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New research advances in non-Cartesian parallel MRI reconstruction

Wu Zhenzhou ,Chang Yan,Xu Yajie, Wang Hui, Yang Xiaodong

(Medical Imaging Division, Suzhou Institute of Biomedical Engineering and Technology,
Chinese Academy of Sciences, Suzhou 215163, China)

Abstract : Compared with conventional Cartesian k-space sampling, the non-Cartesian sampling can enable higher coverage effeciency of
k-space, more efficiently make use of the gradient system performance, and reduce dB/dt to prevent to cause the undesirable human
physiological reactions. The combination of non-Cartesian k-space sampling and parallel imaging can further accelerate imaging speed,
however the artifact pattern in image domain would become much more complicated, which introduces a lot of technical difficulties to
non-Cartesian parallel MRI reconstruction. In this article, several typical non-Cartesian parallel imaging reconstruction techniques
including SENSE, CG-SENSE, non-Cartesian GRAPPA, SPIRIT and newly-emerging compressed sensing are reviewed, their technical
details, advantages and disadvantages are discussed. SENSE and CG-SENSE can achieve optimal reconstruction results theoretically, but
both of them are restricted by the accurate measurement of coil sensitivity distribution. Non-Cartesian GRAPPA doesn’ t rely on coil
sensitivity measurement, but can only perform approximate calculation for specified non-Cartesian sampling mode. SPIRiT combines the
advantages of SENSE and GRAPPA, and can obtain satisfactory result by using iterative optimization algorithm. Taking the advantage of
sparse transform characteristic of images, compressed sensing cooperating with existing iterative optimization parallel imaging method can
further improve reconstructed image quality, and it will be a hotspot in the future study.
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Fig. 1 Reconstruction flow chart of CG-SENSE algorithm

AR 2) b, - W EREE B Wk R R
I, g AR (O) 9 ZE M T 7%, 875 229 L) TE"DEI,
FHHA ] CC Frkierh LI T T —UGEAITHE, iX
ATRUAE L IR ES R R L' B 5T DL B
SR BERSIEHE B T, 45T R 1Y E $4E AT LR 4% 18 45 P
JERE A Sy M FFT @ 728 He (inverse FFT, IFFT) 2830 %
R, FFRF 5 AT AR R R FE R AR s Ol T R K B b A
FEoR S BE — S, F 45 3 3 5 A R 4 B0HE A 25 X I
W9 k23R E IR HEAT R AL RS IE D 483 S 1L 45
VER BB KR k2SR Z )5, E™ B4Rl LU FFT 48
T 0Lk P SURR P I AL S AR, T AT 4%l iE
SEIRARIN, 5 I T DL PR 58 3 A 1E 40 B4 T, 25 SR 3R [l 51
CG Fyk,

DAL B R IR 3 F SENSE Sk b1 R /R
AT LG B, 3 I [A) A dole o e R T e S B o
T 1 4 P 45 3 10 50U 2 2 ) 43 AT, 5 DU £ o 7 At 1R
B a2, BRAR T A it X 7E — SR R 4T 4 R
FLRCHERRAT | 40 012 7E 1 48 X3 N A7 78 35 K I 5 22
S AR XIS ARME AR AR AT AL A5 5, 45 32 X S
WL P U iy A Al T R E R KR 22, FRLEW
Folt 5 1 0] T £ VB R B AT B AR L SR R T
F GRAPPA A frE B A ML KR IFAT G E R
%o

3 Non-Cartesian GRAPPA

CG-SENSE B3k AR 1 kAL Ly ik, i f 1
Xof R I ) BTG (H Bk I () P R AR AR A X
AR AHEEZ R, GRAPPA B3k B4 k 25 () 5 s 647
LRMEARAE , OB AR AR, P AR 1) B ) i R i AR
4% . GRAPPA &3k Griswold M. A. 25 A ™ F 2002

AR, IR IERAG B 7Tz B R B X A
TR PRI U 10 73 8] 23 A 5 6L, TC T Xk 4% el R B F
A7 B H A5, HAZ O SRR b 2 ) b oROR B i S
AT DLSE 2o A 48 R B R 1 2 1 i AL A 45 ok 0l RLAS H
FESLIERE b, BF 78 A 53 A B4R T B X e ok
FIEER " A IR b 23 [0 R BE IO AT AR 2 Ty
%o

IS LR AE AR B GRAPPA B33 dc L B Y —
A, BB G B VERG TE H E OE T R R B
XF TR ICRAE b a3 0], oo SR A Bl AR SR B 2
() PR X 07 8 G AR [ S, PR O OE i 42 SR AR 1 A R E
(‘auto-calibration signal , ACS) [X 3 #l} & 75 3| /b &t JL4H 2%
PEMALRZRN 0] o AHRZ XS TARE RACREE b 25 oA
[Fi) 7 5. 1) A SR AR 0000 -5 AR 408 SR A 04l =2 1) ) R X o
KAL), RIS FORUE, X T 5 A0 1 R
R AR, MR A R A A 1 L R — X
DL F AR 2R %0, T AE AT 2 X 2 A R RO, i E R
R R Y 5 X — A R B G R (R A U BT 2H
B, AN B E v T R 2L, AT O B 2H 0 i R E
It HLAZ MR T30/ 38R 45 2 HE 0 i AR B0 Hi
=Y

Non-Cartesian GRAPPA 8 3k — 38 17 R £ — g 4%
FER B 251 ACS 225505 , AU IR R AR A i
U AR SRAT T AT 2o A3 A2 S TS R AR 454 ) A T
o B — FO A ZRAE AR B, LAz s ol ol 1 | 28
[F1] A € 1) RS HE 7 1) 0 1) — S DI, n 1] 2
B SR DX T 7, 334 DX P ) 008k =2 1) ) LA Sy 30 )
TR T R 2R SRAE A, PR 05 A BRI 1 0 1 6 &R
WL EARUAH ], an 28230 A XU B8 O, 3 FT AR A 8 5L
AL G B A , ALy R W AL A A, AR A
AR AR B



2000 & I £ ¥

38 %

B2 IR RAER non-Cartesian GRAPPA
HER R
Fig.2  Reconstruction illustration of non-Cartesian

GRAPPA with radial sampling
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Table 1 Comparison of various non-Cartesian parallel imaging reconstruction algorithms
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