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Abstract

Nowadays, deep learning based classification of pulmonary nodules has become a research hots-
pot. However, most existing network models have low accuracy, as they can only handle 2D lung
nodule slices and cannot learn 3D features in lung CT. To address these challenges, a high-precision
multi-scale feature fusion network model 3D CMFF has been proposed. The backbone of 3D CMFF
is based on 3D ECA Block, which can improve the feature expression ability of the network. The 3D
PSA module in the model can extract 3D refined feature maps with richer feature information.
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Multi scale feature fusion integrates feature maps output from stages 2~4, improving accuracy
with almost no increase in computational complexity. In the comprehensive ablation and compar-
ative experiments conducted on the LUNA16 dataset, 3D CMFF achieved an accuracy of 93.58. The
experimental results show that our method has significantly improved classification accuracy, and
compared with existing advanced models, 3D CMFF has the characteristics of high accuracy and
excellent robustness, which can provide auxiliary diagnosis for doctors.
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Figure 1. The architecture of 3DCMFF model
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Figure 2. 3DECA block
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Figure 3. The architecture of 3DPSA block
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Figure 4. Multi-scale feature fusion
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Table 2. Results of ablation experiment
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