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Abstract

Early detection and diagnosis are crucial for the treatment of COVID-19 patients. The use of con-
volutional neural networks to identify lung X-ray images and determine whether a person is in-
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fected with COVID-19 has been widely applied in practical medical settings. Methods based on
convolutional neural networks can rapidly and accurately discern lung X-ray images. However,
traditional convolutional neural network models have certain limitations when processing image
data, particularly in the lack of specificity in feature extraction. To address this issue, this paper
proposes a neural network model that integrates a Pyramid Pooling Module (PPM). The paper in-
geniously combines the DenseNet121 model with the PPM feature extraction module. Through va-
lidation on a public dataset of pneumonia cases, the effectiveness of this method in practical ap-
plications is demonstrated. Experimental results show that the network architecture of the pro-
posed integrated Pyramid Pooling Model significantly improves the accuracy of identifying COVID-
19 pneumonia. This innovative image recognition method not only achieves remarkable results in
practice but also provides valuable references for the application of deep learning in the field of
medical imaging. It plays a positive role in advancing the early diagnosis and treatment of COVID-
19, and it has significant implications for the prevention and medical research of similar diseases
in the future.
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Figure 1. DenseNet121 model network structure integrating PPM
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Figure 2. DenseNet121 model structure diagram
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Figure 3. Pneumonia dataset
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Table 1. Dataset partitioning
=1 BUREXISIER

Hute COVID-19 Normal Total
YIRS 2888 8152 11,040
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Table 2. DenseNet121 model results
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Accuracy Sensitivity Precision
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Table 3. Results of DenseNet121 model integrating pyramid pooling module
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Figure 4. Comparison of classification accuracy between fusion model
and single DenseNet121 model
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Figure 5. Comparison of classification sensitivity between fusion
model and single DenseNet121 model
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Figure 6. Comparison of classification precision between fusion model
and single DenseNet121 model
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