Computer Science and Application & MR35, 2024, 14(3), 108-119 Hans Y
Published Online March 2024 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.143062

B A TERRTHL S B RIS B EE ST S B

ERSIE

¥ K, E W, BFH, 2R, ¥ %, MiL, F M, 3 #F
P01 el k224 B TR 22k, U] e

Wk H . 20244F2 5200 FHER: 20244F3H20H; KA H: 20244F3H27H

R

AR T —MREEREAVFIHUBIT RN S W ETHEIES, ATRESHMHERERNSE. FIAH
WEEIBAR, WEZEEMREFEGEHTENMLIr. A T DRIVE. LITSHISIIM-ACREHIEE
HATYISR, FEU-NetM BRI ERE £, SIFFMLRDEMBIDEZ RGN TERIER, UshERE
TFEG R RBIRE . BN KT XNRAERIPE R M AR, I L2 E R IEN AL IEAR RS /4.
HERGHEM AT, Wit T ZETFDjango B MBI/NEFFE, AU ME/NEFFHARF A,
IETHBRRENE. RN 2EThRE. FE AN LS PCH IR H A #ITEE. ZRERFR
AR R, W DA RSB T BVR A A3 B R

X in
AT, BFEAESE, U-NetM%, EHEANS, EFHECHE

Landing and Use of Medical Assistance
Algorithms for U-Shaped Symmetric
Networks Incorporating

Attention Mechanisms

Ran Peng, Bo Wang, Zitong Qiu, Xingchen Lan, Yue Peng, Xianjin Chen, Shuai Gao, Tao Liu*

College of Information Engineering, Sichuan Agricultural University, Ya’an Sichuan

Received: Feb. ZOth, 2024; accepted: Mar. ZOth, 2024; published: Mar. 27th, 2024

CERAER .

XEFIH: AR, T, TR, 2RR, K, BReg, &b, X%, BAEEE NI U BRI BT B A
FEEHSE D). iHENENE 5N, 2024, 14(3): 108-119. DOI: 10.12677/csa.2024.143062


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2024.143062
https://doi.org/10.12677/csa.2024.143062
https://www.hanspub.org/

PR &

Abstract

In this paper, we propose a medical assistance algorithm for U-shaped symmetric networks in-
corporating an attention mechanism for improving the accuracy and efficiency of diagnosis. Deep
learning techniques are used to automate the analysis of medical images and case data. In this pa-
per, datasets such as DRIVE, LiTS and SIIM-ACR are used for training, and an attention module is
introduced between the innovative network encoder and decoder based on the U-Net network
model to dynamically focus on key features in the image. The model performance is evaluated by
K-fold cross-validation and L2 weight decay regularization is used to prevent model overfitting. In
terms of system implementation, a Django-based medical assistance applet platform is designed,
which allows users to access the user interface through a WeChat applet to realize functions such
as medical image organ segmentation and online consultation. The administrator can manage the
users through the PC web terminal. The system has high accuracy and efficiency, and can effec-
tively improve the problem of uneven distribution of medical resources.

Keywords

Artificial Intelligence, Medical Image Segmentation, U-Net Network, Attention Mechanism,
Medical Assisted Diagnosis

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

BT ERAT ML P N TR BE R AR M 5T NRUR R R 14y 2L, RN T4 REAE =7 s 4R 2R H BILTE
teE 70 AR, FIZE K IT R AAPHelp 2 ic 3N T4 Bt R e ey s R S 4, B
WUAS 2 ) SIREES IR R, tH WAL B ARAE R = B i p A5 20 1T 2 MR .

PEBEE AR TR BEAR G AR BR R, T USRI R v (1038 BE 27 2 D7 VETE R 2 548 40 B A A
FIRMAENIZ FH, IR S HOR CL& i h iz F T PR 22 1 55 AN o0 Sk, ) an A 15 e [ 200 L e
[3]; MERERIE S FUIRA L 732K 4] A5 325 (5] HHAR[61MI o #I5ew 7t, HuEmiZeik 3] 95%LL F, U
BURHR I 2% (U-Net) S5 Hsm I E R Rk ge 7). RISk BBAR 7 HE BEI 4 /ifs Bk B s 7 i
KGN RS B AR = B #h ) 2 is .

R ERTT RGTE L WANA YT B 7 T HUS T 2 3, Bl E 2 Phik. b, 2k
R DL B BT IR A BEAN I [T T R S I [ e [ A 1) S Wb 25 R i o0 i A LR PRSI T
PRI R, FATRE SRR 2. W2, BEERBIT . FFER 70 AR 2000 o i K & 2 22 515 Kdi
B, I ] R g i

N T RPOX L B, AR TR T RN TR AR E S RRE RS, 1% RGR IR
AR, R ZEFGAR G EAE T BE i, SRR SRR YERIZE . @id skip connection Fl1YE
BN, RO RG R B iF A R SUE R, IR ARt ok, RERIRTY e FE
5 PR A L RS TE DT VR PR 1 b DX B2 (b 5 07 B B IR 7 IR S5, AT o0 B 7 B2 2 BC AN 349 11 i i

DOI: 10.12677/csa.2024.143062 109 T LR 58


https://doi.org/10.12677/csa.2024.143062
http://creativecommons.org/licenses/by/4.0/

2. BLEEEIT
2.1. BURENIR

DRIVE %5 e A LR Dy 1 e XL R B rb U (10 70 B BEAT LU R 7T . AR R A 7 AN I
BRI RS BYER RS, WHCRE. SERE. L. 70 SO MM R, I THERR . i, shikag Al
ik 2 P A e S L IS AN IR BB 2 . TR JR)T AIIEAY, £ DRIVE % A (19 33 5K
IRt b, ARTE R AL B (R 9 7e o A A 3k 200 5K [8]. Al feontn NI 1.

RGB image Manual annotation 1 Manual annotation 2

Figure 1. Presentation of the DRIVE dataset
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Figure 2. LiTS dataset presentation
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Figure 3. SIIM-ACR pneumothorax segmentation dataset
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Figure 4. U-Net network model presentation
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Figure 5. Improved U-net structure
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Figure 6. Attention mechanism module
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Figure 7. Schematic diagram of K-fold cross validation
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Table 1. Evaluation metrics of U-Net network model on different datasets
%= 1. EREHEEE L U-Net R IERIFIEMFEHR

mloU Acc Kappa
Unet/Our’s Unet/Our’s Unet/Our’s
DRIVE ##fi4E 0.8540/0.8751 0.9763/0.9981 0.9178/0.9566
LiTS #f 4L 0.8971/0.9223 0.9830/0.9964 0.9635/0.9789
SIIM-ACR %4 0.9319/0.9657 0.9585/0.9863 0.9600/0.9632
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Figure 9. Timing diagram of medical image segmentation function
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Figure 10. Timing diagram of the line inquiry function
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