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[ Abstract ] Objective/Significance To address the low efficiency and strong
subjectivity of pneumonia diagnosis from chest X-rays, a deep learning classification
method based on ResNet34 is proposed to improve diagnostic efficiency and reduce
misdiagnosis. Method/Process A Hybrid Global-Local Feature Enhancement module
(HGFE) was designed, in which two parallel branches extract local features and
global context: the local branch employs dilated convolution to enlarge the receptive
field, the global branch introduces coordinate attention to model long-range
dependencies, and an SE module is used for feature fusion. Results/Conclusions On
the ChestX-ray2017 dataset, the model achieved a precision of 98.16%, an F1-score
of 0.9758 and an AUC of 0.9896; on the COVID-19 Radiography dataset, it reached
an accuracy of 96.94%, outperforming VGG16 and ResNet50. The proposed method
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effectively improves pneumonia classification, with good generalization and clinical
application value.

Keywords: ResNet34-HGFE, Pneumonia, Medical image classification
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