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Abstract: In the field of image compression perceptual reconstruction, high-quality images ate reconstructed with high
similarity to the original image, and details are retained to eliminate artifacts through effective‘jimage prior information
reconstruction. Thus, aiming at the K-space data with insufficient sampling, based on the classic CNN algorithm CBDNet
algorithm, this study adopts the method to combine the advantages of fusing deep learning prior information and
traditional image restoration. Meanwhile, a hybrid reconstruction algorithm based on prior denoising of deep neural
network and compressed sensing algorithm of BM3D block is studied. The algorithm employs an interactive method to
train a multi-scale residual network to suppress noise levels and combines deep learning with the multi-scale matching of
traditional blocks tojextract image feature data at different scales through optimal selection, thus suppressing artifacts and
quickly reconstructing high-quality MRI. The experimental results show that deep learning combined with BM3D can
reduce artifacts and retain details in MR image reconstruction, enhancing the reconstruction effect. Additionally, the
computational complexity of the algorithm is not much more than that of the single algorithm by the GPU accelerated
operation. It can be seen that the hybrid MRI based on convolution blind denoising has a better effect.
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F 1 AFEWERFEAFRFERT 5 %K PSNR 1 SSIM
. sampling: 10% sampling: 20% sampling: 30%
Sampling Approaches
PSNR (dB) SSIM PSNR (dB) SSIM PSNR (dB) SSIM

BM3D-MRI 21.2469+0.6137  0.6688+0.0454 33.3194+1.9241  0.9612+0.0159 37.8740+1.1738  0.9855+0.0043

FFDNet 20.6749+0.0417  0.6249+0.0015 33.0224+2.4143  0.9572+0.0208 37.9907+1.5602  0.9860+0.0052

Random  CSMRI-FFDNet  21.8532+1.1366  0.6641+0.0377 33.0916+2.4508  0.9576+0.0209 38.1754+1.588  0.9865+0.0051

CBDNet 23.0543+0.0646  0.7046+0.0029 33.8353+2.4583  0.9634+0.0185 39.0202+1.6833  0.9886+0.0045

CBDNet-BM3D  23.3735+0.4254  0.6691+0.036 33.9249+2.4576  0.9642+0.0181 39.1742+1.6915  0.9889+0.0044

BM3D-MRI 24.2855+0.6137  0.7225+0.0454 31.9330+1.9241  0.9613+0.0159 34.6639+1.1738  0.9841+0.0043

FFDNet 25.7242+40.0417  0.7343+0.0015 31.4547+2.4143  0.9522+0.0208 34.4935+1.5602  0.9816+0.0052

Radial CSMRI-FFDNet  25.7795+1.1366  0.7367+0.0377 31.4825+2.4508  0.9532+0.0209 34.5785+1.588  0.9825+0.0051

CBDNet 25.557440.0646  0.7435+0.0029 31.8683+2.4583  0.9585+0.0185 34.9563+1.6833  0.9842+0.0045

CBDNet-BM3D  25.4374+0.4254  0.7427+0.036 31.9226+2.4576  0.9602+0.0181 35.0160:&&69 0.9850+0.0044

BM3D-MRI 26.1965+5.6212  0.8118+0.1318 26.9011+5.0869 0.851610.104% 29.2226:8.1986 0.9300+0.0488

FFDNet 25.6510+£5.3157  0.7741+0.1083 26.5124+5.0488  0.8269+0.0993 28.8585+3.459 0.9150+0.053

Cartesian ~ CSMRI-FFDNet  25.6922+5.3767  0.7765+0.1125 26.5197+5.0812 | 0.8280+0.1024  28.8690+3.4554  0.9154+0.0534

CBDNet 25.8318+5.4964  0.7963+0.1277 26.7441+5.0347 .0.8434+0.1027 29.1169+3.2024  0.9229+0.0475

CBDNet-BM3D  25.9752+5.5446  0.8045+0.1287 26.7892+5.0519  0.8477+0.1029 29.1840+3.1956  0.9259+0.0483

(e) CBDNet 432

(d) CSMRI-FFDNet £k

(f) CBDNet-BM3D 597

K4 5 P52 brain3d A, HE S5 AR HTBOK IR K H iR 22 8] (Random sampling 5%)

\ 5

4 TR 3 N'30% i BFBEHLR BE L SR
660 BEATI KAk 2 fion. BAREEE Won & Hikdhia
f7H 1] BM3D Sk e/b, HUE 5 s, BUMER N
21-66 IR FTXF B SCH BT 6 FhAEE KT PSNR E T B
i 2k &, BM3D S (E 5 e LU AR S T I 2R, wi i
L EUR I AR ANFR 5, FFDNet /% CSMRI-FFDNet
3% PSNR H BTG BAR e R AS, (5 BB 2 R0OR
G IR, AR 41t ] LU i CBDNet-BM3D HIEAL
FHAh 4 FhEL HARE FaE.

HREFIRAFHAE TS PSNR {HZE R KHRTE [-3, 3]

18 % it +Ziik Special Issue

Vi B PN, BB AR R IO, O B A R S SR T ) KA,
B 6 A T HERT £ 1B JR s il o SRR AR A 4R T 25 B0
PSNR H ) LT+ 3. £E i B BE ML RAE R 735508 1%
5%+ 10%-~ 15%-+ 20%- 25%-. 30%-. 35%-+ 50% I
BUE T, WA I mT LU Y, i B IR AR 5
T2 1A R AR RS B R, U SR R R AR ST T A
SR BRI ORI s AL

K2 REER 30% EARIREL 660 B H runtime T L (s)
Methods BM3D FFDNet CSMRI-FFDNet CBDNet CBDNet-BM3D

Runtime 39.3822 78.1435  235.8293  363.6485  419.4434
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