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Dynamic cardiac magnetic resonance image reconstruction algorithm
based on optimal low-rank constraints

DUAN Jizhong, ZHAO Lei, HUANG Huan

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650504, China)

Abstract: Dynamic cardiac magnetic resonance imaging ( CMRI) is an important tool for noninvasive assessment of
cardiovascular disease. In dynamic CMRI, a low-rank tensor recovery method is usually employed to explore the
sparsity of dynamic magnetic resonance images; however, different modes along the tensor have different low-rank
properties. The studies have found that the nonlocal self-similarity mode along the tensor can best improve the
reconstruction quality of dynamic CMRI. Therefore, this paper proposes an optimal low-rank matrix recovery
(OLRMR) model with matrix sparsity based on the nonlocal low-rank ( NLR) method by treating each set of similar
blocks extracted from a high-dimensional image as a matrix. The model uses the weighted Schatten p-norm as the
rank proxy function and was solved using the alternating direction multiplier method ( ADMM) and a fast soft-
threshold iterative algorithm. Experimental results based on the cardiac dataset show that the OLRMR algorithm is
more effective in improving the quality of the reconstructed image than the BCS, k-t SLR, and k-t LRTC algorithms
and can better keep the detail of the image and the edge contour information intact. The experimental results also
show that OLRMR improves the reconstruction speed by a factor of 2. 6 —3 over k-t LRTC.
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norm; alternating direction multiplier method
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Fig.1 Reconstructed images of various low-rank tensor patterns
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4
5
6. Update the weights w), via (15)
7 Obtain the recovered matrix Bi*" via (16)
8. End for
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Fig.3 Reconstructed and error images of 5-frame myocardial perfusion MRI data with undersampling rate of 10%
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Fig.4 Mean PSNR of myocardial perfusion MRI data at different undersampling rates and at different frames
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Tab.1 Comparison of mean PSNR, SSIM, and HFEN for myocardial perfusion MRI reconstruction under different undersampling rates
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Fig.5 Time profiles and error plots of myocardial perfusion MRI datasets with undersampling rate of 4%
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Tab.2 Comparison of mean PSNR, SSIM, and HFEN of images reconstructed by different algorithms for cardiac cine MRI at different

undersampling rates

ik fEtr  UR=11% UR=9% UR=6% UR=4% Ak f8fr  UR=11% UR=9% UR=6% UR=4%
BCS PSNR/dB  34.11 32.25 30.03 28.15 || k-t LRTC PSNR/dB  37.77 36.27 33.12 31.36
SSIM 0.8486  0.7863  0.7324  0.6725 SSIM 0.9189  0.8987  0.8589  0.8207
HFEN 1.0502  1.3461 1.7080  1.9741 HFEN 0.6283  0.7848  1.1720  1.3560
k-t SLR  PSNR/dB  37.20 35.57 33.26 32.02 OLRMR  PSNR/dB  38.21 37.10 35.45 34.22
SSIM 0.9165  0.8969  0.8651  0.8336 SSIM 0.9429  0.9115  0.8920  0.8774
HFEN 0.6854  0.8589  1.1994  1.3407 HFEN 0.5369  0.6716  0.9614  1.1653

Bl 6 WHLUT KORAER N 4% WA REITH A, k-t SLR Ml k-t LRTC 945 348 F BCS,
W, A TEFUGE A, W RFEEGMERRE NREEATLIE H, BCS H 85 i EUE A7 76 B
(R I (B 6 HIERAE ) HEAT T RO, IR ®l T BiR2%. 5 k-t SLR M k-t LRTC AL, OLRMR H ##
FHEGSSHRGZMIRZERE, ST 2 0 ARG SRR RN, DR R T
OFHESZ MRI XL (G MR 22 Jg, Ead BEE2MEGRATEE,
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Fig.6 Reconstructed images and error images of 2-frame cardiac cine MRI data with an undersampling rate of 4%
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Tab.3  Comparison of mean PSNR, SSIM, and HFEN of images reconstructed by different algorithms for cardiovascular MRI at

different undersampling rates

(A7 Eistuy UR =16% UR =12.4% UR=9.9% UR=7.3% UR =4%
BCS PSNR/dB 33.92 33.00 31.86 29.52 26.91
SSIM 0.8977 0.8819 0. 8596 0.7946 0. 6960
HFEN 0.6341 0.7201 0.8221 0.9993 1.3672
k-t SLR PSNR/dB 37.21 36.60 35.26 32.89 29.71
SSIM 0.9486 0.9367 0.9059 0.8964 0.8114
HFEN 0.3590 0.3832 0.4845 0.6359 1.0394
k-t LRTC PSNR/dB 37.37 36.65 34.93 31.86 26.86
SSIM 0.9495 0.9401 0.9046 0. 8693 0.6936
HFEN 0.3424 0.3738 0. 4856 0.7263 1.3548
OLRMR PSNR/dB 41.53 40.71 38.52 35.75 32.24
SSIM 0.9565 0.9477 0.9352 0.9110 0.8623
HFEN 0.1750 0.2076 0.2876 0.4295 0.7001
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Fig.7 Reconstructed and error images of 5-frame cardiovascular MRI data with undersampling rate of 7.3%
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Fig. 8 Reconstructed image and error image of 2-frames of PINCAT data with undersampling rate of 11%
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Fig.9 Comparison of reconstruction speed of different algorithms for different datasets
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Fig. 10 PSNR value for different parameters u and p when reconstruction of myocardial perfusion MRI data with undersampling rate of 10%
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