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Abstract: Early detection of the pulmonary nodule is important for diagnosis and treatment of lung cancer. Recently,
CT has been used as a screening tool for lung nodule detection. And, it has been reported that computer aided detec-
tion(CAD) systems can improve the accuracy of the radiologist in detection nodules on CT scan. The previous study
has been proposed a method using Convolutional Neural Network(CNN) in Lung CAD system. But the proposed
model has a limitation in accuracy due to its sparse layer structure. Therefore, we propose a Deep Convolutional
Neural Network to overcome this limitation. The model proposed in this work is consist of 14 layers including 8 con-
volutional layers and 4 fully connected layers. The CNN model is trained and tested with 61,404 regions-of-interest
(ROIs) patches of lung image including 39,760 nodules and 21,644 non-nodules extracted from the Lung Image Data-
base Consortium(LIDC) dataset. We could obtain the classification accuracy of 91.79% with the CNN model pre-
sented in this work. To prevent overfitting, we trained the model with Augmented Dataset and regularization term
in the cost function. With L1, L2 regularization at Training process, we obtained 92.39%, 92.52% of accuracy respec-
tively. And we obtained 93.52% with data augmentation. In conclusion, we could obtain the accuracy of 93.75% with

L2 Regularization and Data Augmentation.
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Fig. 1. Preprocessing and ROI extraction in LIDC Dataset. (a) Original image. (b) Image converted to Hounsfield Unit. (c)
Image with lung window setting. (d) Image with pixel spacing of 1 mm. (e) extracted ROI image of a pulmonary nodule.
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Fig. 2. Archltecture of the Convolutional Neural Network for nodule classification (a) and a flow chart of the layers

constituting the Convolutional Neural Network (b).
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Fig. 3. Changes of the learning rate in training process for Convolutional Neural Network without Data Augmentation (a)

and with Data Augmentation (b).
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Fig. 4. Changes of the classification accuracy in training process of Convolutional Neural Network without Data

Augmentation(a) and with Data Augmentation (b).
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