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Accelerated MRI reconstruction based on U-Transformer
XIONG Chengyi®, LI Fan™", GAO Zhirong", SUN Qingqing”, CHEN Wenqi®

(South-Center 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 Transformer has shown great potential to improve image recovery performance. A reconstruction method of the
accelerated magnetic resonance image (MRI) based on a wavelet-decomposed U-shaped Transformer network is studied.
The core unit of the reconstruction network is designed based on combining the Swin Transformer with the Unet. By fusing
multi-scale features of images, the learning ability of the network is improved and better reconstruction performance is
obtained. By using wavelet transform to decompose the input image, the input feature dimension of Swin Transformer is
reduced, so as to effectively reduce the computational complexity of the reconstruction network. The wavelet domain loss is
adopted to constrain network training, with better recovering the structure and texture information of the image. The
experimental results on Calgary-Campinas brain MR Dataset verify the effectiveness of the proposed method in improving

the quality of reconstructed images and balancing the complexity of system.
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Tab. 1 Reconstruction accuracy of different mask under different under-sampling rate

Mack ZF U-Net'" SwinMRI'™ This paper
PSNR  SSIM NMSE ~ PSNR  SSIM NMSE ~ PSNR  SSIM NMSE ~ PSNR  SSIM NMSE
GID10% 2372 0.5746  0.0918  25.64  0.7453  0.0447 2785  0.7816  0.0355  28.88  0.8176  0.0277
G1D30%  27.81  0.8211  0.0271  31.48  0.8762  0.0141  33.06 09041  0.0116 3583  0.9420  0.0056
GID50% 3049  0.8654  0.0112 3442 09145  0.0084 3727 09488  0.0041 4102 09739  0.0017
R10% 2418  0.6105  0.0749  26.64  0.7510  0.0456 2838  0.7862  0.0337  30.06  0.8340  0.0212
S10% 2458  0.6248  0.0813  27.02 07763  0.0381  28.42  0.8295  0.0233 3023  0.8334  0.0206
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Tab.2  Ablation experimental of U-shaped architecture in MSFE

SR HEE/GMac PSNR SSIM

B S 0.798 12.54 3342 0.897

R4 _b 12.16 198.33 3532 0935
U R fe 12.52 13.61 3583 0.9420
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Tab. 3  Ablation experimental of DWT

SHRM HER/GMac PSNR - SSIM

without DWT 12.52 54.46 3587  0.9421
with DWT 12.52 13.61 35.83  0.9420
with DWT#2 12.52 3.4 34.62  0.9285
with DWT*3 12.52 0.85 33.14  0.9017

R T BRI R B A A, SR A [R] Y
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AR X A8 R RE A S0, 45 2R AN 4 s . AR
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VIS IN T A L A BERE A rh oy o) B 2 R
fE, Sy H A AR R B S5 (E B A B TR
1 T MR B

Fd NPHARR T AL 5

Tab. 4  Ablation experimental of wavelet loss

A=0 A =0.01 A=0.1 A=03 A =05
PSNR  34.60 35.19 35.22 35.41 34.93
SSIM 0.9299 0.9363 0.9356 0.9388 0.9327
NMSE 0.0074 0.0065 0.0064 0.0060 0.0069
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