5458 5 12 A X o F R (8 A& F KR Vol.45,No.12
2024%F 12 A Journal of Northeastern University ( Natural Science ) Dec. 2024

doi:10. 12068/j. issn. 1005 — 3026. 2024. 12. 001

M E & REEENVUH R 5w = ib R
CTiZBr 7%

*oomh, KR, HEW, RER
(b kg2 s 50k Pl TR2EB:, Wt 256 066004)

i E: NTHBES RGBSRk — . R, WA WA RZETIREY Y B
AR EPEAN R 2 R SRR (R 2 Hh Al G 22 ROV B L R 2T, S T i 2 i O
A5 H (7 A T R AR B 26 CTI2WT . 8 5, W WS I 380 %) 1 A 28 e R 2 Il 9 MR 2 w5 J— A58
AP T B AR B ZhBRR R E - HR i 7R 1R 2 M 46 ResNet18 )5 3 2 5| AL RUEER
J1 URAN T BB SR IR DA I . e R T — B 3 R e R 2 R Y A 2 e
HEMTEE 5 T W0 CT (1 7 S UERG % . 25 SRR, AT AR B i %35 51 95. 41%, PEREME 1T ResNet50, ResNet101,
VGG16,DenseNet169 55 4%, - HARISHUE A 12. 24x10°, L1 ResNet50 Fl VGG 16 5 ML 50% 247 .
X8O MR IREEES 2B R CT 254

RESES: TP 391.4 XHkFRERS: A XEHS: 1005-3026(2024)12-1673-07
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Abstract: Artificial intelligence (AI)-based diagnosis has become an important auxiliary method
for detecting lung infections. However, most existing approaches rely on deep learning, which
are often plagued by issues such as insufficient model stability, high complexity, and low
accuracy. This paper presents a shallow model which incorporates a multi-scale attention
mechanism to achieve both high accuracy and a simple structure for diagnosing COVID-19 from
CT scans. Firstly, two datasets of COVID-19 CT images are combined into a single dataset to
address the issue of model instability caused by insufficient data. Secondly, by introducing
multi-scale attention(MA ) in the final three layers of the shallow ResNetl8 network, the model’s
feature extraction capability is enhanced. Finally, classifier with three fully connected layers
(CTFCL) is constructed to improve the classification performance of the model, thereby
increasing the accuracy of lung CT classification. Experimental results show that the proposed
model achieves an accuracy of 95. 41%, outperforming networks such as ResNet50, ResNetl101,
VGGI16, and DenseNetl69. Furthermore, the model has only 12. 24x10° parameters, which is
approximately 50% fewer than networks like ResNet50 and VGG16.
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