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Abstract

In order to build an interpretable Al model to realize rapid and accurate diagnosis of COVID-19,
this paper uses the Python programming language and Pytorch deep learning framework to build
CNN and DenseNet models based on the image classification technology of deep learning algorithm
and through the preprocessing and data enhancement of chest X-ray data sets. The automatic di-
agnosis of lung diseases is realized, and the performance of the two models is evaluated and com-
pared. The results show that the DenseNet model performs better in image classification task, has
better classification accuracy and faster convergence rate. This study provides a new idea and
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method for the research in the field of medical image recognition and has certain application val-
ue for improving the accuracy and efficiency of medical diagnosis.
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Figure 1. DenseNet network structure diagram
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Figure 2. Confusion matrix
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Figure 3. Chest X-ray image preview (1)
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Figure 4. Chest X-ray image preview (2)
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Figure 5. Sex distribution
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Figure 6. Age distribution
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Figure 7. Chest disease diagnosis distribution
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Figure 8. Pixel distribution map of image data set
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Figure 9. Data set image preview after processing ()
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Figure 10. Data set image preview after processing (2)
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Figure 11. The running result of CNN model
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Table 1. CNN model evaluation index
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CNN 0.887 0.842 0.942 0.889

4.2. DenseNet 1&!

DenseNet #2177 45 R 12 Fros:

Loss Evolution Accuracy Evolution
——Loss
——Val Loss | 0.900
3.0
0.850
20
0.800
1.0
—— Accuracy
—— Val_Accuracy
0.0 0.750
0 2 4 6 8 0 2 4 6 8

Figure 12. DenseNet model running result
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Table 2. DenseNet model evaluation index
5% 2. DenseNet & BTN IEFR

il THERf 2 FER R HlRx Fl-score
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