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Low-field MRI image enhancement method based on adaptive noise perception
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Abstract: Objective To achieve efficient and robust quality enhancement for low signal-to-noise ratio (SNR) and high-noise-
level magnetic resonance imaging (MRI) images acquired by low-field MRI devices. Methods Given the lack of one-to-one

paired high- and low-field MRI images, a simulation method was develop to generate low-field MR images by adding noise
into the K-space data of high-field MRI images and performing undersampling in the image domain, thereby constructing a

paired high- and low-field MRI image dataset for training. A dual-path denoising and enhancement network with an adaptive

noise perception branch was introduced to tackle the difficulty in perceiving noise intensity in low-field MR images. Publicly
available datasets IXI and fastMRI were used to establish training datasets for enabling effective noise perception and

significant quality enhancement of low-field images. In addition, Fréchet inception distance (FID) and learned perceptual
image patch similarity (LPIPS) were adopted to evaluate the quality of enhanced low-field MR images, which overcame the

challenge of quantifying enhancement performance in low-field MRI images, and enabled a scientific assessment of the
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efficacy of low-field MRI image enhancement. Results On real low-field data, the dual-path denoising and enhancement

network exhibited the best performance in both denoising and detail preservation. When trained on the IXI dataset, the FID
and LPIPS values reached 0.472 9 and 149.649 3, respectively; when trained on the fastMRI dataset, the corresponding values

were 0.473 4 and 148.432 3, respectively. Conclusion The low-field MRI image enhancement method based on adaptive

Keywords: low-field magnetic resonance imaging; image enhancement; deep learning; dual-path network
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noise perception can effectively enhance low-field images, which promotes the clinical application of low-field MRI devices
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Figure 1 Structure of the dual-path denoising and enhancement network
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Table 1 Performance comparison of different models trained on the IXI dataset

. FLSZ0.1T Mt R (IX1) REULIR (fastMRI)
s LPIPS FID PSNR/dB  SSIM PSNR/dB  SSIM
EDSR'"! 0.5048 190.8423 312797  0.8256 315534 0.8599
MPRNET2! 05146 299.5603  31.6479  0.8712 317143 0.8855
SRFormer?'!  0.5069 188.4572  31.7217  0.8740 31.5407  0.9017
SWINIR 22! 0.5086 186.4808  31.7097  0.8322 312443  0.8823
HAT!23) 05041 180.8234 312466  0.8355 314322 0.8789
ARICT7 0.4729 149.6493 322524  0.8996 31.8995  0.9427
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Figure 2 Denoising and enhancement results of various methods on 0.1T brain MRI images
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Table 2 Performance comparison of different models trained on the fastMRI dataset
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