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Abstract

Diabetic retinopathy (DR) is one of the leading causes of permanent blindness, especially among
middle-aged and elderly individuals. Early detection of DR is crucial for preventing vision loss. The
severity grading of the disease can be seen as a classification problem, requiring only image-level
annotations, while lesion segmentation requires more detailed pixel-level annotations. However,
pixel-wise data annotation is time-consuming and requires expertise. In this paper, we propose a
collaborative learning approach to integrate the optimization of DR grading and lesion detection.
Firstly, we train a multi-label semantic segmentation model using a small subset of pixel-wise an-
notated data, then we design a disease attention grading model based on the initial predictions of
lesion maps from a large amount of image-level annotated data. Meanwhile, the disease attention
model can refine lesion maps using specific class information to fine-tune the segmentation model
in a semi-supervised manner. Generative adversarial architectures are also applied in the training
process. We then validate our approach on three public datasets and compare it with some
state-of-the-art models, achieving better performance.
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Figure 1. A fundus image with microaneurysms, exudates and hemorrhages
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Figure 2. Overall network architecture diagram.
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Figure 5. Qualitative multi-lesion segmentation result
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T IDRID, B2 5 T PRI SR A AR Y, ] DU AR 1) A 7 A TR ) L A5 58 25 O

B T RAEREMSETEAb, IR THE TR AR D AR R 1A B 7 B R . R BT SRR 1Y
IDRID #iate EiFAhn&IVERE. PPASIIDURNAFRAS, SAEREEOE . Wi, B2 HMEE L, R
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TARL AR AL 1) T 2R L. 3l ROC #iZk. PR HIZEMIANL K] AUC (ELEATIPAf . IRR T REABH R4
e MAT 5 =S (IR E BT R B ZR0 FIRBR | BT HRic e MLP BEH AR LUK ANy
XEHUPE VI ZREEAE (K~ B 2 ST 4L

Table 2. Ablation experiments on the Messidorl dataset
5% 2.7f Messidorl #3E8 _E Ay R SIS

) Referral Normal
Bl TT ik
AUC Acc AUC Acc
Ori 93.4 90.2 88.9 87.8
Lesion (Pretrained) 95.3 90.0 91.9 90.1
Lesion (Semi) 97.1 93.0 93.7 91.8
Lesion (Semi + Adv) 97.6 93.9 94.3 92.2

FEZE 3 h I T PEANE) AUC fE. A% CEL Ml CE2 43 I 3 R4 EIR AV SR FH 3 308 £ 35 AR M1
THREALI MLP 2. B FAric i) MLP A58 1555 48 73 SIS R AE PUFROAS [RI AR — B0 T2 T il 45 1
FIA . ROC HIZAN PR HIZEK) AUC 3037l 4 & 1 1.02%H1 1.92%, kBRI #£ 31 MLP 8 IR FE
A B R S T ASGE A B4 R @S R 2 W R GO R, AR AR R AT o B
MEER] T RIMEE, PR LN AUC PR E T 2.16%. BhAk, FHT2 MBS otk I 2R 28 4 m)
AR o — D4 i 7 BRE B

Table 3. Performance comparison of multi-lesion segmentation on the IDRID dataset

%2 3. BHFTHENTE IDRID HIRE_FHIMEBEELER

. TH95 Bz il Bl ks ey
Y SWIRES
ROC PR ROC PR ROC PR ROC PR
CE1 (Conv) 96.2 82.6 94.4 68.2 95.1 46.3 94.4 64.6
CE2 (Token-MLP) 96.8 84.6 95.4 71.6 96.5 47.3 95.4 65.8
CE2 + semi 98.9 87.6 97.1 73.4 97.8 48.9 97.0 68.1
CE2 + semi + Adv 99.4 88.7 99.4 741 98.3 49.6 97.8 69.4

Wi 4 BoR TARFRDRAZ R PR #HZk 1) AUC 1953 (18T =44, LLESK B AR SEAT 55 1 3 F > 1 B 4 1
7% AdvSeg Hi1 ASDNet [FI I o S8 AR ST I 7 VEAE TN ke ar i 77 1 FR) M RE S A T4 A i T gAY, (R
Fopth =Fhm AR HIAS TG E S . B WIS 7Rl KI5 T, 8% T 4.12%. Ib4h, [MEEALE
PR ] AUC _F[J-F- 288 hn 4> 5l Ht AdvSeg AT ASDNet & T 6.89%7#1 5.22%.

RNTAERCTTEE A NEMR, FH S &t DR 7 B AT IR . 416 7 CKML A %0
HMZA I VNX B TE R 2 AN D8I 2% RUST SRe 27 ST AH0RLFE 1 ) R AGE

Zoom-in-Net & H T — AN H8EFE R IR, 4G T =T MR EAREUR . & PR 4%
XIEGHAT 7. AFN B G —i 28R AT DR 432 SRR AR S SR T, B FH v B A B S SR IR Bl 1
ToIEZ RS IIE WA . eAh, I8 T & 5 Messidorl ZdE 4R 1E4T 4> o

5 WL T ARTTEREE R . 7E Messidorl 8551 A] 5| /AT 5| HANE R IR &, 5HARTT
AL, AT 55 AT L3RS ROC #h 48 T I FU(AUC) M4 R HERf P I B s 13 . (IS — R0, AT
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TTEAE AL FNE 1% B 1 AUC E4 5l E 5 m HY 3.6%41 2.1%.

Table 4. Comparative experiments on segmentation performed by our method on the IDRID dataset

= 4. AXHF5ELE IDRID #iiRE F S IR L 016

B Wiz ealline Hi i
RS WAREA

PR ROC PR ROC PR ROC PR ROC

VRT(1%) 0.7127 - 0.6995 - 0.4951 - 0.6804 -

PATech (2" 0.8850 - - - 0.4740 - 0.6490 -

iFLYTEK (3" 0.8741 - 0.6588 - 0.5017 - 0.5580 -

DRUNet [24] - - - - - 0.9820 - -

SESV [25] - - - - 0.5099 - - -

L-seg [26] 0.7945 - 0.7113 - 0.4267 - 0.6374 -
AdvSeg [4] 0.8032 09456 06756 09318 04782 09612 05923  0.9256
ASDNet [27] 0.8095 09502  0.6924 09489 04782 09692  0.6285  0.9324
ours 0.8876 09941 07424 09943 04983 09832  0.6943  0.9784

Table 5. Comparative experiments on grading performed by our method on the Messidorl dataset

%2 5. 7£ Messidorl 5 HiFLRAIXTLL SEIE

Messidorl
AR KT Referral Normal

AUC Acc AUC Acc
VNXK [28] 88.7 89.3 87.0 87.1
CKML [28] 89.1 89.7 86.2 85.8

Expert [29] 94.0 - 92.2 -
Zoom-in-Net [30] 95.7 91.1 92.1 90.5

AFN [23] 96.8 - 93.5 -
Ours 97.8 94.3 94.5 92.7

4, Z5ig

FEASCH, $RH T M FEE IR, T RN R AR BRI 2 9. TR ARRR L
FHRAR 370 R I 5 e 7 P AE R, RIS M) PR 72 S0 RO 38 R0 AR v R R R B 45 ) B 45 SR %
o KNESKHRW], ASCT7EASE IDRID #dE4E L7 &) PR A1 ROC b5, LT H AT K ZHeit 771,
LU AE Messidorl Hidfadk 11 73 KRR TR ZAELEM CNN RIZARURI B . R Rl B
f£ IDRID ##a£E Ll & EyePACS it s, FATHIREMEHUEAIL 1075 BITERE .
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