W34k B3IW TENMRARSEZRE Vol.34 No.3

2024 43 H COMPUTER TECHNOLOGY AND DEVELOPMENT Mar. 2024

H F PRAU-Net B #FTi @Rt 28 CT BG5S EIFF R

G R E
(BBRF HFE5HFANFR,LH & 330031)

o OEABEEMR CT SR ALK TR G510 22 5 R R P A5 A 48— 3k T G A S 2544 1) PRAU - Net B2 2%
UG EI % . B 58, TR SRS Iy B fdi ] — Fh ik 22 Inception {1 7 11 5 UL ( Residual Inception Attention, RIA ) $2IURRE
RIA SR % 22 25 W Ke 50 R 0 I B4 35 RUH RIS 38 1 28 S HLRIAR S S 30k =2 8 AOARAE ; HEuk e AS [ RO BE A AR A 3 it kIR 142
BEEATRLA , AR TP R TN AR5 S BT, TR AR v i P 4 R A T AR I 4 O A G ARRAE , A AR
AT CT AR MRS 52, A T 38 UEZ 07 B WA 80, 43 B E = 4~ 804 4B ( Segmentation dataset nr. 2, CC—CCIT 1
COVID19_1110) b#ATIE , SEHe 45 RR ] %05 1 L & M 07 ik 43 0 45 R S INER , AR T U—Net £ £ 8053 FJ7 ¥ | Dice
BEURTF T 1. 12% ~ 14. 84% , WURFEIRTL 7 0. 7% ~24. 63% , 9 T b — 42 55 40 50 Pk 68, 48 A= 1 470 199 4% %o
Segmentation dataset nr. 2 SUHEESAT THFT, I-FIFH PRAU-Net 43-F1 07t LA Loy F 25 64T T 3030, 25 =0 97 78
JINBEAS B AR T LAAT 25 3 85 20 B PERE , PRAU-Net 7719 Dice 2% 0.836 4 FT15] T 0.858 3,

KGR ORI A 5 B2 IR 381 5 U-Net; BR22 454 5 W B IIALHI

HE 525 TP391. 41 SCHRARIAAD A XEHE:1673-629X(2024)03-0133-07

doi;10.3969/j. issn. 1673-629X. 2024. 03. 020

Research of COVID-19 CT Image Segmentation Based on PRAU-Net

ZENG Qing-peng,CUI Peng
('School of Mathematics and Computer Sciences,Nanchang University , Nanchang 330031, China)

Abstract; Aiming at the problems of small lesion area,large variation in shape structure and noise in CT images of COVID-19, we
proposed a parallel residual attention U-Net medical image segmentation method based on encoder—decoder architecture. Firstly, the
model extracted features by residual inception attention ( RIA) in the encoder. RIA adopted a residual structure to combine deeper
parallel convolution block and channel attention mechanisms to capture richer features. Secondly, features of different scales were fused
by skip connection to obtain richer global information. Lastly,the global attention module was used in the decoder to enable the network
focus on relevant features, which effectively reduced the influence of noise in CT images. To verify the effectiveness of the proposed
method, we have conducted experiments on segmentation dataset nr. 2, CC-CCII and COVID19_1110. Experimental results show that
proposed method is more accurate than the classical methods. Compared with classical segmentation methods such as U-Net, the Dice co-
efficient increases by 1.12% ~14.84% and the sensitivity increases by 0. 7% ~24.63% . To further demonstrate the segmentation per-
formance ,the Segmentation dataset nr. 2 is extended by using generative adversarial network ,the PRU-NET method and several classical
segmentation networks are used to verify the method. It is showed that expanding the small sample dataset can effectively improve the
segmentation performance, the Dice coefficient of PRAU-Net method was increased from 0. 836 4 to 0.858 3.
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