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CT Image Generation based on Generative Adversarial Network

WANG Lei', LI Yuangian®
(1. Chengdu University of Information Technology, Chengdu 610225, China;2. Chengdu Shengdaren Technology Co. , Ltd, Chengdu
610225, China)

Abstract ; Accurate prediction of CT image generation plays an important role in MRI-only radiotherapy planning. Using
MRI prediction to generate CT images can prevent patients from having separate CT scans, thus avoiding additional radi-
ation doses. Generative Adversarial Networks (GAN) is becoming an influential method in cross-modal synthesis of med-
ical images. In this paper, the mapping model of MRI and CT images of nasopharyngeal carcinoma was established by
GAN combined with U-Net network, to realize the prediction generation of CT images in the radiotherapy guided by MRI
images only. The experimental results show that the model established in this paper can generate CT images close to real
data. Compared with the improved U-Net convolutional network generation model, the fuzzy degree of the image is re-
duced ,MAE is reduced and PSNR is improved, and the generated images can better display the detailed information.
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