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Abstract: Magne
3T MRI has advantage
resonance image generation method based on the integration of Generative Adversarial Network and Self-attention
mechanism (SA-CycleGAN). GAN is used to generate 3T MRI from 1.5T MR, and the SA mechanism is embedded in

the GAN framework. At the same time, spectral normalization processing is introduced, which reduces the function

ce Imaging (MRI) is widely used in clinical diagnosis, and compared to 1.5T MRI,

h'8s high contrast and high signal-to-noise ratio. This paper proposes a super-field magnetic

oscillation and accelerates the model convergence. In order to improve the authenticity of the generated image, prior
information is introduced into the network and a combined loss function is proposed. The network is trained with 50
pairs of 3D MRI images and tested with 10 pairs of images. The experimental results show that the proposed SA-
CycleGAN can generate higher Peak Signal-to-noise Ratio (PSNR) and Structural Similarity (SSIM) values of magnetic
resonance images than contrast methods such as SRGAN (Super Resolution GAN) and CycleGAN.

Key words: magnetic resonance imaging; generative adversarial network; self-attention mechanism; spectral

normalization; combined loss function
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Fig. 6 Cross section of 3T Brain MRI generated by different methods
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Fig. 7 Coronal plane of 3T Brain MRI generated by different methods
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Fig. 8 Sagittal plane of 3T Brain MRI generated by
different methods
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Fig. 9 The influence of SA module on generation performance
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5 %52 (Conclusion)
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