 0T Imagenet K& £ EIZREF (1 GAN BERL[22] (fls] 1), [ A A
a G IRZMZE M7 K48 D IRIEMESHEL, FFEAMES R EIESE L2, A& T DR KKK,

1 G NAEMAA, z NABENLAE, & FC Z)n, ZMAE - RIHEH, X—n5E4%
GAN AN, HEN T ZEMBRL M —NER, — MW E. z EEFRZEL MLP (8 R4
JZ)JEAE RS Z | 2 BRI style block, FC E IR MRERAS &, BRIV ERAS w IR AR ELORHRAIE
BN EA w A EZESE, B —> w, PSRRI A w A R R R T, H—JF
RIBHIAFST, AR T7 MK, RARMEEFI . Prel, B s> w B eSS, X2l
e 2E IR0, BRUONA T S AR MR, S TR w AR
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[ 2. KBRREHE

1 G ") AdaFM Block /&A1 FH1&SC[24] I 2%, 1Z M2 G ARE PO T ZRABCER A 22, R
AT AR RIS A, SR & N H ST INZRI R 2B Bl 2, Seilll 2Rk R R4,
FRNZRIRE ML, HEF SGAN AHIF, B EHH 2040 R 11 25 0 28 A= i S8 37 W 1) LA

K 1D AyaraRas, IR MR BN FEEOE AT RS B (ST ZRoRAF), XU Bl H 75 2O R
g, WLIERE ], A REEE EUIGREF RS, RAEFEINZRIS 1], (R pe /NS B 40045 1 il 7L
0 22% (it i AN 7] A% G2 0 R R 2% (R 2R B R 20)), el T AR O L 2% A28 R A 1 A0, BT LATE 7R
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222 cWEiE

G R IS S

AR, SRR
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AW TR (R R FAE A TF RBESE BIZRIF (Y GAN BLAL, B8 SR o i By b i A4,
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Figure 8. Output images of CGAN without pre-trained
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Figure 9. Comparison between real images and generative images
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