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Abstract In view of the complex and changeable morphological structure and scale information of retinal vessels, an
U-shaped retinal vessel segmentation algorithm based on the adaptive morphological structure and scale information
is proposed. First, the gray image of retina is obtained by synthetically analyzing the three-channel frequency
information of the image with two-dimensional K-I. (Karhunen-Loeve) transform, and the contrast information
between the vessel and the background is enhanced by multi-scale morphological filtering. Then the preprocessed
image is trained end-to-end by using the U-shaped segmentation model, and the data is enhanced by local
information entropy sampling. The dense deformable convolution structure of the network coding part captures the
multi-scale information and shape structure of the image effectively according to the informations of the upper and
lower feature layers, and the pyramid-shaped multi-scale dilated convolution at the bottom enlarges the local
receptive field. At the same time, introducing deconvolution layer with attention mechanism in decoding phase,
which effectively combines the bottom and top feature mappings, can solve the problems of weight dispersion and
image texture loss. Finally, the final segmentation result is obtained by using the SoftMax activation function. This
approach achieves average accuracies of 97.48% and 96. 83% and specificities of 98.83% and 97. 75% on the
DRIVE (Digital Retinal Images for Vessel Extraction) and STARE (Structured Analysis of the Retina) datasets
respectively, which is better than the existing algorithms.
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Fig. 3 Deformable convolution feature extraction process
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Fig. 9 Preprocessing images in each stage. (a) Original image; (b) image of green channel; (c¢) principal component I, ;

(d) principal component I,; (e) principal component I;; (f) morphological transformation
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Fig. 10 Local vessel block informations. (a) Gold standard block information; (b) DRIVE data block information
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Fig. 11 Retinal vascular segmentation results using different algorithms. (a) Origin image; (b) gold standard of image;

(c) proposed algorithm; (d) results in Ref. [9]; (e) results in Ref. [28]; (f) results in Ref. [29]
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Fig. 12 Performance comparison of deep learning segmentation algorithms. (a) Origin images; (b) details of original

images; (c) details of gold standard; (d) details of proposed algorithm; (e) details of algorithm in Ref. [9]; (f)
details of algorithm in Ref. [29]
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Table 1 Performance comparison of different network

structures based on U-shaped network architecture

Method Onceursey /| Osensivviy/  Ospeciticiny/  AUC /
% % % %
M1 96.21 79.69 98.52 98.30
M2 96.50 83.21 98.63 98.56
M3 96.29 81.12 98.52 98.41
M4 96.85 82.74 98.71 98.63
M5 96.54 81.50 98.20 98.28
M6 96.24 80.67 98.54 98.36
TP 97.48 85.78 98.83 98.72

2 1 %0, 58 U-net %N B 19 2 25 18 4
HLAT e A fa e 78 I 4% 45 M T A AT AT ke 3 T G
HER % FR S PE M AUC HE 25 ik 3 96.21% .
98.52 %0 F1 98.30 % ,(HAF7E R BUE BRI L, T
S, SCHERC15 TR0 SCRRC30 X 42 48 U-net #4978k, H
TSk (15 ] ) H AT A8 8 % B R80T Sk
(307, it B AT A8 B 4 BRIl 48 R 1 B RN JE 25 45 4
HA B8 p R R BE ) AH 3 B TR R AN TE 96 % A8
f L UGS LR Z A B R, SR, A SC
it ) Attention U-net fY7r E4E E X 3] 97%,
o H R 8O A K B AR TR, T Ul B A
Attention HILHI A B T o ) 28 KR 43 W 4 %
Do 2 2 L H BR A T A A Rl R AR B A R A
MR S L 5 4 BUZ P 8k A R AT
5 S AT B TR E bR 5 R AR AR ) R NS
ARSOKE R AT A A R T e R A
AN P B4, A 45 o 1 % L A A AUC {43031
IKF 97.48% .85.78 % Fl 98.72% . ik — 4 P W 7K 3¢

2% (4
B A BRI B
4.6.2 TREALM L5 F F kBT

Ry T TG b e I AR AR R 0 1A 4y FI R fE
2 Ik 3 4y N E I A8 o #) 5 7E DRIVE 5§
STARE %% £ I 9 R SR R 5 ML o o 2R A
AUC A, H ok i 38 43 4 % 001 e AR AE

2 DRIVE Bl /4 0 1) B i 7 53 1 45 21

Table 2 Retinal vessel segmentation results in DRIVE dataset

O sensitivity/ Ospecificity/ O Aceuracy/  AUC /

Method
% % % %

Number

1 2" human observer 77.96 97.17 94.64  94.66
2 Method in Ref. [2] 71.40  98.68  96.07  90.86
3 Method in Ref. [3] 83.54  95.91  94.82  —
4 Method in Ref. [6] 75.35 97.26 95.36 —
5 Method in Ref. [7] 80.36  97.78  95.56  98.00
6 Method in Ref. [9] 78.02  98.76  96.36  95.88
7 Method in Ref. [10] 81.50  98.20  96.74  98.08
8 Method in Ref. [28] 78.97
9 Method in Ref. [29] 81.15  97.24  95.20  98.03
10 Method in Ref. [31] 80.53  97.67  95.46 97.71
11 Method in Ref. [32] 81.73  97.33  97.67 94.75
12 Method in Ref. [33] 76.91 98.01 95.33 —
13 Method in Ref. [34] 84.73 9592 9512  —
14 Method in Ref. [35] 77.31  97.24  94.67  —
15 Method in Ref. [36] 72.92  98.15  94.94  95.99

16 TP 85.78 98.83 97.48  98.72

%3 STARE KU 00 190 B 1 5 43 ) 24 5

Table 3 Retinal vessel segmentation results in STARE dataset

O-Scn.\'nivi!y/ O'S,m{im|y/ U.\ccunmy/ AUC/

Method
0 0 0 0 0 0 %

Number

1 2" human observer 89.55 93.84  93.47  96.86
2 Method in Ref. [3] 84.52 96.19  95.34 —
3 Method in Ref. [6] 79.09 96.30  95.03

4 Method in Ref. [28] 63.50 97.38

5 Method in Ref. [29] 76.86 96.62  98.03
6  Method in Ref. [31] 82.99 97.94  96.84 98.17
7 Method in Ref. [32] 81.04 97.91  98.13 97.51
8 Method in Ref. [36] 72.11 98.40  95.69  97.08
9  Method in Ref. [37] 77.91 97.58  95.54  97.48

10 TP 84.32 97.75 96.83  98.13
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Fig. 13 ROC curves of proposed algorithm. (a) ROC curve of DRIVE dataset; (b) ROC curve of STARE dataset
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