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Retinal Vessel Segmentation Based on Multi-scale Attention

ZHU Sifan and ZHU Guosheng
School of Computer and Information Engineering, Hubei University, Wuhan 430062, China

Abstract In medical image segmentation, retinal vessel segmentation is very important for the early diagnosis and treatment of
ophthalmic diseases. Retinal vessel segmentation is not only helpful for the diagnosis of diseases such as diabetic retinopathy.,
glaucoma,and arteriosclerosis, but also has wide applications in analyzing ocular vascular morphology and hemodynamics. How-
ever,existing methods cannot accurately segment small retinal blood vessels and blood vessel edges,and are still limited in terms
of class imbalance,complexity of blood vessel morphology.and limited training samples. In order to improve the accuracy of blood
vessel segmentation and reduce the false positive rate, this paper proposes a retinal vessel segmentation model based on multi-
scale attention(MDAF-Net). The model introduces multi-scale dynamic convolution to adaptively adjust the attention to blood
vessels of different scales,alleviates the problem of insufficient extraction of small blood vessels,combines channel and spatial at-
tention mechanisms to optimize feature fusion,enhances the model’s ability to extract detailed features,and adopts a multi-scale
feature fusion strategy to improve the segmentation effect under the complexity of blood vessel morphology. MDAF-Net verifies
the model effect on the DRIVE and CHASE_DBI datasets, and obtains a Dice coefficient of 0. 764 and an MIoU of 78. 3%
(DRIVE) and a Dice coefficient of 0. 820 and an MIoU of 82. 5% (CHASE_DB1). The experimental results show that MDAF-
Net has significant advantages in segmentation accuracy and false positive rate control, and solves the limitations of traditional
methods in small blood vessel segmentation,category imbalance and false positives.

Keywords Multi-scale, Dynamic convolution, Attention fusion,Feature extraction,Retinal vessel segmentation
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Fig. 4 Offset of dynamic deformable convolution
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Fig.5 Attention multi-scale fusion
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# 2 HLAF Biedt s fb
Table 2 HLAF module dimension changes
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Fig. 6 Channel attention
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Table 3 Hardware and Software Platform
| e E i
BERL Ubuntu 20. 04

Python Jt A& Python 3.8

WE S HER PyTorch 1. 11.0

CUDA Jg & CUDA 11.3
W 80GB
GPU NVIDIA RTX 4090D(24 GB) X 1
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Table 4 Retinal blood vessel dataset
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IR i 45 58 22 TE) AL s (L) B
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ACC F 7 i 52 WL 190 SO 8 AR 351 R i 1 L TE IR R
B L T B R TE B BN AR R R R R L s
B,
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Hr, TP Fos 8 E #4309 L R R &, FP RoRE R 5
T MR R R, TN FREMSH T RERNE,FN
TR R0 BR R R .
3.4 HERSW
30401 5B B R AR I8 AR

A SCIEHL Dice Al MIoU 43 53l FH T a2 42t 31k 455 8 4 1 1
53 W G5 R 5 ELIIRR TR 22 (R B AR AL RE | DA R A o 43 X 8 T
B, T U-Net, U-Net++ #l U-Net_att F 2 JE il
A, % MDAF-Net 5 X SeRERI A JEAT XTI, 3R 5 90 T 1E
DRIVE ¥4 45 I, 2 R TE F bs . T LA 3, 5 FE Al
A R H L AR SCRE B Y Dice Al MIoU 3k 5] T 814k .

%5 1£ DRIVE I H% Dice Al MIoU

ACC= 19

Table 5 Comparison of Dice and MIoU on DRIVE
Model Dice MIoU
U-Net 0.749 77.6
U-Net+ + 0.752 77.4
U-Net_att 0.759 77.9
Ours 0.764 78.3

% 6 7 1 T 7E CHASE_DBI1 ¥4 b, 7 SO 5 e il
FERIE AT e . AT LU B, 5 35 Rl A5 0 AR L, 7R SCAR B 7E Dice
FEAR P RE S BB I O BUR .

# 6 78 CHASE_DB1 | H.# Dice il MIoU

Table 6 Comparison of Dice and MIoU on CHASE_DB1
Model Dice MIoU
U-Net 0.814 82.6
U-Net+ + 0. 803 82.1
U-Net_att 0.809 82.2
Ours 0.820 82.5

3.4.2 KRR R Ry R AE 48 AR

AICHEL SE,SPLF1 Al ACC 48 b Al T 4y & 4 U 78 X 4
A8 55 A i A8 X8 T T 9 RE ), A TIPS BT Y 4 2 M e
S WY R TR o) I A AN SR HI SRR . IR R % L U-Net, U-
Net+ + il U-Net_att K FEAEA A, ff MDAF-Net 5 i 26 J filt

BERIVEREAT ST L. 3 7 ) T 78 DRIVE 8648 b, &
RIPE F6 45k . T LAER B 5 SR AU A L AR SO AL TE SEL F1
SrEU ACC ¥R 8 T e ff .

# 7 1€ DRIVE EH& 4 MM bR

Table 7 Comparison of four evaluation metrics on DRIVE

Model SE SpP F1 ACC
U-Net 69.7 98.0 76.1 94.4
U-Net+ + 72.9 97.2 75.9 94.1
U-Net_att 71.7 97.7 76.6 94.3
Ours 74.8 97.2 77.2 94. 4

% 8 % T £ CHASE_DBI1 ¥4 4 b, A SO R 5 Al
BERIR AT, T RLE 2, 53R RUAH L, AR SCRERLTE SE, SP
HACC 3% 3 A-F8hr b i 8 BB 4 0 3521

#£ 8 1 CHASE DB1 I 4 4 N iEH 4545

Table 8 Comparison of four evaluation metrics on CHASE_DB1
Model SE SP F1 ACC
U-Net 77.5 98.5 81.7 96. 4
U-Net+ + 76.1 98.2 81.1 94.4
U-Net_att 78.2 98. 4 81.3 96.3
Ours 78.9 98.5 81.6 96. 4
3.4.3 K EUH ST
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X ST T OE AES 2 R LR A T 458 Warm-
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B 124 > #, Warmup B9 4E TR T 2 % DIl 2590 30 66 2 45k 4
B[] S0, 0 A5 76 B 0 AR A b 2 2 AR AR . A Warmup
epochs="5, BITETT 5 4 epoch W13 45 BN 2 > 3, 3§ B A AU &
MR L, 758 R Warmup J5 , 2% 2 5 Z W /D BRI B4 T
TR 20 0 S H0R R e U T S R R A8 SO R e JE R
P 0 U B A B 5 S M SO R AT TR A Y R, AT AR
KR IZ A BE T o REAR AL P& 118 U

SCE TSR 2 ) RS DLITAS I AR R M R Y 5
M, HE YR /N ER A8 B R 1, (A5 A5 AU BT TR o AR 2 b
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Loss function changes
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Table 9 Learning rate scheduling strategy
HEHRE RS 4 Dice MIoU
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Fig. 9 Visual analytics on DRIVE

£ CHASE_DBI %4 £ rf 8 0 — 4~ il 4 A R i 47
AR 4 &), H o B0 45 B E 10 Bk . A 208 4 0 1K Sk 7
AR SCHE R T CHASE_DB1 %38 41 A 25 % 4 16 43 0 80 5%, i
L 40 /0 1 4 A0 A i A X 38 0 31 A A T L A 4SS R A A A
IR

MDAF-Net

Ground truth U-Net++

E 10 #& CHASE_DBI1 L A9 n] fi 4k 5 #r
Fig. 10 Visual analysis on CHASE_DBI1

AR (g 43 ) 235 SR AT DB Y 8 PH M A R R
FEL A 5 5 M 75 0 A ) DX 3 PRI 3R 908 9IS 1 R i A5 £k A%
SN ARG o 3 X IR A A TR A 43 BT 2 B K X B
B4 AL 5 100 45 465 # A3 B L S0 A7 AR — RE AL S 30 T AR
RRA . A 11 Hpaf LLE . 78 DRIVE 8048 4 . MDAF-
Net & 52 4 3t 31 H R T8+ 18 A IX 38

AN AN
-~ &

Image U-Net U-Net_att
~— — ‘ = g ~ -
(
N \ N hw N
3 NN
Ground truth MDAF-Net U-Net++

11 R

Fig. 11 False positive comparison
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Tablel0  Ablation experiment
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