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Improved Res-UNet-based vascular segmentation of retinal images

YANG Han, LI Baicheng, CHEN Lingling

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and
Technology, Shanghai 200093 )

Abstract: Accurate retinal vascular segmentation supports the treatment of diseases such as
diabetes and hypertension. Because of the complex vascular structure of the eye, the complexity of
the pathological features leads to many limitations in the accuracy and speed of vascular
segmentation. To overcome this problem, an improved U-net segmentation method is proposed,
which replaces the convolution module in the U-net network decoder and encoder with a residual
module, using a non-local attention module to connect the encoder and decoder. The network model
enhances the correlation of pixel information and the ability to extract features without increasing
the number of parameters. Finally, the DRIVE dataset was used for comparison and evaluation with
the original U-net network, and the model achieved 0.9679. 0.9896. 0.8245 and 0.8281 of
feature detection accuracy, specificity, sensitivity and Dice coefficient on the test set, respectively.
The experimental results demonstrate that the proposed network model can perform accurate
vascular segmentation of the retina.
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Fig. 1 Schematic diagram of the residual module

EENHLE

U-net 2538 i # 20 BFYK T8, H
HE NGRS IZSE, FRIL TR
B, TR TR IN A FIE, B2 i 48 SR I
BRI HEZE R, T RE S 1 X 28 > B M 75 4b
PR A R pL T wT R
HASR P20 BN A iR, HHAEE S
BUZ, MR JERERERE P R
FREIANE 2 s, KR X b ARG, Z A%
RIRAHMEER, 0. ¢ 1 g 73R 1x1x1 Y
LR, ©ACRITCEMIN, @ CREMHF., Ik
i SE = WAL e S i W)

1
i= == > fnxe(x;
YT W . xi,x)g (%)

1.2

()

BV PR v R R O VA UE T R L K= v DV
FRA AT RE S LA AL s x A RS y ki
KI5 eRECZH A S Z A AHSCHE, —JTes
B gCo) T NG S AL R EE AT 115
e, Cx)RH— k%, TRUEAZBATSF R
FRREAR A
N TR R B I HLRRA R 28, R
B AR, BRI
zi = Weyi+ x; 2

Ay AR R R LRI AT
R T2, FEARIRME U RIZEH (415
W, IREG AR,

1.3 BstEHIM & EEY
AR SCHGHE R R JE L)L U-net W25 R Rent, i



Y W, . FETkdERes-UNet A W I R I 40 ) 27

4x64%64x256

4x64x64x128 4x64x64x128

X
!

4x64%64x256

- 3

Z

B2 EF/EBEE NG TIEREE

Fig. 2 Schematic diagram of the nonlocal attention mechanism
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Fig. 4 Comparison of segmentation results
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