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Medical Image Segmentation Algorithm Based on Self-attention and Multi-scale Input-Output

DING Tianshu and CHEN Yuanyuan

College of Computer Science, Sichuan University,Chengdu 610065, China
Abstract Refined fundus image segmentation results of diabetic retinopathy can better assist doctors in diagnosis. The appea-
rance of large scale and high resolution segmentation data sets provides favorable conditions for more refined segmentation. The
mainstream segmentation network based on U-Net, using convolution operation based on local operation, cannot fully excavate
global information when making pixel prediction. The network model adopts single-input single-output structure, which makes it
difficult to obtain multi-scale feature information. In order to maximize the use of existing large-scale high-resolution fundus
image focal segmentation data sets and achieve more refined segmentation, better segmentation methods need to be designed. In
this paper, U-Net is transformed based on the self-attention mechanism and multi-scale input/output structure,and a new seg-
mentation network,SAM-Net,is proposed. The self-attention module is used to replace the traditional convolutional module,and
the ability of the network to obtain global information is increased. The multi-scale input and multi-scale output structures are in-
troduced to make it easier for the network to obtain multi-scale feature information. The image slicing method is used to reduce
the input size of the model,so as to prevent the training difficulty of the neural network model from increasing due to the large
pixel of the input picture. Finally, experimental results on IDRID and FGADR data sets show that SAM-Net can achieve better
performance than other methods.

Keywords U-Net, Self-attention, Diabetic retinopathy,Segmentation, Neural network
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ANHEAT 7 (0 R4 0 5 4 PR R BT AR & M 25, £
T80 i 25 000 4% 3 AL I i B U] 52 2 B A TR AR R L A B Y
IR E AR K 14 TR B 40 B R T 4 25 B AR TR o L ™

R A 43 FIORG BE

0 R 7 s 4 B R I R BN B R TS A 45
TR LD R AT DS T8 B R . %7 1 — 7 T A] RARE AR
M2 ST BB R R 28 S A R B 4, 5 — AL AT
DLAE N — T AR ) T vk

P08 B BRI R 3% 3 Fne 4 T 5 i se g 45 3R 5 K )
FER 1.5R 2 Y SEIR S R AT X L T A R AT O T
PAAT 048 T T000RS oE 1 .

# 3 FGADR
Table 3 FGADR

VRS L7 B
U-Net(E %41 f) 0.351 0.589
Swin-Unet( B & 47 F) 0.396 0.639
U-Net+ -+ (E &4 K> 0.374 0.616
Dense U-Net( H &1 A) 0.390 0.621
SAM-Net( A& 41 F) 0.403 0.652
# 4 IDRID

Table 4 IDRiD
nE KB %
U-Net(E %41 F) 0.751 0.780
Swin-Unet( & % 41 F) 0.765 0.803
U-Net+ -+ (B &4 F) 0.759 0.785
Dense U-Net( & %41 f) 0.767 0.793
SAM-Net(H & 41 F) 0.771 0. 800

4.5.3 AT HEEAMNAGANZEML E R BIEFRI %0937
RTHRASARRA

RS IR G R 4 PSSR BEAT X ]
. HE T Transformer B9 73 1 W 25 75 48 2 KRB 44 4R B
GrJ BORAT LR A3 T, LA 2 46 Transformer M 2% B4R 7R

T A58 U-Net 32 B A BR L0 DL SR B4 R 17 6L B0k i,
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B2 i T Je i f5 B & 20 2 Ml 28 k2 2 IR b
AEMER ., Ik, JEF Transformer 11 25 [ 45 45 ¥4 75 5
TR A4 I 25 B3 L T FGADR %08 45 458 1280 K& A 1%
R P UE R IR &5, 7T DL 2 KBTI R B JE 2k, &
i FGADR %# 4 A9 7 Il 2 , SAM-Net # 7F IDRID % %
FES T R R,

# 5 IDRIiD fl FGADR i #i Il 4k

Table 5 pre-training of IDRID and FGADR
VRS B ES

U-Net(E %41 F) 0.755 0.785
Swin-Unet (B % 41 f) 0.789 0.806
U-Net++ (E &4 F) 0.763 0.782
Dense U-Net(H %41 A) 0.773 0.797
SAM-Net(H & 41 F) 0.803 0.812

ZERIE AN U-Net 4 JRfg BHEBUR T 5 KR
A T R B 43 5 25 TR R % ek R S BURRAE 8 S L TR VR TR 4
PRI 22 KRB R AF 55 ) 0, AR SO T — A 856 B i AL
22 JURE i A M 25 4 1) S 2 RS 43 #1 J k SAM-Net, DL 3R
P RUBE (s U 28 AR B 4 1 A A AR AL 2 T T S 4
HKEJE . 78 FGADR A1 IDRID rf 895 H AUECS H s kb B0dE 45
R HEAT SIS A5 R F A AR SO A B Ak B T AR
8o JE SRR S o 4R BB 1 R AE 8 A7 5 A8 R 3 S T4
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