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Benign or malignant lung nodules classification model
based on modified DenseNet
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[Abstract] Objective To investigate the accuracy of classification of benign and malignant lung nodules with computer-
aided diagnosis (CAD) systems. Methods DenseNet was used as the basic model, and 3D information of lung nodules was
incorporated into training phase of the convolutional neural network via performing median density projection. Then the
network structure was adapted to the classification of benign and malignant lung nodules. Traditional Cross Entropy Loss
was replaced with Focal Loss to enable the network to focus on learning difficult-to-resolve lung nodules. Results The
accuracy of the modified network model for classification of benign and malignant lung nodules was 89. 93% , and the area
under the curve was 0.947. Conclusion The adapted convolutional neural network model has high accuracy in the
classification of benign and malignant lung nodules.
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