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Abstract; In order to solve the proportion of benign and malignant lung nodule, a novel model
named deep convolutional generative adversarial networks( DCGAN) was introduced. The model
generates lung nodule images with similar texture feature from the input lung nodules images, and
then using them to train the DCGAN model. In addition, the classification of image source is
changed to the classification of image source and lung nodules grade 1 ~ 5. thus, the noise
immunity of DCGAN model is enhanced and the classification of lung nodules by DCGAN model
is realized. Experiments show that the model G in improved DCGAN enhances the performance of
anti-noise capability with 90.42% images are distinguished true images when it generating
images, and the model D has a good discriminant ability for the classification of lung nodule
images and the classification accuracy of lung nodules is 70.89% , the recognition rate of
malignant lung nodules is 80. 13% .

Key words: lung nodules; DCGAN ( deep convolutional generative adversarial networks ) ;
texture feature; improved DCGAN; lung nodules rank classification
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Fig. 1 Comparison of DCGAN architecture and improved DCGAN architecture

(a)—J5hf DCGAN HE4L; (b) —iiif DCGAN HE4L.
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Table 1 Source classification of samples from improved DCGAN
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Table 2 Lung nodule images rank classification with improved DCGAN
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