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Compressed Sensing Magnetic Resonance Imaging Based on Projected Iterative

p-Thresholding Algorithm
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(1. Communication and Network Laboratory, Dalian University, Dalian, 116622, China; 2. College of Information Engineering,
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Abstract: Aiming at the problem of poor shrinkage of the soft thresholding function in the projected
iterative soft thresholding algorithm, a projected iterative p-thresholding algorithm is proposed. It replaces
the soft thresholding function in the projected iterative soft thresholding algorithm with p-thresholding
function, which will bring greater penalty for small coefficients and produce smaller bias for large
coefficients to suppress the noise and reduce reconstruction errors. To speed up the algorithm, using the
Nesterov gradient acceleration technology, a projected fast iterative p-thresholding algorithm is designed
for magnetic resonance image reconstruction. When the tight frames are shift-invariant discrete wavelet
transform and Contourlets, the projected fast iterative p-thresholding algorithm is used for compressed
sensing magnetic resonance imaging. Compared with the smoothed fast iterative soft thresholding
algorithm, projected iterative soft thresholding algorithm and alternating direction multiplier method,
simulation results show that the projected fast iterative p-thresholding algorithm promotes the
reconstruction speed and the reconstruction quality of magnetic resonance imaging. And the influence of the

p value on the performance of the algorithm is analyzed, and a suitable p value selection method is given to
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obtain a better convergence speed and reduce the reconstruction error.
Key words: magnetic resonance imaging; projected iterative soft thresholding algorithm; tight frames; soft

thresholding; p-thresholding
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Fig.2 Experimental datasets
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Fig.3 Recconstructed T2-weighted brain images with #7
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Fig.4 Recconstructed T2-weighted brain images with #10
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weighted brain images with
#10

tourlets

K 2R pFIpT A SR fifk 1 52 - i B RE R i =lE RS 6 09 29 i A 78, 3 3% 43 3@ &oF XF Lk ADMM, 7] T fif
pFIpTA 573 fif I s 45 SR & 8 . MR 7 W] %0, SFISTA Ml pFISTA #1525 [t ADMM Ay 5 % 2%
/N, HAR SO pFIp T A B 75 Wie SI0a i TP, 0 3 O v

T B UEAS SCHR R 0 EE A BIA TE AN TR SRR AT Y S R R EE R R L X R R AR R SFIS-
TA .pFISTA ADMM Hl pFIpTA M E @R 2247 1T b1, R IEAFRRER T B L EAGRE, S
B R 1% ,5%,10%,20% ,30% ,40% F1 50 % &5 0 R AR BAR , AR AL AR BRI . R 1TTLLE
HTE12,5%,10%,20%,30% ,40% F1 50% RAEFT ,SFISTA Fl pFISTA # & #% 22 22 A K, pFlp-
TASHAM 3P A LA E R DR ZET /N 7E50% REERT 4Rk E R RSB TR,

x1 TERBERTERRE

Table 1 Reconstruction error at different sampling ratios

Sampling ratio / %

Algorithm

1 5 10 20 30 40 50
SFISTA 0.470 167 0.402 184 0.203 772 0.143 989 0.100 681 0.073 241 0.053 232
pFISTA 0.470 440 0.401 429 0.203 206 0.143 459 0.100 166 0.072 677 0.052 842
ADMM 0.481 464 0.417 889 0.208 496 0.146 249 0.101 371 0.073 522 0.053 361
pFIpTA 0.452 582 0.355 713 0.185 486 0.124 564 0.089 692 0.068 322 0.054 022

3.2.2 plawyic#H
AR DA S 08 55 E p 8 0 ] 52 ) o A R R AR 25 . RIS ik p (40 1.0,0.8,0.7,
0.6 IF Ay St 2, p= 11 pFISTA. B 9 BTE B Fr 4L K SIDWT Fl Contourlets I, HUA 7] p {6 % 17 7Y
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