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Abstract ; Magnetic resonance imaging ( MRI) has become a common imaging examination method, and the denoising algorithm of MRI
affects the imaging effect. Deep learning based MRI denoising algorithms require a certain amount of data,and the vast majority of non
deep learning based MRI denoising algorithms convert MRI data into real numbers for denoising. Algorithms for complex data types in
complex MRI data also have distortion issues. Therefore,a noise removal algorithm is proposed based on the raw data of a single MRI
brain image to better remove image noise. Starting from the raw data of MRI, the proposed algorithm utilizes the distribution properties of
MRI noise and the characteristics of MRI brain images to determine the points with obvious noise in the MRI image, and thus eliminates
specific Rician distribution noise in the MRI. And the proposed algorithm was combined with the commonly used Non-Local Means de-
noising (NLM) and Block—Matching and 3D filtering (BM3D) in MRI denoising, and the denoising effect was compared and evaluated
with NLM and BM3D denoising algorithms that did not use this algorithm to remove noise. The comparison results show that in various
situations with different noise densities, the proposed algorithm can always optimize the image denoising algorithm combined with it,and
improve Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity ( SSIM) by 1% to 9% under different noise conditions.
Finally , it was combined with BM3D and compared with other MRI denoising algorithms such as DnCNN, Weighted Nuclear Norm Mini-

W78 B 81 :2024-01-04 &5 B #1:2024-05-07

EETE : )& R H (2020 YFS0454 ,2020 YFS0318 ) 5 [ 52 TUAE { FREZ2 51 2o A% HAR 12 27 e A vl 230 3 T i RUBT Y Bl (2021 HY X031 )

TEBRB N AR (1995-) B W58 A WFSE 07 1) D B2 2 TRUGAL BT Sl (5 VR AT W (1984-) 35 BB, 8- BF 9 O Il IR BEE 2 ) IR
2 EMGA T S AT TR &



FoM

BAE 25T LT BM3D AR MRI EMG S 5 bR E ks <71 -

mization (WNNM) ,BM3D,and NLM. When there is more Rician noise,the proposed algorithm performs better on PSNR.
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