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Abstract: In order to solve the problems in retinal vessel segmentation, such as blurred main vessel profile, broken
micro-vessels, and missegmented optic disc boundary, a ghost convolution adaptive retinal vessel segmentation
algorithm is proposed. The first algorithm uses ghost convolution to replace the common convolution in neural net-
work, and the ghost convolution generates rich vascular feature maps to make the target feature extraction fully
carried out. Secondly, the generated feature images are adaptive fusion and input to the decoding layer for classifi-
cation. Adaptive fusion can capture image information at multiple scales and save details with high quality. Thirdly, in
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the process of accurately locating vascular pixels and solving image texture loss, a dual-pathway attention guiding

structure is constructed to effectively combine the feature map at the bottom and the feature map at the top of the

network to improve the accuracy of vascular segmentation. At the same time, Cross-Dice Loss function was intro-

duced to suppress the problem of uneven positive and negative samples and reduce the segmentation error caused

by the small proportion of vascular pixels. Experiments were conducted on DRIVE and STARE datasets. The accu-
racy was 96.56% and 97.32%, the sensitivity was 84.52% and 83.12%, and the specificity was 98.25% and 98.96%,

respectively, which proves the good segmentation effect.

Keywords: retinal vessels; ghost convolution; adaptive fusion module; dual-pathway attention guided structure
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Fig. 6 Dual-pathway attention guided structure
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Fig. 8 Preprocessed image. (a) Original image; (b) Green channel image; (c) CLAHE image; (d) Gamma transform image
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Table 1 Comparison results of different algorithms

DRIVE STARE
Method Parameters Timels
Acc Sen Spe AUC Acc Sen Spe AUC

U-Net 0.9637 0.8250  0.9830 0.9856 0.9653  0.7958 0.9857  0.9831 28245825 152
BCDU-Net 0.9638 0.8292  0.9826 0.9857 0.9659 0.8054 0.9791 0.9878 29288325 286
DoubleU-Net  0.9642 0.8201  0.9843 0.9862 0.9667  0.7991 0.9854  0.9851 31837850 294
BFCN 0.9639 0.8313  0.9824 0.9859 0.9687  0.8227 0.9862  0.9893 48224433 422
CANet 0.9645 0.8374  0.9822 0.9867 09729 0.8185 0.9873  0.9901 36232127 348
GANet 0.9656 0.8452  0.9825 0.9869 0.9732 0.8312 0.9896  0.9900 27400454 244
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(@) =H; (b) £474; (c)U-Net B; (d) BCDU-Net H;
(e) DoubleU-Net B; (f)BFCN &; (g) CANet &; (h) GANet B

Fig. 9 Segmentation results of different algorithms. (a) Original image; (b) Gold standard image; (c) U-Net image;
(d) BCDU-Net image; (e) DoubleU-Net image; (f) BFCN image; (g) CANet image; (h) GANet image
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B 10 DRIVE £ &4-%m 7.
(@) BB; (b) &4rfeta A; (c) U-Net#m B; (d) BCDU-Net ta¥ & ;
(e) DoubleU-Net 2% &; (f) BFCN % B; (g) CANet 28 &; (h) GANet 28 %
Fig. 10 DRIVE dataset segmentation details.
(a) Original image; (b) Gold standard detail image; (c) U-Net detail image;
(d) BCDU-Net detail image; (e) DoubleU-Net detail image; (f) BFCN detail image;
(g) CANet detail image; (h) GANet detail image

B 11 STARE & 453mT .
(a) RA; (b) &4rfm¥ E; (c) U-Net a5 B; (d) BCDU-Net 487 H;
(e) DoubleU-Net a9 & ; (f) BFCN a B; (g) CANet Za 7 B; (h) GANet o &
Fig. 11 STARE dataset segmentation details.
(a) Original image; (b) Gold standard detail image; (c) U-Net detail image;
(d) BCDU-Net detail image; (e) DoubleU-Net detail image; (f) BFCN detail image;
(g) CANet detail image; (h) GANet detail image
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Fig. 12 Receiver operating characteristic curve
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Table 2 Objective comparison results of different algorithms
DRIVE STARE
Method
Acc Sen Spe AUC Acc Sen Spe AUC
Ref.[15] 0.9542 0.7653 0.9818 0.9752 0.9612 0.7581 0.9846 0.9801
Ref.[16] 0.9557 0.7890 0.9799 0.9774 0.9620 0.7798 0.9822 0.9791
Ref.[17] 0.9566 0.7963 0.9800 0.9802 0.9641 0.7595 0.9878 0.9832
Ref.[18] 0.9568 0.7921 0.9810 0.9806 0.9678 0.8352 0.9823 0.9875
Ref.[19] 0.9574 0.8083 0.9790 0.9822 0.9695 0.8162 0.9869 0.9898
Ref.[20] 0.9576 0.8039 0.9804 0.9821 0.9694 0.8315 0.9858 0.9905
Ref.[21] 0.9582 0.7996 0.9813 0.9830 0.9672 0.7963 0.9863 0.9875
Ref.[22] 0.9667 0.8221 0.9817 0.9853 0.9724 0.8210 0.9859 0.9897
Ref.[23] 0.9554 0.8160 0.9756 0.9799 0.9723 0.7551 0.9903 0.9863
Ref.[24] 0.9609 0.8282 0.9738 0.9786 0.9646 0.8979 0.9701 0.9892
GANet 0.9656 0.8452 0.9825 0.9869 0.9732 0.8312 0.9896 0.9900

LA PR S 53 S B B 8, Saon) LA SR 1t
HH 9 545 B 1 3 10 28 (GANet) % DRIVE 1 STARE [
HHRL I A ] e LA 5 i o B RE Do SR 16] A T T
BB BB EEER, JERAMSEERE 5%
A RIR GRS TSRS, T ARG AV B s 2
2], ATUAShAS MRS S B B AR N A T E 18 DR
B, AR B IS AR A SR, oo
JE HEAR A 0.99%F1 1.12% , FHURSRE H A SCAIG 5.629% 11
5.14%, FEEPEHAR SR 0.26%F1 0.74%, HE B
OO IO JIEE 100 55 66 75 T T AR TE A R . STk [20) 38 F R

J 235 [1] 18 300 45 B 28 XU 0 R B I 45 1 A 54031, 1%
W 24 107 ISR 22 RUBE S A G i sS Husaz B, 4 s e
TSR LA Sy BRI S BR e AL, [R5 ) A TR e
B 25 B Z B84k, 7 STARE Bd 4 v HORG 12 s 52
PR LA AR 0.38% , BURREE Al AUC {H AR 3C757 0.03%
N 0.05%, FH [ 3E Nl G AR T oRAE 2 RS54
YA BRRMA KA o SCHR[22] 48 H SCRHEDRITE
A R I 5 B0 AR T2 20 O IR AR
S R RN 2 45 33T 2 A BEANH 5 A4 S8 Bk (4 11
B, JFHRIUBER BN A KRR, L5 H

210291-12



StEs THE, 2021, 48(10): 210291

https://doi.org/10.12086/0ee.2021.210291

K51, 7% DRIVE $ds 45 iz Bk i w R i = 96.67%,
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Table 3 Ablation study of each module

DRIVE STARE
Method
Acc Sen Spe Acc Sen Spe AUC
GANet_1 0.9645 0.8374 0.9822 0.9867 0.9729 0.8185 0.9873 0.9901
GANet_2 0.9650 0.8506 0.9801 0.9868 0.9730 0.8336 0.9892 0.9906
GANet_3 0.9607 0.7865 0.9851 0.9823 0.9699 0.8171 0.9929 0.9892
GANet 0.9656 0.8452 0.9825 0.9869 0.9732 0.8312 0.9896 0.9900
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Ghost convolution adaptive retinal vessel
segmentation algorithm
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Overview: Retinal vascular morphology is an important indicator of human health, and its image processing and seg-
mentation are of great significance for the early detection and treatment of glaucoma, cardiovascular disease, and ven-
ous obstruction. At present, retinal vessel segmentation algorithms are mainly divided into unsupervised and supervised
learning methods. Unsupervised learning method mainly focuses on the original information of fundus blood vessels
and uses matching filtering, mathematical morphology and vascular tracking to segment fundus images. Supervised
learning requires prior label information, and the classifier is trained and extracted by manually labeled Label image,
and then the retinal vessels are segmented. However, the existing retinal vessel segmentation algorithm has some prob-
lems, such as blurred main vessel contour, micro-vessel fracture, and optic disc boundary missegmentation. To solve the
above problems, a ghost convolution adaptive retinal vessel segmentation algorithm was proposed. First, color fundus
images were separated by RGB (Red, Green, Blue) channels and Contrast Limited Adaptive Histogram Equalization to
enhance the contrast between retinal blood vessels and background, and to reduce the influence of light intensity and
color channel on the segmentation effect. Then the fundus images were input into the ghoul convolution adaptive net-
work for training to extract the vascular features. The algorithm uses ghoul convolution to replace the common convo-
lution in the neural network, and the ghoul convolution can generate rich vascular feature maps to fully extract the tar-
get features. The features are classified and predicted by the adaptive fusion module input into the decoding layer, and
the adaptive fusion can capture the image information at multiple scales and preserve the vascular details with high
quality. In the process of accurately locating vascular pixels and solving the loss of image texture, a dual-pathway atten-
tion guiding structure is constructed to effectively combine the feature maps at the bottom and the high level of the
network, which solves the information loss at the pooling layer, achieves global semantic transmission, better retains
vascular pixels, and makes the edge details of the segmented image more complete. At the same time, Cross-Dice Loss
function is introduced to suppress the problem of uneven positive and negative samples and reduce the segmentation
error caused by the small proportion of foreground. The experiment was carried out on DRIVE and STARE datasets.
The DRIVE dataset contains 40 color fundus images, which were manually divided into training sets and test sets by the
authorities. The STARE database contains 20 color fundus images, which were evenly divided into five parts, and the
experiment was carried out in a 50% fold cross validation method. Experimental results: the accuracy rate was 96.56%
and 97.32%, sensitivity was 84.52% and 83.12%, specificity was 98.25% and 98.96%, respectively. In the segmentation
results, the main vessels were less broken and the microvessels were clear, which has certain medical clinical application
value.
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