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MRI reconstruction based on Transformer with local

feature enhancement
XIONG Chengyi®, CHEN Wenqi®", GAO Zhirong’,MA Shuai®, LI Fan®

(1 South-Central Minzu University, a. College of Electronic and Information Engineering; b. Hubei Key Lab of Intelligent

Wireless Communication; c. College of Computer Science, Wuhan 430074, China)

Abstract A Transformer reconstruction method of Magnetic Resonance Image (MRI) based on multi-head self-attention
and convolution feature fusion is studied. The U-shaped network structure is adopted to improve the reconstruction
performance by learning the multi-scale features of the image. The Swin Transformer structure of deep separation
convolution and multi-head self-attention fusion is adopted to improve the feature learning ability of the network. Simulation

experiments based on multiple sampling modes are carried out under CC359 Brain dataset, and the results show that the

proposed method is effective in improving the quality of MRI reconstruction and reducing the system complexity.
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Fig. 1 Structure diagram of the proposed network
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Fig. 2 Structure diagram of double layer SCTL
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Tab. 1 Comparison results on G1D30% mask
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TE = el A5 R b SRR ), Ul e R R il

SwinMR SDAUT A )
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.

Error
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Fig. 4 Reconstructed results on G1D30% mask
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Tab. 2 Comparison results of using different low sampling masks

7F U-Net DAGAN SwinMR SDAUT AL
Mask PSNR SSIM PSNR SSIM PSNR PSNR SSIM PSNR SSIM PSNR SSIM
G1D10% 22.29 0.7458 2649  0.8669  25.64 0.8434 27.90 0.8931 26.84 0.8732 28.08 0.8965
G2D10% 24.93 0.7855 28.94  0.9064  28.58 0.8972 29.97 0.9215 29.70 0.9180 30.20 0.9256
R10% 23.17 0.7030 27.03  0.8687  26.27 0.8464 28.00 0.8874 27.29 0.8732 28.14 0.8914
S10% 22.81 0.7264 2843 0.8979  28.04 0.8843 29.62 0.9157 29.26 0.9101 29.83 0.9193
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