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Detection and location of pulmonary nodules based on 3D
convolutional neural network

HOU Zhichao, YANG Yang, LI Xiaoqin "
( Faculty of Environment and Life, Beijing University of Technology, Beijing 100124, China)

Abstract: A method for automatic detection and localization of pulmonary nodules based on three-dimensional (3D)
convolutional neural networks for computed tomography ( CT) images of lungs was proposed. Based on the study
conducted on the open source dataset LUNA16, the data were pre-processed with pixel normalization and coordinate
conversion. Positive samples were expanded using random translation, rotation, and flip, and random sampling was
conducted for negative samples. A 3D convolutional neural network was constructed and the network parameters
were adjusted during the training process until the best performance was obtained. The model was also designed to
label lung nodules in the 3D space of the lung. The sensitivity of the model was tested to be 93.03% and the
specificity was 97.39% , indicating that the proposed method can detect and label nodules more accurately.

Keywords : Deep learning; 3D convolutional neural network; Pulmonary nodule detection
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Fig.1 Schematic diagram of a 2D convolution process
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Fig.2 Schematic diagram of a 2D max-pooling process
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Fig.4 Gurves of accuracy and loss on training set
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Fig.6 Flow chart of automatic detection
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Table 2 Results of evaluation %
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Table 3 Comparison with other detection algorithm %
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Fig.8 Schematic diagram of marking results
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