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Abstract Computer-aided diagnosis technology has practical significance in clinical medicine. The images of lung nodules and ar-
ticulatio coxae fractures are used as typical regional and boundary feature images to discuss their applicability in different net-
works. First.the CT images of the lung nodules and the X-ray fracture images of the articulatio coxae are labeled.and they are
pre-trained with CNN,Resnet, DBN and SGAN and fine-tuned,and the classification and recognition are completed via the Soft-
max classifier. Secondly, the image spatial resolution and noise are used as the comparative characteristics of different deep lear-
ning networks.,and the recognition rate is analyzed from the aspects of deep learning network structures. The simulation experi-
ment results show that Resnet performs preeminently in all data sets,and has striking generalization ability and robustness.
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Fig. 1 TImage classification recognition flowchart of SGAN
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