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Abstract: COVID-19 is an infectious disease caused by the new coronavirus, which poses a significant challenge to
global public health. In clinical practice, chest X-ray (CXR) examinations are an important means by which to identify
COVID-19 infections and other common lung diseases. However, it is time-consuming and labor-intensive for radiolo-
gists to examine COVID-19 patients, and such procedures increase the risk of infection for doctors. Therefore, an algo-
rithm that can automatically identify COVID-19 from chest X-ray images is particularly important. Therefore, this paper
proposes a CXR image classification framework based on deep learning that can generate more discriminative features
with limited training data. Specifically, a multi-branch classification network is first formed by residual neural networks
(ResNet34 and ResNet50) and a Transformer. The ResNet branch effectively extracts rich semantic information and deli-
cate texture information through a deep residual structure, whereas the Transformer branch captures the global semantic
features of the image through a self-attention mechanism. Then, the feature interaction module is used to extract rich se-
mantic and texture information from the ResNet branch, and the feature interaction is performed with the global seman-
tic features extracted by the Transformer. Finally, the multiscale semantic features of the image are extracted through the
feature fusion module. This method can extract multiscale feature representations under the condition of limited training
data to extract features and locate COVID-19 infected areas. The experiment was compared with 15 methods on the pub-
lic DLAI3 and COVIDx data sets, and the accuracy was improved by 1.37% and 0.76%, respectively, compared with
the ResNet50 model. The classification method proposed in this paper combines the advantages of ResNet and Trans-
former networks in feature extraction to make the recognition results of the network more accurate for CXR images.
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Fig. 1

COVID-19 recognition framework based on a multi-branch feature fusion classification network. The network interacts and

fuses the local features extracted by the CNN branch with the global features extracted by the Transformer branch to enhance the

performance of the classification model
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Fig. 2 Feature interaction module (FIM). The FIM aims to generate more informative features by mining and fusing the most

discriminative channels between global and local features
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Tab. 1 Classification results of different classification networks on the DLAI3 data set (%)
Network Acc Pr Re Spe F1 Kappa
VGG16 9491 94.43 93.27 96.98 93.69 91.86
AlexNet 95.00 93.77 93.19 96.30 93.48 90.20
GoogleNet 95.27 95.06 90.71 96.81 92.57 91.04
MobileNet 95.45 94.17 91.04 96.76 92.51 92.15
ResNet34 95.73 94.64 93.94 97.25 94.25 92.29
ResNet50 96.18 95.22 91.65 97.29 93.27 91.61
PVT 88.27 84.00 74.52 90.80 78.16 73.70
CaiT 89.82 81.08 81.88 93.21 81.41 78.38
RdNet 84.18 70.61 64.44 89.56 66.63 65.67
GCViT 87.55 77.33 85.63 92.66 79.68 75.89
RepViT 88.18 77.84 84.44 93.11 80.22 78.69
RMT 91.73 87.85 85.50 94.97 86.43 85.80
SMT 90.18 83.11 83.97 93.18 83.38 82.19
SwiftFormer 88.82 81.13 78.11 92.67 79.44 79.66
SBCFormer 92.73 92.65 85.97 94.56 88.80 86.08
Ours 97.55 97.16 95.40 98.11 96.25 94.75
R2 HEHI/ECOVIDx ERRESFEMEM S EER (%)
Tab. 2 Classification results of different classification networks on the COVIDx data set (%)
Network Ace Pr Re Spe F1 Kappa
VGGI16 95.02 95.14 91.94 95.67 93.43 90.52
AlexNet 95.87 95.60 93.18 96.56 94.66 92.26
GoogleNet 96.30 94.72 95.30 97.15 94.90 92.28
MobileNet 95.94 93.54 96.72 97.86 95.04 92.78
ResNet34 96.61 94.94 95.29 97.47 95.08 93.27
ResNet50 97.89 97.73 96.36 98.23 97.03 95.60
PVT 81.91 75.35 84.68 90.82 78.76 66.27
CaiT 78.09 76.07 68.17 81.32 70.72 53.78
RdNet 73.07 69.87 59.01 77.27 62.60 40.31
GCViT 81.85 78.73 76.46 87.93 77.24 63.46
RepViT 85.64 82.07 82.65 90.51 82.31 71.31
RMT 91.68 88.75 90.37 94.19 89.48 83.39
SMT 92.77 91.54 90.39 95.20 90.89 84.27
SwiftFormer 87.89 85.52 83.44 90.90 84.42 74.72
SBCFormer 94.36 92.35 92.73 96.03 92.53 88.14
Ours 98.65 97.97 98.15 99.03 98.06 97.29
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Tab.3 Ablation experimental results of the multi-branch feature fusion network on the DLAI3 data set (%)
ResNet34 ResNet50 PVT FIM FFM Acc Pr Re Spe F1 Kappa
N 95.73 94.64 93.94 97.25 94.25 92.29
v 96.18 95.22 91.65 97.29 93.27 91.61
N v J 96.64 9546  94.19 9787  94.77 93.87
N N N N 97.00  96.67 9518  97.71 95.91 94.76
N N N N N 97.55  97.16 9540  98.11  96.25 94.75
F4 EHIEECOVIDx LEN I ERMEMENHEMIINER (%)
Tab.4 Ablation experimental results of the multi-branch feature fusion network on the COVIDx data set (%)
ResNet34 ResNet50 PVT FIM FFM Acc Pr Re Spe Fl Kappa
N 96.61 94.94 95.29 97.47 95.08 93.27
N 97.89 97.73 96.36 98.23 97.03 95.60
N N N 98.15 97.62 96.95 98.49 97.27 96.12
N N N N 98.32 97.89 97.82 98.82 97.86 96.75
N N N N N 98.65  97.97 9815  99.03  98.06 97.29
o ResNet34+ ResNet34+
i ResNet34 RENGS) g Boat Ours

S 200 SRR R I 456 800 4 11 Grad-CAM 8] : (a) DLAI3 4 4E , (b) COVIDx i 4
Fig. 5 Grad-CAM graph of a multi-branch feature fusion network on two data sets: (a) DLAI3 data set, (b) COVIDx data set
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Fig. 6 t-SNE visualization of different classification methods on the DLAI3 data set
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Tab. 5 Classification results of different classification networks on the COVID CT data set
Network Acc Pr Re Spe F1 Kappa Params/M
COVIDNet 96.93% 96.65% 96.69% 98.34% 96.67% 94.56% 48.68
CrossViT 97.33% 96.76% 97.70% 98.67% 97.20% 96.51% 27.48
Conformer 97.54% 97.88% 96.84% 98.53% 97.33% 96.48% 101.74
Ours 99.16% 99.18% 99.12% 99.54% 99.15% 98.59% 102.47
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