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Abstract: Objective To construct a COVID-19 CT image classification model based on lightweight RG DenseNet. Methods
A RG-DenseNet model was constructed by adding channel and spatial attention modules to DenseNet121 for minimizing the
interference of irrelevant features, and replacing Bottleneck module in DenseNet with pre-activated RG beneck2 module for
reducing model parameters while maintaining accuracy as much as possible. The model performance was verified with 3-
category classification experiments on the COVIDx CT-2A dataset. Results RG-DenseNet had an accuracy, precision, recall
rate, specificity, and F1-score of 98.93%, 98.70%, 98.97%, 99.48%, and 98.83%, respectively. Conclusion Compared with
the original model DenseNet121, RG-DenseNet reduces the number of parameters and the computational complexity by
92.7%, while maintaining an accuracy reduction of only 0.01%, demonstrating a significant lightweight effect and high
practical application value.
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Figure 1 Convolutional block attention module
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Table 1 Distribution of images (number of patients) in the
COVIDx CT-2A dataset
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Table 3 Comparison of model performance (%)
o] 25 AR 255 WERE KR HBRE AR F1 /434K
DenseNet121 E%# 99.37 98.68 99.43 99.02
ARt fili 58 99.43 99.68 99.77 99.55
B 4 97.50 98.59 99.23 98.04
Ty 98.94 98.77 98.98 99.48 98.87
MobileNetV2!24] EH 99.44 98.48 99.49 98.96
e e 48 99.24 99.49 99.69 99.36
B fiti 58 97.24 98.85 99.14 98.04
-y 98.86 98.64 98.94 99.44 98.79
MobileNetV3 2! EH 99.57 98.33 99.61 98.95
ARt &% 98.82 99.59 99.52 99.20
B IEE i 4% 97.09 98.60 99.09 97.84
R 98.76 98.49 98.84 99.41 98.66
ShuffleNetV226) EH# 99.10 98.54 99.19 98.82
ARt fifi 58 99.47 99.08 99.79 99.27
B 5% 97.25 98.85 99.14 98.04
2 98.77 98.61 98.82 99.37 98.71
RG-DenseNet T 99.52 98.62 99.57 99.07
e e 5 99.31 99.70 99.72 99.50
e 4 97.28 98.60 99.15 97.94
Py 98.93 98.70 98.97 99.48 98.83
F 4 BB R AT B EE
Table 4 Comparisons of model size and testing time
o] 25 57 S ZHOUNMMB HHER/MB  GPUNAEMIH/MB BETURAER/ VMBIl kbt WX [R] /s
DenseNet12l 6950659 26.51 2886.79 9860 27.11 7h9min8s 91.5
MobileNetV2 2227139 8.50 304.27 6818 8.73 6h 16 min 19 s 81.2
MobileNetV3 3875073 1478 250.87 5854 14.99 6h 8 min 27 s 72.5
ShuffleNetV2 1255379 479 140.21 2882 4.95 5h 34 min29 s 74.2
RG-DenseNet 508 784 1.94 209.32 5282 2.67 5h38min51s 67.8

TRURAE RN AT R4 S A58 )11 25 5 003t ], 3k %)
BRI EP .

FHA AR AH 1 , RG-DenseNet (T8 5
ShuffleNetV2 #H .5 49.2% , GPU PN 7081 FH 55 83.3%, {H
SR BB/ A ShuffleNetV2 1 40.5% , T %
It ShuffleNetV2 55 0.16%. ShuffleNetV2 [l 2k} ] 2
i J5 1Y , RG-DenseNet 1))l 25 B} 6] Ht ShuffleNetV2 £
4 min 22 s, M 22 A 5 K K . 5 MobileNetV2,
MobileNetV3 #H k. , RG-DenseNet #4351 = 0.07%
F10.17% ; Z 5= FIZH0K /N5 51 i MobileNetV2 Fll
MobileNetV3 1] 22.8% I 13.1%; it & & 45 %~

MobileNetV2 F1 MobileNetV3 (1] 68.8% Fil 83.4% ; GPU
W A7 i F Eb MobileNetV2 £l MobileNetV3 43 5] i /0>
1536 MB F1572 MB; #5847 K/ [V53-51 24 MobileNet V2
1 MobileNetV3 ) 30.6% 1 17.8%. Il Zk i} [i] kb
MobileNetV2 £ MobileNetV3 43 %] i /> 37 min 28 s Al
29 min 36 s, T [A] % MobileNetV2 fil MobileNetV3
3 13.4 s F14.7 s,

RG-DenseNet £ i #5 A K /)N 45 b5 &8 IR F
MobileNetV2 . MobileNetV3 , 44 & #l GPU i i T
ShuffleNetV2, H 4% 48 b7 #f X T ShuffleNetV2, Jf H
RG-DenseNet 7 4H [7] &4 T ¥ B 45 F1 5 DenseNet121
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4 e ERE
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I 2 45, BR O RG-DenseNet, 1% W 4% 52 1 T
DenseNet121 SiE15 K1Y, 75 e Jm 19 F- i ik )2 5 4
2 Z BT I CBAM AR B | 365 DenseNet H1 1
Bottleneck #5343 9 |2 8 4 h—~ RG-beneck2 F .
X TR A e e A I A R R AR 1 T A, 48 o T i
BEALIE R A T b T 5% . [ COVIDx CT-2A
B AT HM L 5 X R, AT
MobileNetV2 , MobileNetV3, L B /b 1) 2 55 B Fl 5
TR T O VR B VIl 2k B 5 ShuffleNetV2 A
T, AT JE AR A DenseNet121, RG-DenseNet 7 {4
FRME BE L AN W ATEE T 38070 92.7% 1 S 40
53.5% 1 GPU PN A7 FH 12 A1 21.0% A Il st ] o 2%
LI RG-DenseNet ELA S 4w i T B m /> MER
1 FRE A, BB B D B AT & L RTINS 5
W . B FORMIBER TAE Y R 4R DL R X iy
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