wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFESNNFIMIREDL SRS B EiE
EFW, it

5IAEX

ERW, I EFERNNSINRELERGSEEED]. TEHRE, 2024, 51(11A):
231000003-6.

WANG Libin, WANG Shumei. Fundus Vascular Image Segmentation Algorithm Based on Attention
Mechanism [J]. Computer Science, 2024, 51(11A): 231000003-6.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)

MB-ATMK: @& BN E I F IR Z 1T AR IR R

MB-ATMK:Multi-behavior Sequential Recommendation Integrating Attribute Weights andTemporal
Meta-knowledge

HEHEIE, 2024, 51(11A): 231100047-9. https://doi.org/10.11896/jsjkx.231100047

FCTNet: EFUHREF IN AR ER RS BITRN %
FCTNet:Bus Arrival Time Prediction Method Based on Dual Domain Deep Learning
HEHEE, 2024, 51(11A): 231000180-7. https://doi.org/10.11896/jsjkx.231000180

ETHED D BB GHE MR E FFI T

Time Series Prediction of Hybrid Neural Networks Based on Seasonal Decomposition

HENRIE, 2024, 51(11A): 231200008-7. https://doi.org/10.11896/jsjkx.231200008

ET R ERDERSEERIRES SIRBI ML

Deep Gait Recognition Network Based on Relative Position Encoding Transformer

HEHNRIE, 2024, 51(11A): 240400064-6. https://doi.org/10.11896/jsjkx.240400064

ETFBUHBIGRERIFRL R TE
Stereo Matching Network Based on Enhanced Superpixel Sampling
IHENEE, 2024, 51(11A): 231100005-7. https://doi.org/10.11896/jsjkx.231100005


https://www.jsjkx.com/CN/10.11896/jsjkx.231000003
https://www.jsjkx.com/EN/10.11896/jsjkx.231000003
https://www.jsjkx.com/CN/10.11896/jsjkx.231100047
https://doi.org/10.11896/jsjkx.231100047
https://www.jsjkx.com/CN/10.11896/jsjkx.231000180
https://doi.org/10.11896/jsjkx.231000180
https://www.jsjkx.com/CN/10.11896/jsjkx.231200008
https://doi.org/10.11896/jsjkx.231200008
https://www.jsjkx.com/CN/10.11896/jsjkx.240400064
https://doi.org/10.11896/jsjkx.240400064
https://www.jsjkx.com/CN/10.11896/jsjkx.231100005
https://doi.org/10.11896/jsjkx.231100005

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 231000003

Sy THHF

ETESNNHMRKLDE E &S E X

EFRH EHE
THBEAFITHENAFEERARFER LH BN 221116
(sumonster05@163. com)

B E ATHIHBE- MASENAEENELLBE RET—HATEEZINMNGEFZAL >3 A%, 44,48 CBAM
EE A B EE A AR AT E P AR ARG Lk CBAM A3 iy ke 4 AR B AR S P BT 4R b eh 4%
AL AWM A THRA BT TR ER G A F W ZLRE A —FREEENEE B RRAREGHIER LA
A4 AE 25 S AL R A R A0 TR, Bt S B FIRAT 69 IR R o 5 E S ks AT bk AT 4R Lk £ DRIVE ##% % £ 89 mloU & &
RAT 23NN BLE . RBEGLRAT 0OAAN B L EA T RBARBAXRA DS E N TRIL oMb FREIAE
BAF A RR

KEBIFEF AR B% s 3 U-Net; i & 5 HUh]

RESZEES TP391.41

Fundus Vascular Image Segmentation Algorithm Based on Attention Mechanism

WANG Libin and WANG Shumei

College of Computer Science and Technology,Jiangsu Normal University, Xuzhou,Jiangsu 221116, China
Abstract In order to narrow the semantic gap between the encoder-decoder structure,a medical image segmentation algorithm
based on attention mechanism is proposed. Firstly,the CBAM is used to enhance the model for feature extraction of medical ima-
ges through the attention mechanism module. Secondly, Using the feature map output by the CBAM module as the input of the
feature refinement module proposed in this paper,it is used to restore the vascular detail information lost due to downsampling,so
as to narrow the semantic gap. Finally,a scale attention module is used to combine the features of feature maps at different scales
to form the final prediction. By comparing with the cunrrently popular retinal vessel segmentation algorithm, the proposed algo-
rithm can improve the mloU by up to 2. 3% on the DRIVE dataset, with the closest approach also improving by 0. 4 %. This de-

monstrates that the proposed model can effectively enhance segmentation accuracy and achieve good results in restoring subtle

vascular pixels.
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