http: /www. jsjkx. com

DOI:10. 11896/jsikx. 201200252

EH F DenseNet 1R S1EER B COVID-19 EFIE CT BB BEEIEM

' B8 k2 i F?
1 E#FIF 2R SEAT R
2 b oAET R KRS S

¥ 201203
k¥ 201508

i E MR COVIDLIKANZCTHRASHFNAFEAETZEL A TREFING T EMAMEK Z I A BB
kA AR R, PR T R TFTRABKRIES /4 DenseNet F % . DenseNet i it 45 42 & J A= W 4% 09 % 55 3% 35, £,
VABGRAMNBETHERAP A TARGEZANG KA TELPg LR TEMMESAZTATAEE ;A TAR
AEEA S BERE AT RAREE LR BERTHREL . FRRSREZ N, FH L5 ZE DenseNet, 55 AMEARE
FBRRFMELR AR BEBEMEARREZTEN N T FHNRERLS TN MR — 8B, TBEREER, HRF *
T LB AT MR A K WAL A b, e A 3t COVID-19 167 8 CT # A7 RS- P& R 5 AR50 WAL A KT 0
— X,

F 823 : DenseNet; 432 & A ;COVID-19;4& 7 & ;CT B 1%

hEESES TP391

Image Quality Assessment for Low-dose-CT Images of COVID-19 Based on DenseNet and Mixed
Domain Attention

SUN Rong-rong' ,SHAN Fei* and YE Wen®

1 Shanghai Institute of Measurement and Testing Technology,Shanghai 201203, China
2 Shanghai Public Health Clinical Center,Shanghai 201508, China

Abstract It is important to study the image quality assessment algorithm of low-dose-CT images for COVID-19. However, with
the increase of the number of network layers, the gradient will disappear for the method based on deep learning. To solve this
problem, this paper proposes DenseNet algorithm based on mixed domain attention. DenseNet solves the problem of gradient van-
ishing while reducing parameters through feature reuse and tight connection of network. Based on the attention mechanism of hu-
man vision,it adopts the combination of bottom-up and top-down structure to realize spatial attention. Based on the multi-channel
characteristics of human vision, this paper ignores the information in the channel domain for spatial attention, studies and intro-
duces the mixed domain attention to DenseNet. Spearman rank order correlation coefficient and Pearson linear correlation coeffi-
cient are used to measure the consistency between objective assessment method and subjective assessment method. The experi-
mental results show that this method can simulate the human visual characteristics better,and evaluate the quality of low-dose-
CT more accurately. The evaluation results are in good agreement with the subjective feelings of human vision.
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Fig. 4 Spatial domain attention
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