%533 % 55 110 AL B 5 BB 2224l Vol.33 No.11
2021 4 11 A Journal of Computer-Aided Design & Computer Graphics Nov. 2021

XTI IR TR B R X 872 B 1% 12 5 #9 DD-CovidNet #=2E!

TR, HLE, TH, 28, 255

(RUBTREFIPAPLSEE TR K 410114)

(wangxin@csust.edu.cn)

HOE: ZEITRIREIROM ST KBRS R Z A5, 5 B R 5 il 42 (coronavirus disease 2019, COVID-19)
REBRNE SR, P GRS I e Te 3 X 54 (chest X-ray, CXR)FEQ IR & —Fh 22 G B RZ. 4
XF L IRIAE, 42 —Fh A 305 COVID-19 /Y CXR BRI e k. AR4E CXR BMRINERER, & T X5 B HUK
B XL BRA% 22 R BE HRAIE Fil B (dual-path multi-scale fusion, DMFF )R b 125 52 23 Jid % B 7 /3 25 %5 F(dense dilated depthwise
separable, D3S)HELR, JTHIFRECRZFHIE SUREFHE. TEMIERIL, 3T T S R B R B2 M4 —DD-CovidNet.
DMFF BB 1 il & 25 RBE RRAE R0 B 2 5 1% 2 R0, D3S AR 3 sk i A e A A% 386 45 185 R JR A7 M S A 30 1y 26
BIX MR, 78 2 MRS EibT TSR0 IE, 45 % W, DD-CovidNet BRI COVID-19 A A R HUE N 96.08%,
K SRR 100.00%, HEA RS R SR/ ISHRE. 5HABRIAN L, DD-CovidNet A5 78 )46 i 5
BETEER, A2 LT AR

REEIR: B AR R A W XN R, BRI 4 1512932, DD-CovidNet
HEE S ES: TP391.41 DOI: 10.3724/SP.J.1089.2021.18791

DD-CovidNet Model for X-Ray Images Recognition of Coronavirus Disease 2019

Wang Wei, Hu Yiyang, Wang Xin, Li Ji, and Li Yutao

(School of Computer and Communication Engineering, Changsha University of Science and Technology, Changsha  410114)

Abstract: Affected by the shortage of medical resources and low level of medical care, coronavirus disease
2019(COVID-19) has not yet been contained. It is a safe and effective way to detect infection in chest X-ray
(CXR) images by deep learning. To solve the above problems, an intelligent method for automatic recogni-
tion of COVID-19 in CXR images is proposed. According to the characteristics of CXR images, a dual-path
multi-scale feature fusion (DMFF) module and dense dilated depthwise separable (D3S) module are pro-
posed to extract the shallow and deep features respectively. On this basis, an efficient and lightweight con-
volutional neural net-work—DD-CovidNet, is designed. DMFF module can sense more abundant spatial in-
formation by fusing multi-scale features. D3S module can extract more effective classification information
by enhancing feature transfer and enlarging receptive field. The method is validated on two data sets. The
experimental results show that the sensitivity of DD-CovidNet model for COVID-19 recognition is 96.08%,
the precision and specificity are 100.00%, and it has less parameters and faster classification speed. Com-

pared with other models, DD-CovidNet model has faster detection speed and more accurate detection results.
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