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An Improved Sensitivity Encoding Reconstruction Algorithm Based on Nonlocal

Low-Rank Constraints

PAN Ting, DUAN Jizhong
(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Sensitivity encoding (SENSE) is a widely used parallel magnetic resonance imaging (MRI)
reconstruction model. Many improved models have been proposed to improve the reconstruction
performance of SENSE. However, the reconstructed images of these improved methods still have many
artifacts. Especially, it is difficult to reconstruct a clearer image when the acceleration factor is higher.
Therefore, based on nonlocal low-rank (NLR) constraints, this paper proposes an improved SENSE
model, named NLR-SENSE model, which can effectively improve the quality of parallel MRI
reconstructed images. We adopt the weighted kernel norm as the rank surrogate function, and use the
alternating direction multiplier method (ADMM) to solve the NLR-SENSE model. Simulation results
show that, compared with several other parallel MRI reconstruction methods, the NLR-SENSE model
performs better in visual comparison and three different objective metrics, and can effectively improve the
quality of the reconstructed image.
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Fig.3 Reconstruction images and error graphs of different algorithms when reconstructing from the undersampled data

(b) Dataset 2

based on 2-D Poisson-disc undersampling patterns and 3-fold acceleration factor
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Fig.4 Reconstruction images and error graphs of different algorithms when reconstructing from the undersampled data

based on 2-D Poisson-disc undersampling patterns and 5-fold acceleration factor
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Fig.5 Reconstruction images and error graphs of different algorithms when reconstructing from the undersampled data

based on 1-D patterns and 3-fold acceleration factor
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Table 1 SNR, HFEN and SSIM of reconstructed images via different algorithms from the undersampled data
based on 2-D Poisson-disc undersampling patterns and different AFs for Dataset 1 and Dataset 2

Dataset 1 Dataset 2

Y b
Hik 1z AF=3 AF=4 AF=5 AF=6 AF=7 AF=3 AF=4 AF=5 AF=6 AF=7

SNR 2340 21.59 20.27 18.85 18.22 22.02 2041 19.20 17.98 17.38
L,-SENSE HFEN 0.1037 0.1389 0.1754 0.2212 0.2408 0.1295 0.166 5 0.204 0.2554 0.276 6
SSIM 0.9620 0.9465 0.9326 0.9148 0.9053 0.9418 0.9228 0.9048 0.8849 0.873 4

SNR  23.77 2224 2087 19.79 19.04 22.60 21.18 20.04 18.63 18.15
TV-SENSE HFEN 0.1055 0.1342 0.1675 0.1987 0.2205 0.126 3 0.1574 0.1897 0.2410 0.252 6
SSIM 0.966 2 0.9554 0.9437 0.9316 0.9224 0.9528 0.9395 0.9255 0.908 3 0.898 1

SNR 2411 2254 21.27 20.08 19.28 2270  21.31 20.24 18.97 18.53
LpTV-SENSE HFEN 0.0985 0.1261 0.1550 0.1888 0.2111 0.1221 0.1503 0.178 4 0.2237 0.233 9
SSIM  0.9693 0.9582 0.9479 0.9331 0.9227 0.9523 0.9389 0.9252 0.909 4 0.900 3

SENSE-LORAKS- SNR 23.83 2241 21.14 19.94 19.25 22.37 21.04 19.97 1855 18.04

TV HFEN 0.0951 0.1187 0.1491 0.1823 0.2025 0.1208 0.1490 0.1795 0.2338 0.248 0
SSIM 0.9663 0.9561 0.9456 0.9331 0.9248 0.9488 0.9352 0.9223 0.904 2 0.893 9

SNR 2454 2291 2145 20.22 19.34 2288 21.37 19.94 18.59 18.16
STDLR-SPIRIT HFEN 0.0898 0.1141 0.1438 0.1715 0.1943 0.1247 0.1578 0.198 7 0.248 5 0.260 5
SSIM 0.9689 0.9577 0.9452 0.9328 0.9220 0.9525 0.9381 0.9217 0.903 2 0.893 6

SNR 25.04 23.75 22.71 21.34 20.53 2349 2241 2152 2049 19.94
NLR-SENSE  HFEN 0.0846 0.1046 0.1291 0.1642 0.1876 0.1087 0.1296 0.1519 0.184 6 0.199 7
SSIM  0.9752 0.9677 0.9605 0.9460 0.9368 0.9589 0.9500 0.9400 0.927 8 0.919 0

£2 NARMERE T Z 458 # E &8 R EEIEEZ Dataset 3 7 Dataset 4 Bt A & % = # E 1%/ SNR.HFEN
LR SSIM itk
Table 2 SNR, HFEN and SSIM of reconstructed images via different algorithms from the undersampled data

based on 2-D Poisson-disc undersampling patterns and different AFs for Dataset 3 and Dataset 4

Dataset 3 Dataset 4

Ay o
Hik i AF=3 AF=4 AF=5 AF=6 AF=7 AF=3 AF=4 AF=5 AF=6 AF=7

SNR 23.38 21.66 20.36 19.36 1847 26.34 2459 23.60 2248 21.64
L,-SENSE HFEN 0.1146 0.1541 0.1934 0.2294 0.2614 0.0844 0.1122 0.1313 0.156 9 0.176 4
SSIM 0.9658 0.9535 0.9404 0.9294 0.9175 0.9781 0.9695 0.9644 0.9575 0.9519

SNR 24.06 2240 20.97 20.04 19.05 26.80 25.10 24.11 23.07 22.20
TV-SENSE HFEN 0.1139 0.1478 0.184 8 0.2118 0.2465 0.0844 0.107 3 0.1245 0.1424 0.1596
SSIM 0.9729 0.9635 0.9522 0.9426 0.9313 0.9818 0.9754 0.9714 0.9659 0.961 2

SNR 2419 2261 21.32 2043 19.44 2692 2536 2446 23.61 22.80
LpTV-SENSE  HFEN 0.1112 0.1405 0.1732 0.199 0.2318 0.0835 0.103 8 0.119 3 0.1334 0.149 6
SSIM  0.9737 0.9646 0.9543 0.9445 0.9330 0.9813 0.9748 0.9707 0.9658 0.961 1

SENSE-LORAKS- SNR 23.67 22.22 21.01 20.19 19.23 26.54 25.00 24.11 23.13 22.23
HFEN 0.1100 0.1406 0.1731 0.1977 0.2314 0.0790 0.0997 0.1147 0.1329 0.152 5
v SSIM  0.9687 0.9593 0.9495 0.9413 0.9312 0.9793 0.9723 0.9686 0.9635 0.958 8

SNR  24.33 2293 21.50 20.58 19.59 27.07 2537 2447 2355 22.84
STDLR-SPIRIT HFEN 0.1011 0.1315 0.1692 0.1957 0.2320 0.0761 0.0991 0.114 3 0.1322 0.147 7
SSIM 0.9717 0.9639 0.9537 0.9436 0.9320 0.9797 0.9720 0.967 8 0.9629 0.959 2

SNR 24.76 23.29 22.13 21.40 20.38 27.69 26.35 25.61 2492 24.10
NLR-SENSE HFEN 0.1015 0.1289 0.1538 0.1779 0.2109 0.0734 0.0917 0.1041 0.116 9 0.1317
SSIM 0.976 8 0.969 2 0.9613 0.9532 0.9416 0.9840 0.9787 0.9757 0.971 8 0.967 4
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Table 3 Performance improvement between NLR-SENSE and other comparing algorithms for reconstruct-
ing all datasets in Fig.2 from the undersampled data based on 2-D Poisson-disc undersampling pat-

terns and different AFs

XF LRk EiE ) AF=3 AF=4 AF=5 AF=6 AF=7
SNR 1.38 1.87 2.18 2.37 2.49
L -SENSE HFEN —0.0157 —0.029 6 —0.0427 —0.054 3 —0.0609
SSIM 0.009 5 0.015 6 0.020 9 0.0251 0.027 9
SNR 0.85 1.18 1.40 1.53 1.61
TV-SENSE HFEN —0.013 1 —0.020 8 —0.027 5 —0.0321 —0.0357
SSIM 0.004 0 0.006 5 0.008 9 0.0101 0.0111
SNR 0.66 0.93 1.07 1.15 1.19
LpTV-SENSE HFEN —0.009 7 —0.0147 —0.018 9 —0.0220 —0.023 4
SSIM 0.003 5 0.006 0 0.008 1 0.009 7 0.010 7
SNR 0.99 1.16 1.23 1.33 1.42
SENSE-LORAKS-TV HFEN —0.0057 —0.009 8 —0.0143 —0.017 8 —0.0216
SSIM 0.005 5 0.007 6 0.009 2 0.009 6 0.010 3
SNR 0.52 0.95 1.20 1.32 1.30
STDLR-SPIRIT HFEN —0.009 7 —0.018 7 —0.024 8 —0.029 3 —0.029 7
SSIM 0.005 4 0.009 0 0.0115 0.013 2 0.0131

Fa M 3~5 65005 B — 45 18] bR SR A A0 — 4 S HT BE ML 3R A B R 2 Dataset 1 B R B 5 % E # B 4 # SNR,
HFEN L% SSIM 3t Eb
Table 4 SNR, HFEN and SSIM values when reconstructing Dataset 1 from the undersampled data based on

1-D uniform undersampling and 1-D Gaussian random undersampling patterns with different AFs

o - : 1-D u‘niform : : 1-D Gaus%ian random :
AF=3 AF=4 AF=5 AF=3 AF=4 AF=5
SNR 19.53 16.20 13.93 16.65 13.90 12.58
L,-SENSE HFEN 0.202 5 0.298 5 0.4254 0.297 5 0.429 6 0.5210
SSIM 0.9311 0.883 2 0.8429 0.903 1 0.852 7 0.829 0
SNR 20.99 18.23 15.79 18.50 15.55 13.95
TV-SENSE HFEN 0.169 5 0.247 4 0.344 2 0.2313 0.3459 0.427 0
SSIM 0.949 3 0.922 5 0.892 9 0.930 8 0.893 4 0.8720
SNR 20.96 18.90 17.07 18.91 16.55 15.00
LpTV-SENSE HFEN 0.168 1 0.2217 0.287 3 0.2153 0.299 9 0.368 9
SSIM 0.946 1 0.923 5 0.897 6 0.929 9 0.895 2 0.8750
SNR 21.09 18.94 16.44 18.99 16.18 14.62

SENSE-LORAKS-TV HFEN 0.154 3 0.209 9 0.3117 0.204 8 0.307 4 0.383 7
SSIM 0.946 8 0.926 1 0.893 5 0.934 3 0.896 9 0.876 0

SNR 21.11 19.16 17.70 19.21 17.04 15.84
STDLR-SPIRIT HFEN 0.181 5 0.230 4 0.2755 0.2190 0.289 6 0.336 8
SSIM 0.946 8 0.924 7 0.9059 0.933 8 0.904 7 0.891 5

SNR 22.51 20.10 18.19 20.42 18.11 16.83

NLR-SENSE HFEN 0.137 8 0.199 2 0.2552 0.1856 0.256 4 0.296 2

SSIM 0.960 2 0.936 6 0.914 3 0.944 4 0.9115 0.8957
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Fig.6 SNR and HFEN versus the iteration number when reconstructing the Dataset 1 based on the 2-D Poisson-disc

undersampling pattern and 5-fold acceleration factor using NLR-SENSE and NLR-SENSE-baseline algorithms
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Fig.7 SNR value for different parameters u, y, and y, when reconstructing the Dataset 1 based on the 2-D Poisson-

disc undersampling pattern and 5-fold acceleration factor
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