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False Positive Screening of Pulmonary Nodules with 3D CNN
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Abstract; Pulmonary nodule detection through computer tomography images is the most primary way of early detection for lung cancer,
and false positive screen is one of the most vital steps in automatic pulmonary nodule detection. Traditional nodule detection methods rely
heavily on prior knowledge , cumbersome process and unsatisfactory performance. In deep learning, convolutional neural network can
acquire image features in general learning process. In this paper,a 3D convolutional neural networks ( TDN-CNN) for reducing false
positives of pulmonary nodules based on DenseNet is proposed. Firstly,the U-Net is used to segment the lung area, and then intercept the
VOI centered on the pulmonary nodules and expand them by translation and flip. In the 3D CNN, the dense connection is used to achieve
feature reuse and features reduction through the transfer layer,tune and optimized parameters in the training,and finally obtain the optimal
model. Compared with 2D CNNs, it makes full use of the three—dimensional spatial features of pulmonary nodules. On the publicly
available LIDC dataset, the 3D CNN achieves CPM of 0. 840, which is significantly higher than that of other 3D CNNs. The experimental
results demonstrate the effectiveness of the model, which is suitable for reducing false positives in pulmonary nodule detection systems.
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