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Abstract The convolutional neural network (CNN) has made immense progress in the classification of coronavirus
disease (COVID-19) X-ray images; however, the convolution structure can only learn the context information of the
adjacent spatial positions of the feature map. Hence, to realize a better combination of the global information of chest X-
ray images, we propose a network that pays more attention to the interaction of the global and local information by
designing the backbone network, ConvNeXt, a convergent attention module, and a long short-term memory network
while improving the CNN depth as well. Herein, this experiment classified the images of the COVID-19 Radiography
Database dataset, which can be publicly accessed. Compared with the basic model of ConvNeXt, the proposed network
displays an improvement in the accuracy, accuracy, and recall by 1. 60, 1. 23, and 1. 76 percentage points, respectively,
in the three classification experiments, and it is superior to Vision Transformer and Swin-Transformer in many
experimental indicators, with the accuracy, accuracy, recall, and specificity increased to 95. 6%, 96.03%, 95.76%, and
97.53% , respectively. Furthermore, the Chest X-ray dataset was selected to further verify the proposed network
generalization capability, and the score-CAM algorithm was used to verify its effectiveness. The experimental results
show that the proposed network has a high potential for application in the classification of COVID-19 X-ray images.
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Table 1 Division of dataset I

Dataset Type Total Training image  Validation image Test image
covid 3616 2314 578 724
COVID-19 Radiography Database normal 8851 5664 1416 1771
lung _opacity 6012 3847 962 1203
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Table 2 Division of dataset [l

= Training  Validation
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Table 3 Test set metrics on dataset [

No. Model R ey / V0 R ecision / V0 R /% AR ey / 0

1 Baseline 94. 00 94. 80 94. 00

2 Baseline+CBAM 92. 00 92. 80 91. 50 V2.0
3 Baseline+GCT+SA 90. 50 91. 20 89.90 V4.0
4 Baseline+ST+MCSA 92.80 93. 20 92.63 v1.2
5 Baseline+CGMB 95. 00 95.70 95. 00 +1.0
6 GlstNet 95. 60 96. 03 95.76 +1.6
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Table 4 Comparison of GlstNet network with mainstream Table 5 Performance metrics for three categories on the
algorithms validation set of dataset [

Model Ry /Y0 Ripion /Y0 Reees /% Type Ry /%0 Ryision /' %0 R /%
ResNet18"" 93.43 93.43 93.43 covid 98.50 97.50 99.60
ResNet50" 93.01 93.12 93.02 normal 94.10 93.80 97.20
ResNet101'*" 93.01 93.04  93.01 lung . opacity 95. 50 96. 00 95. 80

CheXNetmﬂ 93.21 93.28 93.21 3.6 GlstNet FTi4L
e mn o mn s e i
ConvNeXt 94. 00 94. 80 94.00 im?ﬂﬁ?ﬁT(SCore‘Ci\M)\ = %%T@?Fﬁm -
Vision Transformer 94. 64 95.23 94.63 }ﬂ{tﬂa&ﬁ&iﬂﬁm%q—éﬁﬁﬁtﬁk WK E,\]'Ziﬁo
Swim Transformer 95.18 95. 66 95.23 S 7/5;6 ! ﬁlj # COVID-19 Iiadlography ?%mbase ﬁ?}%%
GlstNet 95. 60 96.03  95.76 Y 3 Ao oS X S 2R 18 50 2~4 51 53 ) Jy ConvNeX,

ConvNeXt+GCT+SA .| ConvNeXt+MCSA-+ST #f
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Table 6 Comparison of GlstNet with mainstream algorithms

Model Ry /20 Ryection /70 Roeur /%0
ALEXNET CNN*" 94. 70 94. 00 94. 00
LENET CNN"™ 93. 20 93.00 93.00
DenseNet-169" 95.70
ResNet-50"" 93. 30
DenseNet ™ 95. 03 94.91 94. 24
EfficientNet * 93. 40 93. 62 91.07
VGG-16"7 92.08 92.02 92.77
GlstNet 97.20 97. 03 97. 60

T OTERRE || BERE bRy 3FN 2L PR RE 4R bR
Table 7 Performance metrics for three categories on the

validation set of dataset 11

Type R, ey /% R, iion /% R /%
covid 100. 00 99.10 100. 00
normal 92.40 96. 50 97.40
pneumonia 98.70 97.20 97.50
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Fig. 6 GlstNet network confusion matrix on Chest X-ray

validation set
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Fig.7 Score-CAM visualization results
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