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Pulmonary Nodule Computed Tomography Image Classification Method
Based on Dual-Path Cross-Fusion Network

Yang Ping, Zhang Xin, Wen Fan, Tian Ji, He Ning
Smanrt City College, Beijing Union University, Beijing 100101, China

Abstract Pulmonary nodule computed tomography (CT) images have diverse details and interclass similarity. To address
this problem, a dual-path cross-fusion network combining the advantages of convolutional neural network (CNN) and
Transformer is constructed to classify pulmonary nodules more accurately. First, based on windows multi-head self-
attention and shifted windows multi-head self-attention, a global feature block is constructed to capture the morphological
features of nodules; then, a local feature block is constructed based on large kernel attention, which is used to extract
internal features such as the texture and density of nodules. A feature fusion block is designed to fuse local and global
features of the previous stage so that each path can collect more comprehensive discriminative information. Subsequently,
Kullback-Leibler (KI.) divergence is introduced to increase the distribution difference between features of different scales
and optimize network performance. Finally, a decision-level fusion method is used to obtain the classification results.
Experiments are conducted on the LIDC-IDRI dataset, and the network achieves a classification accuracy, recall,
precision, specificity, and area under curve (AUC) of 94. 16%, 93.93%, 93.03%, 92.54%, and 97.02% , respectively.
Experimental results show that this method can classify benign and malignant pulmonary nodules effectively.
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Table 1 Parameter setting

Training parameter Parameter value

Batch size 64
Train epochs 50

Optimizer AdamW
Learning rate 107"

Learning rate schedule Cosine annealing

Optimizer momentum B B=0.9, 0.9999
Weight decay 0.01
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Table 2 Comparison of classification metrics of different models

unit: %
Model Accuracy Recall Precision Specificity AUC
ResNet50 86.21 83.99 87.04 88.25 91.28
DenseNet121 84.91 81.00 86.69 88.40  90.75
ConvNeXt-Base 89.90 89.70 89.48 90.00  94.60
ViT-Base 90.44 89.66 90.36 91.18 94.74
Swin
Transformer- 90.34 89.50 90.32 91.10 94.59
Base
Proposed method 94.16 93.93 93.03 92.54 97.02
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Table 3 Comparison of parameter number, FLLOPs and inference

time of different models

Inference
Model Parameter /M FLOPs /G
time /ms
ResNet50 23.5 4.1 13.7
DenseNetl121 7.0 2.9 19.3
ConvNeXt-Base 87.6 15.4 15.3
ViT-Base 85.8 16.9 13.8
Swin Transformer-Base 86.7 15.2 19.9
Proposed method 28.2 4.0 10.3
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Fig. 6 ROC curves of different models
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Table 4 Comparison with different research methods unit: %

Type Method Accuracy Recall Precision Specificity AUC
Ref. [23] 88.46 88. 66 87.38 — 95.62

Ref. [24] 90. 77 85.37 — 95.04 —
CNN Ref. [25] 92.81 92.36 92.59 — 96.17
Ref. [26] 91.07 90.93 91.18 91.22 95. 84
Ref. [27] 91.25 89.10 91.59 93.39 91.25
Transformer Ref. [12] 93.33 — — — 96. 04
CNN+ Ref. [10] 92.92 93. 84 91.62 — 96. 28
Transformer Proposed method 94.16 93.93 93.03 92. 54 97.02
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Table 5 Results of the ablation experiment

unit: %

Feature ~ Hybrid loss

Model  Local path Global path . . Accuracy Recall Precision Specificity AUC
fusion block function
M1 NG 85. 42 81.05 86. 54 86. 38 90. 82
M2 J 85. 26 83.97 85. 42 86.43 90. 56
M3 NG NG 86.45 85. 66 86. 36 87.18 91.06
M4 J N 87.39 86. 86 86. 44 86.95 91.61
M5 NG NG 90. 89 89.67 90. 93 91.62 95.31
M6 N N N 92. 04 92.61 90. 56 91.65 96. 23
M7 N N N N/ 94. 16 93.93 93.03 92. 54 97. 02
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