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Arteriovenous classification method in fundus images

based on semantic fusion

Gao Yingqgi', Guo Song', Li Ning', Wang Kai'**, Kang Hong'”, Li Tao'
1. College of Computer Science, Nankai University, Tianjin 300350, China;
2. Key Laboratory for Medical Data Analysis and Statistical Research of Tianjin, Tianjin 300071, China;
3. Beijing Shanggong Medical Technology and Development Co. Lid. , Beijing 100176, China

Abstract: Objective Arteriovenous (A/V) classification in fundus images is a fundamental step for the risk assessment of
many systemic diseases. A/V classification methods based on traditional machine learning require complicated feature engi-
neering, consistently rely on the results of blood vessel extraction, and cannot achieve end-to-end A/V classification. The

development of deep semantic segmentation technology makes end-to-end A/V classification possible, and has been com-
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monly used in fundus image analysis. In this paper, a segmentation model semantic fusion based U-Net ( SFU-Net) is pro-
posed combined with the powerful feature extraction capabilities of deep learning to improve the accuracy of A/V classifica-
tion. Method First, the arteries and veins in the fundus image belong to blood vessels and are highly similar in structure.
Existing deep learning-based A/V classification methods frequently treat this problem as a multiclassification problem. This
paper proposes a multilabel learning strategy to address this problem for reducing the difficulty of optimization and deal with
the situation where the arteries and veins in the fundus image cross. The lower layers of the network are mainly responsible
for extracting the common features of the two structures. The upper layers of the network learn two binary classifiers and
extract the arteries and veins independently. Second, considering the high similarity of the description features of arteries
and veins in color and structure, this paper improves the U-Net architecture in two aspects. 1) The original simple feature
extractor of U-Net is replaced by DenseNet-121. The original U-Net encoder is composed of 10 convolutional layers and four
maximum pooling layers, and the feature extraction capability is extremely limited. By contrast, DenseNet-121 has many
convolutional layers, and the introduction of dense connections makes the feature utilization rate high, the transmission effi-
ciency of features and gradients in the network is high, and the feature exiraction ability is strong. This paper reduces four
downsampling operations of U-Net to three, and the input image is downsampled by eight times to avoid the loss of detailed
information. 2) A semantic fusion module is proposed. The semantic fusion module includes two operations, namely, fea-
ture fusion and channelwise attention mechanism. Low-level features have high resolution and contain many location and
detail information, but few semantic features and many noises. High-level features have strong semantic information, but
their resolution is extremely low and the detail information is few. The features from different layers are first fused to
enhance their distinguishing ability. For the fused features, the channelwise attention mechanism is used to select the fea-
tures. The convolution filter can only capture local information. The global average pooling operation is performed on the
input features in the channel dimension to capture global context information. Each element of the resulting vector is a con-
centrated representation of its corresponding channel. Two nonlinear transformations are then performed on the vector to
model the correlation between channels and reduce the amount of parameters and calculations. The vector is restored to its
original dimension and normalized to 0-1 through the sigmoid gate. Each element in the obtained vector is regarded as the
importance of each channel in the input feature, and each feature channel of the input feature is weighted through a multi-
plication operation. Through the channel attention mechanism, the network can automatically focus on the feature channels
that are important to the task while suppressing the features that are unimportant, thereby improving the performance of the
model during the training process. Third, considering the problem of uneven distribution between blood vessels and back-
ground pixels in the fundus image, this paper takes focal loss as the loss function to solve the problem of class imbalance
and focus on difficult samples at the same time. Focal loss introduces parameters o and 7 in the cross-entropy loss function.
Parameter « is used to balance the difference between positive and negative samples. Parameter y adjusts the degree where
the loss of simple samples is reduced, thereby amplifying the difference between the loss values of difficult and simple sam-
ples. The values of the two parameters are determined through cross-validation. The overall optimization goal is the sum of
the focal loss of arteries and veins, thereby optimizing the arteries and veins during training. Result The proposed method is
verified on two public datasets, namely, digital retinal images for vessel extraction (DRIVE) and WIDE, and its perform-
ance is evaluated from two perspectives, namely, segmentation and classification. Experimental results demonstrate that the
proposed method shows better performance than most existing methods. The proposed method achieves an area under the
curve of 0. 968 6 and 0.973 6 for segmenting arteries and veins on the DRIVE dataset, and the sensitivity, specificity,
accuracy and balanced-accuracy of A/V classification are 88.39% , 94.25% , 91.68% , and 91. 32% , respectively. Com-
pared with state-of-the-art method, the sensitivity of the proposed method only decreases by 0. 61% , and specificity, accu-
racy, and balaned-auuracy have absolute improvements of 4.25% , 2.68% , and 1.82% , respectively. The proposed
method achieves an accuracy of 92. 38% , which is 6. 18% higher than the state-of-the-art method. Conclusion The fusion
module can effectively use multi-scale features and automatically select many important features, thereby improving perform-
ance. The proposed method performs well in A/V classification, exceeding most existing methods.

Key words: fundus images; arteriovenous classification; deep learning; semantic segmentation; feature fusion
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T, SR 5 AT IALE A Al AR A5, L 138 A S8 R R 03 52
SRS /NI AE /0 0 A8 A 28 TR P 5 22 A Y i
R . Xu 55N (2017 ) 38 5 145 18] f4 1F 0 A6 AR
F ) A>3 303 i R A 05— Ak, SRl /b HEAIE = (1]
()25 5, AR — B A B S0 BRI SR £ A S
B MARFESRIBURFFAE £ 1 #1 B2 i % , Huang %5
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A (2018) T e LGS O R AR R BRI T R AL
SRIG AL T8 AL 48 R R IE R B EOR , SR AR5 3
FK R I R IE 746 . Tak45 (2015) 2 T
— T 7 B v 40 LR AR DA A M A B K
JEREEUE B, I N S ) B AL (support vector ma-
chine , SVM) 5361 € 1L %6 B sl i Bk 6 24
SAFESE N (2017 ) SR F K 449 {7 2R 28 52 LR Mk )
I A Sk ) B 32k

3R T R SR AT R R X S kA ik
N TEG R REHEL, R ENGIA T Ee 7
TR LA ) A 5 R R AT B, DA T S R RE
2009 4, Rothaus 2§ A (2009 ) %5 — ¥k i & K = 7w i
BT A SR ShEk o> 28 A0 R0 i A A
FRUERSCE B WUE 20 s, SR 5 R R & = ACS3
SRR AR Ly 4 K 0], PLse Ik NPH (non-
deterministic polynomial hard ) [a] 8 [ 1155 &2 2% ¥4,
Dashtbozorg 55 A (2014 ) K % A 1fi 45 ) 265 15 il —
ASTC B, SR FE AR 5 5 BE L A e AR RN IS ELAR
SO R ERI 3 S 247 L A B R T
A MR RE T 6 — 385, 55 WA i i
LRSS R 30 R ERAE, SR 2R 0 5] 43
B ZUCHIB o B A0 K i S8 03 2R g i AT 00 26, B
AR & 200 el BT A D 2R R AR EEIRE
AR CT-DRIVE a4k By e b O Zig R o
FUETZK T 87. 4% , Estrada 25 A (2015a) $2441 1
— 2 A gl shif ik o 3805 1k 1% 07 1k RE A8 4T 3
XN AT 328 0 ABATEESE 1 — DR KA AT RE
PERRL, 455 1 38 AL i 36, | % R R A K T
eI MR, ARG AN R T REAY AR =S (B] . Hu 55 A
(2015 ) 3 4o e 57— 1> 5 % 22 1) ) 28 R AB B2 1l 2
() P S e, I — 20 1 A5 R 2830 53 Ry Sl kAR
P TSR 0 08 Ry s A IR 1 20 R HE A
Ny 88 15% S E A ShHE U 8 7 A,
SIISUER N 86. 11% , Joshi %F A (2014 ) 44 1f &
30 e A LA R BT, ST IR 454, FH Dijkstra
SRl I f /M BRI A R A R L T, s
P K B4 5 28 53006 00 X 43 3 ok 4% /0 K 5 A
Joshi 5 A (2014) 72k B 50 4>3218# 1Y 50 1@ IR IS
PG EdbAT T, 15 3R LR W 0 2 A T Al 2y
OL.44% , F MG F Beiy o3 R uEmh 5y 96.42%  %F
X FH AR OGRS IR B 4R I ) 400 1) R P 45
FRR Bl K 2R, Pellegrini 55 A (2018) #2117

—FpEETFEEI I, WA R B R i i e R
AR R SRR ER K 2 Z [ 15 43 o 3XOEER—A 4
H 4k 3 it 28 B b Bl ik o 28 1R) 8 Y O 3k, TR
WIDE 454 FR R RUER Ry 86.2% , v Be i
23355 86. 4% . Zhao 55 A (2020) R L A4 H
R T %, H P TN R I A 0 B ik 3 2 At
BA BROGT REE R, 76 5 A B AR g s 3=
B, %7 T RE 0% o 0 o A I 265 0 4 D 5 4 6 ot A
79y 2. WA, Ml 138 F 3 k5 7 T INSPIRE,
I0STAR, VICAVR #il DRIVE 45 5 14545 $ 2544
TR AT, AT G

TR BETE XA RN A 1 R i 45 vt 28] it 1) 2y e ik
SPRMONATRE. Xu 45 A (2018 ) SR —~ elotk i) 4>
G R R I o3 F S Bk A FR K, IF A TF T — A8
BRIk 2R 8 HRE REVEAL,, % B 2E R &
(I8 4R 2, Galdran 55 A (2019) 45 2y i ik 73 28
B — N DU 432 (] AL, B sl ik ok | o DA R I A8
RAIAHE MR E . Girard 55 A (2019 ) B IR 2% 2
FNEMERE I T AR EE 5, 43 005 Y (9] B 158 23
F Sk AER K . 2B AR 1) F U-Net
HEATILAE 53 F A1 7328 32) U-Net fi H (4 A5 25 38 5 1
BB IR T4 2 B SO A 433, 1
R 8 SONTERE A SERT A . O T sl g
b %, B a7 A oy o f /N A U 1 T B A
DRIVE %448 b 0 145 73 H1ER 2235 5 94. 8% , 7
CT-DRIVE %k #% % I 2l # Ik 40 28 09 2 U
93.7% TR 92.9% o HAR[EIRE R IR 2% >
(77 35 R Ak B8 3 i Bk 43 25 ) 8, Welikala %8 A
(2017 ) % F 43 25 19 5 =m0 AS S 18 L4310 7 =X
A 18 T — B 3 DMERZH 3 M eiEREN
AL T A B L R — A LA D RS
£, D BMEE b, 34 31 x31 BED
FUG R, SR 5 ¥ FEREHLER BT R 25 X 25 13 R 1 KRk
AT R B IIZAR RT3, ME P OLRGE R
() e AR 2 B AR I 10 AR 25 x 25 2K
(G H 25 5 | A8 v 2R 15 E B S B AR A
AN BUbR 2

LGt 2 A E TR 2] A iRk
MRS IRE J7 , fRT A6 T 3l ik o 284 55 W i A o
SR, H TR B2 2T 1 2 i ik 43 28 O VL A AR % 1)
FBHE R — A =03 K M) R AL B, BIDRE IR IS B & b iy
BAMMGZE 53 R B Bk KRS S (s 43 28, Bl ik
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BR, &7, EFl8, BR, FiF / BXASRKEGRFHKS K

K 5 DL RN E R ) o (HR Bl ik o3 26
HOREIRTEAE T , SRR AR IR 8 T 15 15 R, 9F B
AT AR H AR S5, DRI A SOHs B ik 23 A o —
AZHREMIANIEZ 73 JE IR AL 8], o o4 sl
WK FE TRV, SR FH AN S 1 0 2K o il 2
Bl Ak .

2 zhERBk 5 ZE M %% SFU-Net

2.1 RER
AR SCHR M 10 3 T 3 SR 1) Sl ik o0 1 ) 45
SFU-Net =521 3 P A, BERU S R Q] 1 By

3 64 64

Ne BHIE, 1 UIBHE TR AR R FARS5 14
A BB SRR B 1T SURHIE s R )5 18 SCRl A AR R
fl A AN FZ R SCRFIE I B 2l ) /3 28T
BERVRAE s 55 , 208280322 2 BRI 7351 3 Bk
K o
2.2 U RERMLZ

U-Net( Ronneberger £ ,2015) 2 4= 4 = 2= E %
S3 B AR B A B — i S B R 2%, SFU-Net
DABGHERY U-Net £ ERE51 , 5 EAWIHY U-Net 4
6L, SFU-Net H i) U JEJ:Ailt 0 28 by Zi AL 4 0 i it
PR, G i s 7 DT R E R I, A i lie £ 93 1K 52 2 (]
=

128 64 6

1_28 256 128 T ol
X :{:;};; ’ 3 256 64 64 2
1T 64
256 512 256 |
Al
- =) conv
512 T i
512 max pooling
MO "
—> COpY
64
L . A - B -
UTEEEAl k4% EER AL ey A3 EESRZE
B 1 SFU-Net f&70 454
Fig.1 Overview of proposed SFU-Net
Bk S U JE 28 L)L DenseNet-121 (Huang 45, 38 BYTE I HLH]

2017) ¥ H 4 i 2%, DenseNet-121 |y 4 4~ %5 42 He fy
B, BEW A AR Z B — 2 U )2 8 S B R
AR R BB RRAE R RS o

fFfih e 5 U-Net OIS #8250, 85K A gt 45
RFE_ESRAE 2 £, 585 Bk R #26 FoRAE S
(RRAIE 52K B 2B 2 14 [7] 23 PR 3R 00 R AR E AT PF 4
T8 /NG i 25 00 B 25 R AU 2 B0 1) 22 57, SR e e
HIE RO B B G RoT
2.3 IBEXEAER

T SR AL A RRAE B R T

D) FAERR S o U B Al 0 45 M i A S b 4
BURF ORI W = (W) 20 {5 S, AR A T 4R T %
JZ FRAEA DT BB AE — R B L3 S 415 5 B0
TR IR AEARZ IR B T 82 i 4 15 5 BT
R BB, Mgt 2 A E R iR R 5
WEEAITER. WL, @G AR Z R RHEREDS
A RARTE 7 JNERE , T 3RAT BRI 1R 73 U455

FICXOR B A e AN ]2 B RFE AT EORAE
Ve A ZRE RS 1538 4 MHEE L iE 8 X, X,
X, X, BEARRAE B4 64 ANRRIEIEE , S8 J5 R
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ANTEZ ERAE S I RRIE AT 9B, 15 21 & A 256 4>
AL T8 T8 AR, B
X =[X,,X,,X;,X,] (1)
2) BT BB RER LS. B SE (squeeze and
excitation ) #2AF , A [ 256 ™38 38 HP i e %) 7326
155 e FE 2 A FP Ak (Hu 45,2018 ), H4R AR 3 A2
2 PR

F_(C.W)
F_()
/1x1xc 1x1xc\
amﬂmik
-
c 7 c

K2 SE iRk
Fig.2 SE operation diagram

G, % 18R E BUE B R REHH B 2% XK
JRE R, O TRES A )R R SUE R X 4EE
H x W x C (SFU-Net i C = 256 ) p%i ASFIE X 1
BANEIE AT R F () AR
z e R, 25 e DICRMER X M5 ¢ MEE R4
JRafE R AE =R, B

= XD = S Tl (@)

RIS R P 4 1 122 J2 ok a8 i) F) A S At
PP, 5 | A 1 2R ) AR 4 2 AR 3 it
K /e G AR R RE o i 5 2 e kR
FERFUETH R A ERE , 3 — 2Pl 5 sigmoid [ REAY
HIH— A3 0-1 Z [, X —RIRMEICH F. (-,
W) LBl

s =F_(z,W) = a(W,8(W,2)) (3)
Ao, & FERARLPEHOR AL, 925 R ReLU 5
B, W, e R, W, e R™" | SRRIFIA 4 1% 12
BVRE ST HAMYAR RSO | T i 34
SE T ) AR S, D B RS O
TG 8 s A TEE B MUR XA RHE X
FEATHAAE PR 51303 11 T B, 3 T o R
S X B AN 3 AT A, TR R
Fscale(', ) ,ED
X, = F.(X.,s) =5 -x, (4)

BABRMETER X = [X,,X,,X,,X,] , SHAL
fiE X BLAT KA e i

L SE #RAE, 45 R 08 76 1 Ak 2D () 1 55 o
MSEERAMET AN 2Rt B B 8h QX 55
L R RAE S T, PR AN T RRAE , M 4
TR B PERE o
2.4 SRENEE

ZHRBE Y HIZE 1 SR U A AR 21 1) 256 4
A P FRHE IR 64 4E R G R 2SS BA
64 IR (146 BUZ HE— 25 SR IUX 43 2l ik 1)
TiE, B S PR AN Z 43 28 4 57 b IX 4 50 Jok i ik
IR R 5 A% R LA 15 R B4 A P2 R
i, mgeit, DRIVE £ 48 b il 4 s R = 1 1
B2k 1+ 10, 1 3h bk RN # Bk AR E8CH HH 22 8 K
R T R 28 AN S5 A 1 T R, S Ay AR A L
focal loss YE-R# 5 BREL

focal loss 7EAC UK RECH G IA TS50 o I
y L E SN

FL(p,y) =~ 21, (a(l =p,)7ylogp, +

pI(1 —a)(l —y;)log(l - p;)) (5)
X, HATW R EIE RN EERMTERE, v e (0,1
HESRRZE, p e [0,1] HINMRE, S8 a e
[0, 1] FRAPAE R, RV 1E AR AS A B 1) 25
S0 T IEREARGAMNE o , X FREEAG] ARE
1 —a o Z%0y = 0 P85 {8 SRAE A 2 4 B AR 1 2
JE, DN TTAE TR AP A 7 B AE AR 458 2K 1) 25 S 0K
FESEL o Fl oy (A0 0 T il S 00 ok 1 , A SCr il
FAM o« F1y ({5514 0.7 F 2,

WX A S ER 5 focal loss NLfRHE T
AN T {8, 1y ELIX 43 T fR] RN PRI MERE A it
A P 45 Y11 e At e i S PRI ) A3 PR AR o

ZHREEA R REE SR B KR K ) focal loss
Z A R

L(PJ) = ;FL(pk’y/f> (6)
T A R0 265 )11 et A o (]SO0 A Sl BRIk

3 XWHERSHH

3.1 XWigE
3011 HRss

ARSI AE WA S FEEAE S DRIVE ( Staal 45,
2004 ) Fl WIDE( Estrada % ,2015b) |47
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BR, &7, EFl8, BR, FiF / BXASRKEGRFHKS K

DRIVE J2: M i 45 1 8 53 31 0 3l i ik o3 28 v
B AU, 5 40 IR OUIRIEEE . Xt
P2 I 400 idl R 32 1507 7Y RIS R v BE AL
TEFER, A R B3 DL BBy bty , B 68 CRS 3
Bl 3CCD AHALLL 45° WL M A 8%, 70 BE A 565 x
584 15K . o = Iy LI X} DRIVE 48 4 64T 1 3h
WK bR T, & IF A 3 S RAS, AV-DRIVE | CT-
DRIVE #1 RITE, 7 X % H RITE #7F ( Hu %,
2015) V5 2h gl i ik A FL IS AR 28, 4 08 R S bR i 1
4 PhRBIRIMAE « £LEA RS S IK, W AR sk, 4%
RN SRR DK EE 5 AR 23, B0 R 2R BN
SE B I o

WIDE %% #& 45 % A Optos 200Tx # )~ f4 % &
(Optos ple, Dunfermline, Scotland, UK) #4%, Ff1
& 30 W = 2 R IR K %R . 5 RITE A [, WIDE
WARTE T 4 PRI M4
3.1.2 Bl vmisk

N T kG HUE TR TR Y 1R R, AR SR
P SRAR AU A BEPLE A 55 07 S U 2R R 9 58
60 f%, S BT E WY LB B R X T
DRIVE $ffi 4 , IR AR S i A 45, f T WIDE
Bt die , BB/ 700 x 500 15K 4 AR 45
3.1.3  SLERIRER

FHR ] — G BCE A X CPU 6 # Intel ES b3
5,128 GB N f#, Ubuntu 16.04 #:/E R & 1 4 3k
Nvidia GTX 1080Ti 2 - By I fF ol # B 5
PyTorch P 24 2 HEZLSEFY, PyTorch fiiAR 4 1. 0.0,
Python JliA K 2.7,
3.1.4  REERSIZ

AR ] RMSprop fiAE 5312k Il 25 SFU-Net, #]
JAZE ImageNet | i)l| 23 1) DenseNet-121 #E47 504,
KT 12 1 WAk ok sk S i 4805, 1 0 A6 I0TA 5 Oy
0.000 5,47 42 > SR Bk 107 I 251 JF 1 R 300,
DRIVE C &850 4 1 INZRAE IS % T WIDE %
Pt R I 58 SR IE , BRI 73 DI ZRBe A i
3.2 EMEERR

AR ST 3 B FN 53 2 P A T TR DF- 455 B 1 1
A8, sh KRR IK I L 0.5 Sk B (E R AR 3R I G 1 o —
(ERES]S

XF Tk e, A SCR A ROC {1 £k (receiver
operating characteristic curve ) | T f{ ( area under

curve, AUC) NP4 4R . ROC Hiy £k LAELIE fif %

CREUE) RNl , DMBGE GBI (1 - e 5tk S dl,
T PO B AT 22, AUC R EE T 1, 1 RE
4. DRIVE $&fft | FOV (field of view ) fERAFRIT:
THE AUC B HIH5E FOV N5 3 X7 T WIDE %%
e TERE IR EIR Bitaa

XF TSl bk 73 28, A SR R BUPE (sensitivi-
ty) B 5 (specificity ) | #fE 5 2 (accuracy ) FI 5 £
UHERA 3R ( balanced-accuracy, b-acc ) 4 4845 FEHT,
TR S BRI B, SR 0, FE bR E SN

TP

T TPy FN 7)
TN
P = IN ¥ FP (8)
e TP + TN 9)
“ TP + TN + FP + FN
_se+sp
ba(‘c - 2 (10)

K, TP FoRIEMIRBI S IKECH , TV /R 1IEf R
N EERIKECE |, FP R 851525 R sh K kAR 25K
H,FN FRR s Ak s kg 2508 o se fiiid
FERUAGH I B Jk 1 PR BB, sp i 348 A5 7R G 00 % Jok 1) e
fig , acc FIRIY X 53 Bk DK PR RE L b, 2 LN
se Fl sp WOXE, SBR T se Fl1 sp Z [A] 41 o
3.3 HRLXIE

TR TR SCRE A B A St A ST
DRIVE B#s 4 FilbAT 1M Rl SL 5, AT SCRl& 8
Y5 DRIVE $dli4E LA HEREXT LR 1 s .

F1 MANEXREEGERAE DRIVE ¥iE5%E R RITLE
Table 1 Comparison of results on the DRIVE

dataset with or without semantic fusion module

AR - Bk ik Bk 2%
e AUC  AUC  se sp acc b,

X x 0.95970.964 4 89.55 90.49 89.94 90.02
X V' 0.97070.9754 87.58 93.62 90.91 90.60
V.oV 0.96860.973 6 88.39 94.25 91.68 91.32

T L AR BB B A

FE T T U FOIACRRAE @A i AR 4y
E S KA K A PERE R B T T 1% L, ShiEe ik
G320 sp , ace b, YA BT, 51 A SE $#:4E
J& , SAMA SE BAH G, /- FIERE TR T 49 0.2%
B 7> K1 ace M b, 5354 T+ T 0.77% F
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L il

0.72% . Mfskid, 5 U T IR/ 2% AH L, 171
PERERY)

B SE #AER 5 ARIE Sk T 43 #1428
FETE, B 1 SCR G B A R
3.4 H5HfbFHENLE

1) DRIVE ¥4 4E . A SCHr SFU-Net 534 1)
Bl ik o3 2 07 vk DL K 2 i 3 9K TR R A
DeepLabv3+ ( Chen 55,2018 ) #£47 X kb, DRIVE %44}
R FIPEREXT LN 2 Fis . WRHPATLUE 1, U
RITE 1E Ry 3l bk brids , 7eAH 5] 4 52 56 e B FEo 14
F T, SFU-Net (R RH 321 se WAL T UA-AV 11y
89% , HAR 3 A8 sp , ace b, YIEH T A K
Hoh gy, 75 SEE R A2, Xu 4 A (2018) R+
Prag SURAIE , BARE AT 1 58 2 A9 28l , i

SFU-Net HAfi ] 20 i ESAE R IIZRAR  BAK Y ace
b, 38R E T Xu & A (2018) [ )7 7% Welikala
SN (2017 ) $4 Ay UG 43 o 25 RIIZRIENR S i
S uE AT 10 i B, 7E LA Fr T 0 0 11
1% FAEET 91.97% 4 ace o Srinidhi 8 A (2019) %
MEHEZRICE & A5 E7E CT-DRIVE Hil AV-DRIVE
B LSRR TR m s An, SR, O R R
FRAE T AT Do P 0l 38 A T R e A7 o0 260 — D T,
PR BRI o T AR K HARR, I8 b 1 18]
ARMEFRAT 5 I3 — 5 T, %oF T 0L A8 A 1 L E A7 A8 K
o AL, TAEE B BB B I A SO AR B
LGN A8 AN 3% 252, 3K 23 % i TR 43 B Y ok AS A1 1)

=%
w uﬁ o

%2 DRIVE $iE& L&k 5 KT AT L

Tabel 2 Comparison of arteriovenous classification methods on DRIVE dataset

Tk S IKARE  se/% sp/% ace/% b /% ik

Huang 2§ A (2018) 70.9 73.8 72.0 72.25

Hu %5 A (2015) - - 86.11 -

UA-AV RITE 89 90 89 89.5 A R R

Deeplabv3 + 84.05  85.64  84.94  84.84

SFU-Net ( 4<30) 88.39  94.25  91.68  91.32

Xu %5 A (2018) RITE 89.7 90. 4 - 90. 05 A7 A8 SUBGHIE , XT BT A LR R AT IR

Hemelings ¢ A (2019) RITE - - 94.25 - M5 Pt Ze AR TFIE B R 2 IR R M

Srinidhi %5 A (2019) AV-DRIVE  96.6 92.9 94.7 94.175 T A pR A R

Srinidhi % A (2019) CT-DRIVE ~ 95.0 91.5 93.2 93.25 FEREERBLL 3 R E I

Dashtbozorg %5 A (2014)  CT-DRIVE 90 84 87.4 87 LA AR AR T T8 B M 3 ME R A

Girard 25 A (2019) CT-DRIVE  93.7 92.9 - 93.3  AEH L R F RN 3 MER I

Mirsharif 28 A (2013) FH0 82.65  85.74  84.05  84.19 ML AR FIEE M 3 MEE R MAS
A P

Welikala . (2017) R - . 25 m%ﬁ%ﬁgg %}i?{?ﬂ%ﬂﬁﬁ

Zhao % \.(2020) ARH 94. 2 92.7 - 93. 45 I 2R

Xu %5 A (2017) A 91.5 92.9 9.3 92.2 73 003 AR &R

TE LA XA I R R AT PRI RITE E YR, - " AR I

DRIVE %45 46 | 3l i Bk 70 % i) ROC il £k
3 BN, i B8 5 il £ Y e FE AR A
SFU-Net 731 2l ik F# Bk 1) ROC 2k 156 8 o
Deeplabv3 + , & ¥l i i . T DeepLabv3 + ] 43 &
PERE.

K 4 E7/n T SFU-Net #ll Deeplabv3 + 7 DRIVE

G M0l SR I S L AN G 7 e O
EFTREIK, R OFIR TR R, HaFRRE
R 0 1L 35 €0 P — B X B L SFU-
Net F11 DeepLabv3 + 825 B %f o, DeepLabv3 + B 9K
TE A AR EHG 53 F v L A0 5 , (AR I A5 v i A8 4
40, H. 5l [k A0 i Bk = 1) 4 A8 v BE AR AL, (5] 1 Deep -
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—— DeepLabv3+(AUC=0.8413)
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Fig.3 ROC curve of arteriovenous segmentation on DRIVE dataset ( (a)artery; (b)vein)

(a) J5E

(b) SR

4 DRIVE i bk Je4h RIE

Fig.4  Arteriovenous classification results on DRIVE dataset

(¢) DeepLabv3+53 ] (d) SFU-Net53-#[&]

( (a)original images; (b)ground truth; (c)segmentation results of DeepLabv3 + ; (d) segmentation results of SFU-Net)

Labv3 + Jf-ANidi & T sl ik o0&, Bir 52 3Ry 70 ) 4521
HROR M R, 40 R ME R A, AR SCHE
(1) SFU-Net P51 il 3 Y 58 B L FNUHER G T Dee-
pLabv3 + .

2)WIDE #iadE . AN[FJ5ikqe WIDE $¢#84E I
FITEREXT L AN 3% 3 Bk . WIDE %4k 45 J2 4 7 O i
MRS 5, A8 A 3R L5 3 ARG &1 5 52 R 40 /N, %
Deeplabv3 + X3 3 9K KGR 3 1 J5 1ok BExERE B,
Deeplabv3 + )43 2% ace H A 76.56% , i 4~ X
SFU-Net 12 2K 2% 43 25 H acc 53 92.38% , L. Pelle-
grini 5 A (2018 ) i (515 J5 ik m Y 6. 18% , LK Deep-
Labv3 + & H 15. 82%

%3 WIDE $iz5 Feh#sik L7 EITLE
Tabel 3 Comparison of arteriovenous classification
methods on WIDE dataset

DikiS se/% sp/%  ace/% b /%
Pellegrini % A (2018) - - 8.2 -
DeepLabv3 + 71.27  79.13  76.56  75.20
SFU-Net( A< 3) 91.19 93.39 92.38 92.29

T L AN RS I, - " AR TER

WIDE $iffa e 1= gk 1 1) ROC H Znial 5
Jii7R , SFU-Net 43 B S kA BK A AUC 4351 L Dee-
pLabv3 + &t 0.076 3 F10.085 6, K 6 JE/;R T
WIDE Zfla gk E o RSG5, SFU-Net 195051550
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Fig.5 ROC curve of arteriovenous segmentation on WIDE dataset ( (a)artery; (b)vein)

(a) & (b) BRI

(d) SFU-Net435I&]

(c) DeepLabv3+43#14]

K6 WIDE $dlafe ahighhk o A4i R

Fig.6  Arteriovenous classification results on WIDE dataset
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