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Lesion Detection Method for CT Images Based on Data Augmentation

MA Guo-Xiang, YAN Chuan-Bo, ZHANG Zhi-Hao, SEN Gan
(College of Medical Engineering Technology, Xinjiang Medical University, Urumqi 830054, China)

Abstract: At present, the computer aided diagnosis technology based on medical imaging is at a stage of rapid
development, but limited by the medical imaging data size, the modeling method based on deep learning cannot explore
more complex models. Starting from the data augmentation method for medical CT images, this afticie summarizes the
imaging characteristics of medical lesion images, classifies the existing methods for lesion detection and segmentation
tasks, and expounds on the current difficulties in medical image detection and ;‘egmentation. It summarizes the related
technologies of medical lesion detection, the data augmentation methods, and the lesion detection methods based on the
Generative Adversarial Network (GAN). Finally, the data augmen‘tafion methods based on deep learning in the medical
field, including GAN, pix2pixGAN, and CycleGAN models, are comparatively analyzed, and the future development
trend of medical image analysis is prqspected. -
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