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Abstract: Diabetic retinopathy (DR) is the leading cause of vision loss for adult individuals, and early fundus screening can
significantly reduce this visual loss. Color fundus image is often used in large-scale fundus screening due to the acquisition convenience
and its human-harmless. As a kind of red lesions in fundus images, the appearance of microaneurysms is the main marker of mild
non-proliferative DR, and hemorrhage, as another kind of red lesions, is related to moderate and severe non-proliferative DR. So that red
lesions in fundus images are important indicators for the screening of DR. This study proposes a multi-task network, named Red-Seg, for
red lesion segmentation. The network contains two individual branches, each is used for one kind of lesion segmentation. Meantime, a
two-stage training algorithm is presented where different loss functions are used in different stages. In the first stage, modified Top-k
balanced cross-entropy loss is used to push the network focuses on hard-to-classify samples. And, in the second stage, false positive and
false negative are integrated as loss function into training to reduce misclassification further. At last, extensive experiments are employed
on the IDRID dataset, and the lesion segmentation results are compared with other methods. Experimental results show that proposed
two-stage training algorithm can lead to much higher precision and recall, which means this method can reduce misclassification in some
certain. Specifically for hemorrhage segmentation, both recall and precision increased by at least 2.8%. Meanwhile, compared with other
image-level lesion segmentation models, such as HED, FCRN, DeepLabv3+, and L-Seg, Red-Seg achieves much higher AUC_PR on
microaneurysm segmentation.

Key words: fundus image; diabetic retinopathy; microaneurysms segmentation; hemorrhage segmentation; multi-task learning

B D75 1 R 19 5555 28 (55 B I, diabetic retinopathy, i Bk DR) & B bR 7 512 ORI 338 05 , e B30 1) 5 2 Jit
DRl 2 AR 100, 7 3 [ RO AT S, K24 173 (R BRI 5 R 5 P P 1 s T 9 3 o 3 % 00 0
AL A8 A 19X 9 1 50 R, T ) O A 1) =3 2 5 102 A0 T R £ IR T P A 4 TR o R v s S FF B DY 9
O3 R AE, S R A OGO S AR S AR HGS . WS . M s PAShKOR . A K R ER AT e rp i
RV ik I8 1) B O 21 (At P L T s ), PR O 21 €009 28 ok 25 P58 <1 8 A0 P Dok o 7 R UG PR 4% PR SR B LA AR A
3 ik JRE (microaneurysm, B FK MA), 1 BE K 7 E A 184 5 1 4 4 975 (1) R B2 — IR JEE 7 48 Y ifn. &5 (hemorrhage, f/) B
HE). BRT b, HEJEG 21 €95 28 A 1 SR ) R0 ARG Ul 8 19X 3 114 43 4 12 Wi LA 2 1) 9 7 5 SCARLER T A8 U KA
PN AT I AR 500 ST RE I FE 97,91 H5 KMREAEAS N AR Ll AR RIS AR 7™ T 5% =2, 30K A5 74 O R ASE (1) i
7 78 X LAAT R DRI, R & — o 13 2 0 P R G P50 2% s 23 BT 1 L Al i a2,

Fig.1 A fundus image from the IDRiD dataset
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Fig.2 Architecture of Red-Seg
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Fig.3 Microaneurysms segmentation branch
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Fig.4 Hemorrhage segmentation branch
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Table 1 Detailed configurations of Red-Seg (only list settings of convolutional layers)

% 1 Red-Seg B PEANNC BRI TEHEMZ R ESH)

convl conv2 conv3 conv4 convs
convl_1 conv2_1 conv3_1 conv4_1 convs_1
L% (3x3-64) (3x3-128) (3x3-256) (3x3-512) (3x3-512)
VGGI<I t convl_2 conv2_2 conv3_2 conv4_2 convs_2
( &) (3x3-64) (3x3-128) (3x3-256) (3x3-512) (3x3-512)
conv3_3 conv4_3 conv5_3
B B (3x3-256) (3x3-512) (3x3-512)
p 7 2N A conv conv conv
BN 73 193 - (1x1-1) (1x1-1) (1x1-1) -
L g conv conv conv
N - .
iR 9) 3 (1x1-1) (1x1-1) (1x1-1)

AT LA H, EM AT VGGNet (a1 5 &, LaFE 13 NERE AN EREMEH 3x3 5% m H.
Bt 5 19X 6% 9 55 B4 188 0 A5 RRUZ I S B0 convil HH R 64 38 0 B convs H IR 512, 7F f3sh FikoRg T H i o5 43 30 43 57 v,
HANGRZE P BRI KNy 1xL, B R A — NG
22 MEBRHRINGEZE

A8 SN A5 R oA H50E e S YN % 2 ) DX 9 T K8 3 114 iy LA S A5 5 Ik 2% RE HME 43 5 By 43 BE AR 1) 1) 8 R
I TR X s A2 SR S s W B VR 3 e T B9 28 a5 43 E AR B IR TR R O 1) A S A A ol Y
Top-k i RUAZ SR 451 25 b B0 3 ek AT 25 3 5 S0 REAS A 190 255 o 22 i 4 v 70 S0 PR AS (10 27 b, AT 38 v 1 4%
I 5 8 3 TR o8 1 a3k — D A 03 AR SCH B dm M iR A (R TP+ BE ) 7 A Ak B #5251l 25 Red-Seg
PR $E T — PP BB BN RS
221 55 1B ok R £

Top-k HiALAS SR8 2 b $ PV SR

L(p,y) == logp,— (1~ ) > log(l- p),
=

1 2y
b p HWOEAE, B sigmoid BECTH ARy b A AUE R T Top-k 41 2k 75 TR SR AN 4 R 2K B 17
J7 88 5 BB R e K 1) — o SARE AR AT DA B K f T
Yiop={t1,l2,-- 0,2}
e G BRSO SRR AR S 5, A4 8 1K) SR AR AN B SR AR 8 2 5, rT R A T 2 2 SORCE R 7+
A

p= A+N,’
L N IEFEARAN B0 AT 0, B R R A o T A e N R R AR I B 451

J A 1) Top-K 453 2% A% FH PR 2 1] 5 PRI ALEL, A5 4K 199 45 325 4 QT 22 36 i R 400 o PR 7R AR 3 St A 15 B o 285 1R )11 25,
T TR BORE AR v g A3 A A 1) AR R T 0 Ol T AR XA ) R AR SO T — T B A I R R A A P S YR )

JE e LR
o N
(=% M/SLSJ’
o, Ao AU, M g 9 28 85 IR AR IR B r My w7k AR EL, S b 3R . 24 re[1,S-1]1, A(r)=40; M r e [S,25-1]
1
H]‘,/i(r)_ﬂo(l—M—/sj.

2.2.2 B2 I BLAIHR K R BT
T WG AR BB B BT 1 48 U I P (false negative, fRTFR FN)FIE BH 1 (false positive, fij i
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FP)UI F:

FN=>y,(1-p)*FP=> pZd-V),

i-1 i1
Forp N O SRR B RS — TR IR B BB AN Gy AR AN REAR (B ) AR U 0 B Lipi W
| AN S N 2R A, HH sigmoid 2R 0TS TR
5 2 B B4 Ok ok BoE R
N N N
L,(p,y)=FN+FP = ZYi(l— pi)2 +Z piz(l_ ¥i) :Z(l— pi)2 + z pi2 ZZ(yi - pi)z'
= i1 i1

Yi=1 Yi=0
AP LLE 5 2 B BRIN R B A L, £ 0 A 187 2 J5 32 40 5 18 7 407 2K i 00, A0 0l a2 oK 4 6 ) L%
W [EL i) R A A5 0] T — AR A T, L0 W 2 B 1 B S R RR .
223 AL
S48 H VGGNet 7 ImageNet™?) E il Il 25 (AL R YT LS M I S50 0,55 1 B B, MV 255030 D v bt
WL FE—NAEAS R 5 99 25 11 1) A% R A3 R AZAEAS K 2 BIMEA & p, B (] Ly 50 2% R BOVE 550 24 iR A 0 40 %
B, IR0 o 3o 8 FHBERLEE B SRR BT S 40028 2 BB 55 1 B BEALl, A2 L, 2% i £
ZRM 25,50 2 I BRI Gl o2 J5 45 31 00 BIRER ML B0 1 ios R N GRBE O AR, T 7 (8 3R 7 B RS rh ok
2 FEA T S ek R B o
BiE 1 PIM BRI,
(@) % 1B
NN D=LOE YD), N YN S (3 2]y, o, B R EAR VOB Maxd, Max2 4%)).
i tH oy FITY M.
initialize @ from VGGNet;
set r=1;
repeat
sample (x,y") from D;
p=f(x'|6);
Loss1=Ly(p.y'6);
L (p.y'19) .
060
0=6-m9;
r=r+l;
until (r>Max1)
(b) 5 2 BBt
set r=1;

g:

repeat
sample (x',y') from D;
p=f(x'|6);
Loss2=L,(p,y'|6);

_a(p.y'10).

o0

0=6-19;
r=r+l;

until (r>Max2)

return 6,

9
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ASCAFFER 2R P A% R Fl AUC_PR(P-R £k T HIAR)IX 3 AN FEFR KN 7 22 5 1) 40 3 25 Rk
TP TP
p= ,R= ,

TP+FP TP +FN
A TP S IEA 4 K A SR FE A LFP 8 5045 ZR 4 i A8 SN BGEN. S8 A8 AR 2 10T 5 A A
$ . 0] R (A A ) S W ) 2 AR BT A 908 A8 b I 00 ) PR 5 7 5 1 B9 T o0 (2 7 ) e O 110 2 AR B AR 4 30
B BT 975 2% a5 I A 1 30 0 AR A B B A N 28 b mT DU H VR A R R 2 L RE VPl o — R B 43 %%
JE TR, A SO ] AUC_PR SREES % B2 AN I N IUERT S A 7],
34 TWHER

A5 R Gl 50 Pk R R R I s ) PR i AR LR 2, W] AR H DU T 56 1 B B0 Ok 4 58 2 B B i K 3 e ik
WA B 1 20 F 45 R JC IR AU 58 2 B BEB 2k, 2 i T REASAN I i e BB R I vk DN 2 (HLZ 24 A T P B B
WIS o3 2% 5 23 0 45 SR (VIR A 3 R 43 [ A A5 21 T 4R TH X W] 728 2 Bir Beit R 7 AR50 1 Br BOlll 2R i1
BUHE LR 1 3E47 5% 20,55 1 B BONIS 2 By BUR S— AN AT RN, SR 2 38w DU, 55 2 B Bol Rt — 2B kb 1
W O, U R AE L 23 B A IR A S ORI 3%, HERf A B T 2.8%. KL 1 el LUA 43 BB S kR
(1 ¥ B KT i RV S, P B B I RSk th A4S T B KR 1) AUC_PR #2117 1.7%, TR R S i T
1.3%.

Table 2 Comparison of segmentation performance of microaneurysms and hemorrhages
under different training methods

2 AFVIZRTT S KR A i 5 20 B2 REXT LE

S kIR HE I A
NRGES EIEES AUC_PR RGES RS AUC_PR
— B Bl g5 0.4875 0.492 6 0.466 9 0.598 7 0.595 5 0.591 6
LU 2 By Bt ok - - - - - -
I B 25 0.500 9 0.499 3 0.483 9 0.626 9 0.625 1 0.569 5
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M S BT LU 2,8 5 1 BEIR R B 8o 2535 2 70 FEAS, I AL 5(c) A P 5(e) A7 AE IR R AEL 1A #5352 A
RRZE 2 2 B BRI R ), I 4y 5 (K B4 16 X AE 1] 5(d) ot B . 11 5 i b B 80 R
(AR A0 2 2 v S R A [ 3R f Bi vet o ARDRE I 1 B i, A 6 T LU 99 2% 2 28 A8

(a) A% (b) & &bk

(c) %5 1 B Beistsh s 7 R K (d) 25 2 B BE ksl ik 4 il 8 2 ]

(f) 5 2 B Bt o s 70 FUHE < P

Fig.5 Segmentation probability maps for microaneurysms and hemorrhages

5 Gl bR A H I a3 23 IR

* 3 AT S HAh 7RI H. 5 HED,FCRN,Deeplabv3+#1 Clément 45 A f3X £ 75 v 4 L Red-Seg
FEPIFIF AR 5 T 55 RIS T SE 47 1) AUC_PR. = 2[5 PRI A 1 e 780 A P {3 0L 1) 52 SR 40 2R o B0 5, 0
AT 25 FEAE Sy A i 85, T LA A7 Ll A 7™ T 1 18 00 H5 00, LA S0 T3 eSS 70 1) U Aff RT3 [l 52 4 L Red-Seg 1.
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55 L-Seq AH L, [RIREHI A2 B 4% 11 22 55 A% 540 1 W 4% L-Seg F1 Red-Seq #52% F& T M40 KF A< () 1) £, {5 /& Red-Seg
TSI kI 1) 43 0 B R L, 2 AR A A SRR
o —J& L-Seq " i ] 22 0 3 (1) 40 52 25 2 K (multi-channel bin loss), %451 245 UGB AC 4 B (1) SkE A
AN 58, T HAN A B A I R0 i 4 th T Red-Seg 1 FH BRI Top-k A AUAE SUIR 2% R 4K,
JIT LA 5 IRk AR O B 10 A7 AR AN B0 4 20, DT I 4 B AR R fE s o BE AR |
o & L-Seg AT — Nk s A 45, 1T Red-Seg 15 B Y B I VI 2R SR I 25, 6 56 2 B B LK R
FEAAE A LA B AR AT VI S5, R 1 16 0% 3R 43 50 o 1) o RS FE

v - 2500
[:§ 340 i‘K i

Z 320 g TUEU
ég 300 i 1500
280 % 1000
.|5 260 é, 500
B 240 B0

12345678 910111213141 51617181920 1234567809 1011121314151617181920
RUES= 1% 3 Bzt 3
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Fig.6 Loss curves of Red-Seg on the training set and test set

K6 Red-Seg REM7E I ZRAE AN AL b 81 5k i £&

Table 3 Comparison with other lesion segmentation methods
F 3 5 HAMR AR SR BB X E

Ji % AUC_PR(##h ik &) AUC_PR(HH Ifi )
HED™ 0.427 1 0.508 4
FCRN®! 0.338 3 0.420 0

DeepLabv3+"®! 0.151 4 0.477 2
L-Seg™® 0.462 7 0.637 4
Clément et all*! - 0.530 0
LWENet!?") 0.344 3 0.376 9
Red-Seg 0.483 9 0.569 5

# 4 7 Red-Seg 5 IDRID 35200 4 44 (K% L.

Table 4 Comparison with IDRiD challenge teams
F 4 L IDRID FEFEBALIINS L

ik AUC_PR(## 5 ik J8) AUC_PR(H IfiL 1)
VRT (1st) 0.495 1 0.680 4
PATech (2nd) 0.4740 0.649 0
iFLYTEK-MIG (3rd) 0.501 7 0.558 8
SOONER (4th) 0.400 3 0.5395
Red-Seg 0.483 9 0.569 5

MR 4 AT LLUE HH,Red-Seg 7E ) kR A H il 43 81 b HE 4 56 =47 H A Red-Seg B Ik ) AUC_PR
EL 5 — 4K 1.8%. %) 41, Red-Seq & T 5 % 14 73 1 WX 4%, 1] 55 F€ 5T = 44 1 AL A ) A AR 20 J8 1 PRl A B 2 3 1)

o B MR PG B 00 45 N R B 75 N O AR 0 R D) AN T A, PR AR B R 3 O )
H0 100 5% £ 1 il 2 O TS T PR 20 03 3 1) 0% 0 DN 2R 800 4 40 LR D AN T N T

o B MR G B W 4 HUTT — R 1) A% AR A5 T LA B U R A5 1K) 2 i PR AR B 2 o B M 4 T
R PRI 1) A% 4R A RE A5 21— 45 10 20 U 1.
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5 16, Red-Seg #5 R AE Y Zrid FRATE AT 20% b LE IDRID 5% 28 BATL I AR 70 BT AT AL 34
5 RALR G AR RERHE SO0 s s (173 BIRCR XS .55 Red-Seg i LRl T conv2~conv4 I 4RFAE
AHEE M convs [RRFAE H-BEAA ok 2 B R 3 A 2SR K2 conv IR AE B2 JSU I SR A 16 545 2011,
TR T REANAE B I UL EoRFE 5, 73 8 45 BACHURE (W 18] 7(e) T 7R). 53 41, 1 Red-Seg il 75 convl [#f
AR AT AT R RE R T E B2 convl ARFAE BRI SZ B AR R B 7 4071 15 8 (H2 e 27 BUR 218 UM
B 7(a) ).
Table 5 Comparison of segmentation performance of microaneurysms under different

feature fusion methods (using one-stage training)

RS AL LA 7 A sl o 2 FEREXT LE (68— B B Z5)

T B kR
TR % RS AUC_PR
conv2+conv3+conv4 0.487 5 0.492 6 0.466 9
conv2+conv3+conv4+convs 0.4852 0.487 9 0.447 7
convl+conv2+conv3+conv4 0.486 4 0.489 7 0.464 7

(d) (e)

Fig.7 From left to right, segmentation probability maps for microaneurysms of convl~conv5

@ (b) (c)

correspond to the supervision loss

K7 MZEBNA IR convi~convs S W 8 45 2% K13 50 Bk 8 4 1 Ak 5[]
4 BESRE

43 IR 7 AU — P R A PR AT 55 AR SCHR T — B IR T 24T 455 T 1 AT BA ) B 43 380 R i, R Al
Sl KR (¥ 9 £ 455780 Red-Seq. 99 48 Hp A FH 195 AN 43 3 23 590 %o AN 170 1190998 A8 i AT 40 81, I LI 4% (6 22 RS RRAIE
5 TS R M B ) g 1A 80 B A 1) 40 R 5 SR TR R SCHR T — R B B SR AR 1 B sk 1
Top-k 5 A AT SRR BR B8 2 Y B B i /N A AR I ek ARV B i ok ik 2 95 7 43 B P IR R A0 1 D0 A SO
IDRID i 4E b A7 S, 4 AR W, P B I R 500 mT LU 359/ 2 43, 17 . Red-Seg 55 HAth /774 0 IDRID 3%
FEPMILAH ECART L T 4T iDL B Jm AR ALK 11 https://github.com/guomugong/Red-Seg T
TERR I AR s o3 ) 7 I AT A TE AT T 1) 3 i o
o B IR LR, H AT > KUK 28 T IR K A8 mbnid: 2000 45 IDRID H508 42 11 BB A
o 81 ik, 5 VRS S BN AL I S B L, P A R I AN 1) B AN R D ) R LR A S
TR 2 20 A0 N JEC 93 722w G ) A, 1 DG i P 3%
o ST NEORIN A EE R, B TR FE 2 20 1R AR A IR R IR B AR TR — A 234, T 7R AN (] FR) A
JEC A AL £5% 14D HIS JE P14 o 9 738 s )RR AU A7 4 2 5, 3K 0 AR89 A0 — A B AE LA B8 1) B L 5 ) 45
IR0 7 At R JES AR ML 11 558 1 PR L 000 2 36 i 2 I R R 1 o
AT, G 8 v e 60 190 448 P03 A AR R R PR R P g — A 3 8 ]
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