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Benign and malignant pulmonary nodule classification network based on multi-scale
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Abstract: Due to the different sizes of pulmonary nodules, the existing fixed receptive field network structures can-
not fully capture the multi-scale features of pulmonary nodules. To address this problem, this paper proposed a be-
nign and malignant pulmonary nodule classification network based on multi-scale combined with global and local at-
tention. Firstly, through the designed multi-scale network layer, the network dynamically learned the characteris-
tics of different scales of pulmonary nodules to enhance the network’s learning ability for multi-scale representa-
tions. then, the attention mechanism was used to enhance the channel and spatial information so as to improve the
ability of capturing global and local features. Finally, in order to verify the effectiveness of the network. the per-
formance was validated on the public LIDC-IDRI dataset and compared with other state-of-the-art methods. The ex-
perimental results show that the designed network can achieve preferable results on benign and malignant classifica-
tion tasks for pulmonary nodules.
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Fig. 1 Benign and malignant pulmonary nodule
classification network based on multi-scale

combined with global and local attention
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Fig. 3 Structure of channel attention module
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Fig. 4 Structure of spatial attention module
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Fig. 8 Prediction results of benign and malignant tumors of different pulmonary nodules
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