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Boundary attention assisted dynamic graph
convolution for retinal vascular segmentation
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Abstract: Aiming at the problem of missing and disconnected capillary segmentation in the retinal vascular
segmentation task, from the perspective of maximizing the use of retinal vascular feature information, by adding the
global structure information and retinal blood vessels boundary information, based on the U-shaped network, a
dynamic graph convolution for retinal vascular segmentation model assisted by boundary attention is proposed.
The dynamic graph convolution is first embedded into the U-shaped network to form a multi-scale structure, which
improves the ability of the model to obtain the global structural information, and thus improving the segmentation
quality. Then, the boundary attention network is utilized to assist the model to increase the attention to the
boundary information, and further improve the segmentation performance. The proposed algorithm is tested on
three retinal image datasets, DRIVE, CHASEDB1, and STARE, and good segmentation results are obtained. The
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experimental results show that the model can better distinguish the noise and capillary, and segment retinal blood

vessels with more complete structure, which has generalization and robustness.

Keywords: medical image processing; retinal vessels segmentation; U-shaped network; dynamic graph

convolution network; boundary attention network
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Fig. 1 Boundary attention assisted dynamic graph convolution U-shaped network
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Fig. 5 Data preprocessing results. (a) Pre-processed image slices; (b) Ground truth slices

A1 R
Table 1 Evaluation indexes
F1 SE SP ACC
2XPRXSE TP TN TP+TN
PR+SE TP+ FN TN+FP TP+TN+FP+FN
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BH6 HarkihA R, (@) RBARBA®T,; (b) AF47E; (c) U-Net; (d) DGU-Net; (e) BU-Net; (f) BDGU-Net
Fig. 6 Comparison of ablation results. (a) Original image and details; (b) Ground truth; (c) U-Net; (d) DGU-Net; (e) BU-Net; (f) BDGU-Net
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Table 2 Ablation experiments results

Dataset Network F1 SE SP ACC AUC Time/s

U-Net 0.8353 0.8330 0.9777 0.9601 0.9848 1.00
DGU-Net 0.8357 0.8275 0.9789 0.9605 0.9850 1.22

DRIVE
BU-Net 0.8355 0.8352 0.9773 0.9600 0.9849 1.00
BDGU-Net 0.8359 0.8300 0.9785 0.9604 0.9851 1.24
U-Net 0.8108 0.8052 0.9820 0.9660 0.9854 1.31
DGU-Net 0.8053 0.7812 0.9842 0.9658 0.9846 1.73

CHASEDB1

BU-Net 0.8133 0.8210 0.9803 0.9659 0.9858 1.31
BDGU-Net 0.8136 0.8146 0.9813 0.9662 0.9856 1.76
U-Net 0.7845 0.7380 0.9863 0.9648 0.9810 2.21
DGU-Net 0.7824 0.7045 0.9908 0.9660 0.9825 2.85

STARE
BU-Net 0.7845 0.7352 0.9868 0.9650 0.9806 2.21
BDGU-Net 0.7934 0.7273 0.9900 0.9672 0.9834 2.85
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BFRHHEL DGU-Net 230334 T 0.21% . 3.07%. WA,
¥ Wi 45 A9 BDGU-Net *F ff T DGU-Net fil BU-
Net [ SE. SPf8tnZ [0 25 7, #H I U-Net 1Y F1.
SP. ACC. AUC #& #5433 fin 1 0.89%. 0.37%.
0.24%. 0.24%. 7F CHASEDBI (4 I, BDGU-
Net [t U-Net f F1. SE. ACC. AUC $8¥54 5427+
T 0.28%. 0.94%. 0.02%. 0.02%.

2) A& 77 % 4E DRIVE #4545 P REAHE T U-Net
TR . DGU-Net # SP 8 FRIE /I T 0.12%, BU-
Net () SE $8F53 1 T 0.22%, BDGU-Net & SE $545
It U-Net ik 0.3% 41, & 46 #5 ¥ 8% = F U-Net,
STARE F1 CHASEDBI1 %{#ii% 5 DRIVE B EAH 1,
ML, A HERRIEEXEREE . It BDGU-Net 7F
BN BRI Z AR A AT RIS

3) il | A s B FR B h FUE T 1 48 AL
JRiBRPE . DGU-Net 78 =M £ 1% SE $8 bRl AE T
K, BU-Net WEFE SP #54r EAIXTEAK, oM TE N
BYIZh, 5 XMELE SE $5 551 SP F5 45 2 [A] U
iy, WRREFIN R, TRRAAEEZE P
R MAEBRRPH R MAEBRER, X0 DA = A
MR AR . 2, W m A E R
S, WTRESARZNINEGRREW, o
RIS EER . K S RBRA R B4 Ak
) BDGU-Net T GEP-A 73 41 1) R GRS FIAR ek, fiff
O3 EN 0 AR UERR AT B P2 5 . Al 6(d). & 6(e) Al

[ 6(f) 7, DGU-Net B4 4 i - 0 W 75 T AS g B
B M A SIE UL 1 7 5 BU-Net WA, HiAE 3%
WA, IR A EE 1155 ; BDGU-Net i
WG IBEGRAR R EE T, #i155H5 a8
B B ff- b R 0L A7 179 2 30 P SR IX 43 H M

4) RS AT il S 50 AN [+ ) 246 %o BB HIR IS
PG o E B 40 PR ], BDGU-Net 78 AJ 4352 i if
() B R P i — 2D 8 T oI R B
3.4.2 R EBILEXT HLH

Y T AR SCT5 ¥ B 408 2K PR ECELSS BA loss F Seg
loss, A T38| —HBHNPRNE a F1 4, HEEH
A IERE b, RE T 4 4R 250/ DRIVE %4
B LTSS . h 3 LI R, a=04, g=
0.6 I, 25 (1% 73 1 7 BURE FVRe SR BT, i iR
AUFE F1 A1 AUC $6545 F RG4S, PRIIAS SO SE 3 41
DEEX (SR e
3.4.3 SR EMERHEREXT T

T 454 H TG BDGU-Net (19 23 1M 68 ,
BDGU-Net 5 H- B M2 3E47 e, i fgdE L 50
WEFE = ABIEAE L gs R, MBS /R A sl 85k
M S5 A AT ROR,, — 2Rt
o, W& 4, H—AJEnTdifbxttt, A 7.

MFE 4 WA, 7F DRIVE 545 % I+, Tternet 38 i
mini-UNet 19 2 UERRINTR 4%, AR E 1 I
Sy EIE R E M, SE 2/ & 83.70%, 1M SP LA
77K 0.15%, H ACC t g Ik T A J5 5 ; MLA-
DUNet R H £ )2k FE B SOk R R 2 PRI B,
B T M X B RE S, SP 4 m & 97.88%,
ifif SE LA 514K 0.31%, 7E CHASEDBI %44 I,
Res2Unet 4% 5 22 R 3R W& A1 38 vE & D pL], JFfl
MEEH T, ARIEE SE & 84.44%, T4 Jr ik
) SPAHAE H v T 0.6%, ACC Fl AUC 3 W% 1 T
Res2Unet. £ STARE $(#i4E [, Yang %™ 24
R % eREICET X RELAH 1M 45 A TRG B 4%, { SE 2
% 79.46%, T SP LA J7 54K 0.79%, ACC WA

&3 AF afe B FEBELA

Table 3 Value analysis of different a and B coefficients

a B F1 SE SP ACC AUC
0.8 0.2 0.8348 0.8252 0.9790 0.9604 0.9848
0.7 0.3 0.8351 0.8230 0.9795 0.9605 0.9848
0.6 0.4 0.8359 0.8300 0.9785 0.9604 0.9851
0.5 0.5 0.8351 0.8284 0.9785 0.9603 0.9849
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B7 TRRSHRATE. (a) RAZRB@T; (b) A EA7iE;
(c) lternet; (d) MLA-DU-Net; (e) Res2Unet; (f) BDGU-Net

Fig. 7 Comparison of ablation results. (a) Original image and details; (b) Ground truth;
(c) Iternet; (d) MLA-DU-Net; (e) Res2Unet; (f) BDGU-Net

%4 TFIM#%f DRIVE. CHASEDB1 #» STARE 4045 & 49484755 1t
Table 4 Index comparison of different networks in DRIVE, CHASEDB1 and STARE datasets

Dataset Network Year F1 SE SP ACC AUC Time/s
2™ Human Observer”” — — 0.7760 0.9724 0.9472 — —
Iternet”"! 2020 0.8353 0.8370 0.9770 0.9600 0.9847 1.37
Yang®? 2021 0.8297 0.8353 0.9751 0.9579 — —
DRIVE MLA-DU-Net™” 2021 0.8352 0.8269 0.9788 0.9603 0.9849 1.64
Res2Unet™! 2022 0.8292 0.8332 0.9756 0.9583 0.9782 1.21
Zhang"” 2022 0.8349 0.8345 0.9773 0.9600 0.9850 1.20
BDGU-Net 2022 0.8359 0.8300 0.9785 0.9604 0.9851 1.24
2" Human Observer”” — — 0.8105 0.9711 0.9545 — —
Iternet”"! 2020 0.8120 0.8144 0.9809 0.9658 0.9856 1.48
Yang®! 2021 0.7997 0.8176 0.9776 0.9632 — —
CHASEDB1 MLA-DU-Net*” 2021 0.8063 0.8137 0.9796 0.9646 0.9841 2.13
Res2Unet™ 2022 0.8071 0.8444 0.9753 0.9634 0.9794 1.47
Zhang"” 2022 0.8050 0.8141 0.9792 0.9643 0.9841 1.72
BDGU-Net 2022 0.8136 0.8146 0.9813 0.9662 0.9856 1.76
2™ Human Observer”” — — 0.8952 0.9384 0.9349 — —
Iternet”"! 2020 0.7962 0.7490 0.9874 0.9667 0.9838 2.76
Yang®! 2021 0.8155 0.7946 0.9821 0.9626 — —
STARE MLA-DU-Net*” 2021 0.7965 0.7925 0.9812 0.9649 0.9826 3.95
Res2Unet™" 2022 0.7858 0.7392 0.9865 0.9650 0.9709 2.77
Zhang"” 2022 0.7878 0.7381 0.9871 0.9655 0.9823 3.07
BDGU-Net 2022 0.7934 0.7273 0.9900 0.9672 0.9834 2.85
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Boundary attention assisted dynamic graph
convolution for retinal vascular segmentation
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Boundary attention assisted dynamic graph convolution u-shape network

Overview: The state of retinal blood vessels is an important indicator for clinicians in the auxiliary diagnosis of eye
diseases and systemic diseases. In particular, the degree of atrophy and pathological conditions of retinal blood vessels
are the key indicators for judging the severity of the diseases. Automatic segmentation of retinal blood vessels is an
indispensable step to obtain the key information. Good segmentation results are conducive to accurate diagnosis of the
eye diseases. Due to the good characteristic of U-Net that can use skip connection to connect multi-scale feature maps, it
performs well in segmentation tasks with small data volume, therefore, it could be applied to retinal vascular
segmentation. However, U-Net ignores the features of retinal blood vessels in the training process, resulting in the
inability to fully extract the feature information of blood vessels, while its segmentation results show that the vessel
pixels are missing or the background noise is incorrectly segmented into blood vessels. Researchers have made various
improvements on U-Net for the retinal vessel segmentation task, but the methods still ignore the global structure
information and boundary information of retinal vessels. To solve the above problems, a boundary attention assisted
dynamic graph convolution retinal vessel segmentation model based on U-Net is proposed in this paper, which
supplements the model with more sufficient global structure information and blood vessel boundary information, and
extracts more blood vessel feature information as much as possible. First, RGB image graying, contrast-limited adaptive
histogram equalization, and gamma correction were used to preprocess the retinal images, which can improve the
contrast between the vascular pixels and background, and even improve the brightness of some vascular areas. Then,
rotation and slice were adopted to enhance the data. The processed images were input into the model to obtain the
segmentation result. In the model, dynamic graph convolution was embedded into the decoder of U-Net to form multi-
scale structures to fuse the structural information of feature maps with different scales. The method not only can
enhance the ability of dynamic graph convolution to obtain global structural information but also can reduce the
interference degree of the noise and the segmenting incorrectly background on the vascular pixels. At the same time, in
order to strengthen the diluted vascular boundary information in the process of up-down sampling, the boundary
attention network was utilized to enhance the model’s attention to the boundary information for the sake of improving
the segmentation performance. The presented model was tested on the retinal image datasets, DRIVE, CHASEDBI, and
STARE. The experimental results show that the AUC of the algorithm on DRIVE, CHASEDBI and STARE are 0.9851,
0.9856 and 0.9834, respectively. It is proved that the model is effective.
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