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PF-FICOTA-SENSE: An MRI Fast Reconstruction Method

LI Jian-Wu? KANG Yang? ZHOU Jin-Peng'

Abstract How to realize rapid magnetic resonance imaging (MRI) is the key to the development and applications of
MRI. The existing rapid MRI imaging technology still has much room for improvement in imaging rate and imaging
quality. Based on Contourlet which is used to transform the sparse representation of magnetic resonance images, this
paper proposes a combined MRI reconstruction method named PF-FICOTA-SENSE that is combined with the traditional
PF-CS-SENSE framework. Considering the combination of MRI sampling mode, the symmetry of the low frequency data
and Contourlet’s ability to express curve contours, a fast combined MRI method for direct zero-filled Fourier reconstruction
of low-frequency parts is proposed based on the proposed PF-FICOTA-SENSE. The contrast experiments show that the
proposed method can achieve better performance in terms of MRI reconstruction speed and reconstruction quality.
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LU K
A
v 1] \ /
LM i L
STRERCHE AT (A
AIIAL
Y
FICOTA i
o Tk
\i
R
I i ‘
SENSE SENSE
ol i
> R [
\J
Wi

9 JETHRIEA1A MRI HESLH) PF-FICOTA-SENSE
Fig.9 PF-FICOTA-SENSE based on fast combined MRI

framework

3 SLOEERGER
3.1 IR

Ry L B SR (R A AR, AR SCAE Y S 5 A
R — AN 8 I Sk AH % PR Lk e (2T
JEfE = 1.7mm, TE/TR = 11/300ms, FOV =
18 x 18cm) 4= R FF 11 45 (1 )2 1h £ #8 %, % 3-D
MPRAGE #(#E4EH Lin $efitit=st,
3.2 FiELEE

T RAIE T AR T R, B e A R
FEMIE N TR Rpp = 16/9, FFAT RFE I A 1
Rp; = 2. AWML 3 E & Fh I BEALARCRAFE CS i
T Res, SRBORFEM A A INE K T Rror =
Rpr - Rpp - Res, HHE Rpgra MRS DLT, &
AT i S B0 A 56 BT 4 H AR TR AE 42 PR-FICOTA-
SENSE DA K s 44 MRI HE S AE g I ) L&
A 5 e 7 T TR S R R

A 3 ¥ PF-CS-SENSE #1 PF-DTFCSA-
SENSE P /MEERIVE N 5 AT 0414 MRI B

'http://www.nmr.mgh.harvard.edu/~fhlin/codes/mprage_
8ch_ slicel.mat.
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T L shrdE. Hoh, PF-CS-SENSE J& 2012 4EHT
P 0 A e PR A ST L JFAT AR 2 A H i B AR A
A& a4 MRI BB 1 PE-DTFCSA-SENSE
R XU A /N 5 I\ FCSA Bk, R8s &2
e LA S IFAT UGB, BT Hh 16 DL T 3t Jo
o 4 I R] (R 4 A MIRT BRI 30k 52/
WA A AT — I 45 4, 2 3k T I AN S XU
T PEP ARSI, FCSA ka3 FISTA 5k
X A 53 B 7% (Composite splitting algorithm,
CSA) #EAT I P th . b4k, % & # FCSA
LA T FICOTA B4 B8 PR iy v S 2,
A sz i % B Complex DT 4 PF-DTFCSA-
SENSE )% ii 28 #, Bl PF-DTFCSA-SENSE A
PF-FICOTA-SENSE 2 [ii] LA 1 5 i) H 28 ot A Ay
AR %

TEA LIS FRAT G I #E vh ) 38 o SR AR AH AT 2
B 77 1) F 0 R 32 2% K ok v S5 S 56 P o 1K) 2k Pl
JREE, HbAh, FEAERME L 8 JiE AR K 2% 4L
P SoS (Sum of squares) MHH#45 KK R, It
FH—46¥ )5 2 (Normalized mean square error,
NMSE). #H¢ 5%k (Correlation coefficients, CC)
DL IG5 e b (Peak SNR, PSNR) %5 REFRAx,
HrhH— A7 2R g BB 5% s oy
R ER, it AR RN:

Z |Ireconstrution (IL’, y) _ Jreference (;)37 y) ‘2
2
Z |Irefe'r'ence (l’, y) |

NMSE=
(12)
3.3 EWERRSH
3.3.1 £F Contourlet BY2H4S MRI

S ) N AR AV EL PF-CS-SENSE #i1 PF-
DTFCSA-SENSE, [A£EH, & 7 4R 1F 5256 1) % 0

SoS T P {4 PF-CS-SENSE

)
w
&

YE, Feli12 % PF-CS-SENSE (f) sz s, 7 2%
[X (Region of interest, ROT) X} =% ) 5 @ 2R
HEATXTEE.

ZHRE: 1) KB 7, 225 Rrow = 10
K RTotal =6 ﬁﬁf;’;%, *HE‘Z:H’IJEX RCS ~ 3.2 %D
Res ~ 1.8; 2) H4g B A HE 2 BUE, X T FICOTA
Sk, BEE Ly JBAUE 8 = 0.0015, X} T CG 5k,
W Ly JBBUE B = 0.005, TV BUE o = 0.002,
XF TR SN, W Ly JEHBUE = 0.015, TV
BUE o = 0.001; 3) EACKEL, CG EAR 8 Ik, FI-
COTA LK DT-FCSA %48 50 ¥k; 4) ROT 4%,
PE KIS Tk 160 x 160 K/ ROL S5
gE AN 10 F 2 Fios.

MELE 10 H = PR E g g R, N
J5 T K %E, PF-FICOTA-SENSE ()% H1 45 5 s AL,
I LGS THT 28 40715 R F0LA5 R0 5 A i A

ML gt AT LLE #): 1) 5 PR-DTFCSA-
SENSE i, PF-FICOTA-SENSE 7 & i it & )7
THTE SR AL I AR, (L AE ) i) E BTV FE; 2)
5 PF-CS-SENSE #fl Ik, PF-FICOTA-SENSE 7£
R T S T A RE LS L, it T CG
SV T S I TE] 1 G (SENSE 5351 Homodyne
SIEAR S SR AR, TH S [R) ARG s HLAg /b gt
Tt CS g 3l F ) 8 A B 1 . CG B
TR BRABATIE Ly ATV A0 1E AR,
HEE S LR FICOTA &9k () i @i 4 18), PF-
FICOTA-SENSE 7 5 gt i (] Jy A7 A — e A
A BRI, S IE K 8/ N, PE-FICOTA-
SENSE [ 5 g J5it 5 {0 #5AH ) JH: 4% Py R 28 5 o ]
3.3.2 HiRAE MRI

SEU R ) LN S A A MRI HE4E PE-

PF-FICOTA-SENSE

PF-DTFCSA-SENSE

Bl 10 =FRriEp e sh R

Fig. 10 Experimental results from three different methods



5 147 Zdilts%: PF-FICOTA-SENSE: —#f MRI s 54 5 7= 905

®2 ZRINEREENEREHEL (ROT)

Table 2  Reconstruction performance comparison (ROI) on three different methods
PF-FICOTA-SENSE PF-DTFCSA-SENSE PF-CS-SENSE
g N SFLCT Complex DT Daubechies-4
FEE I (s) ~150 ~120 ~150
CC 0.9825 0.9816 0.9779
Rrotat =6
PSNR 75.1207 74.7429 74.1084
RCS ~ 1.8
NMSE 0.0033 0.0036 0.0041
CcC 0.9717 0.9724 0.9557
Rrotar = 10
PSNR 73.0758 73.0504 71.1287
Res =~ 3.2
NMSE 0.0052 0.0053 0.0082

CS-SENSE, fEWFHEZE N, BSR4 MRI HESE
5 5] O\ BB 2 B o g ) P 41 A MRI AE
B35z PR-FICOTA-SENSE. PF-DTFCSA-
SENSE L}, PF-CS-SENSE = iR 70 He 42 (1) % fig
SR B plih, 7E ROT WIEATXF = # MR REIM EL 4.

ZHRE: 1) IR T, 250 Rrota = 10
M Rrora = 6 BEATSEES, XN MU Reog ~ 3.2 Fl
Res ~ 1.8; 2) W47 BANE @M, T CG Hik,
WE Ly JuBBUE B = 0.005, TV BUH o = 0.002,
X DTFCSA, W HE L JwHkUE 8 = 0.015, TV
KA o = 0.001, % T FICOTA #%, WE L, 16

RTnml =6

PF-CS-SENSE

A

K11

PF-DTFCSA-SENSE

HBUE 8 = 0.0015; 3) &EARKEL, CG &R 8 X,
DTFCSA L& FICOTA %48 50 ¥k; 4)ROI ##%,
PE KIS 160 x 160 K/MAX IS ROL 4 T
TR, FRATAL PR frf AR pos 41 A& MRI, Al
J5 SR Bk )5 A () PF-CS-SENSE ZH & HE 42, Szt 45
Rl 11 DR 3 FIFk 4 k.

WS 11 Hp R R A o g n g, PR AL A
MRI 5 Ji R HE B2 7T o 4 oty 1+ 4 4

ML g AT LUF £ 1) R AE
MRI HEZL 2 &, 7 5 o it 2R il 7 2L 3 1 )
I, BEAS 4 AT — 2 T TR]; 2) SRR ok

PF-FICOTA-SENSE

SRR 5 MRI S8 S5 R (Rrotar = 6)

Fig.11 Rapid combined MRI results (Rrotar = 6) of three different methods
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Table 3  Reconstruction performance comparison (ROI) on fast combined MRI of three different methods
PF-FICOTA-SENSE PF-DTFCSA-SENSE PF-CS-SENSE

HAHER J5R Pz J A PRI J5 R Pt

A1 (s) ~150 ~T5 ~120 ~60 ~150 ~T5
CcC 0.9825 0.9824 0.9816 0.9815 0.9779 0.9779
Z::i;zls PSNR 75.1207 75.1079 74.7429 74.7293 74.1084 74.1021
NMSE 0.0033 0.0033 0.0036 0.0036 0.0041 0.0041
CcC 0.9717 0.9717 0.9724 0.9723 0.9557 0.9557
Ij;;:;z 120 PSNR 73.0758 73.0670 73.0504 73.0384 71.1287 71.1277
NMSE 0.0052 0.0052 0.0053 0.0053 0.0082 0.0082

F 4 =FOVERMPEA S MRI WEEEMEEL (PSNR) #ik% (ROT)

Table 4 Peak signal-to-noise ratio (PSNR) loss rate (ROI) on fast combined MRI of three different methods
PSNR #i% (x107%) PF-FICOTA-SENSE PF-DTFCSA-SENSE PF-CS-SENSE
Frowr =6 1.7039 1.8199 0.8501

Rcs ~ 1.8
o =10 1.2041 1.6427 0.1406
Recs =~ 3.2

F, PF-FICOTA-SENSE /=4 145 K 2K T PF-
DTFCSA-SENSE 1) £ Z 5 H{E T, Contourlet 4%
o B TR 2 K25 )b A e O AT 2 1 2
AR Ay (B, ML AE dh 5 3 T B A R A A
R i PF-CS-SENSE 7 HR 21 & MRI AESE
A7 FH T 2R 3 L A i R I, 2 B LA AR
FUER R EAR, A THALRHN CG HikHg
S AT A

4 LERIE

Rl LR AR AT 97 5 e P DG e ) 0 2 1A
JE 5 AR TR DA KA A B0 B U A P 2
M ER  FEAT BB LA B R 4 I A B = REAE
MRI B0 s a7 (R Al Jir A =35 A B 45 & v LA
KM 4 R FERE I, SBU I PRR AR 1 H Y. 7R
Y14 MRI [ 5 B Ry, AR =
G GEA RS R O A R IR AT R I R R
DX 21 A MRI PR 78 2L A 1R K 8 ZE AN (.

AP T R4 MRI Jri%k PF-FICOTA-
SENSE, 1% J7 ¥ & ® H —Fi & F Contourlet [
SFLCT Ak 2 7 NCRAFE 8, 2 Ja A4l
4 MRI F I A H FICOTA SvESe. Fdi1im
RESEEGIGUE, AHE T IRGG A A MRI HESE PF-CS-
SENSE, PF-FICOTA-SENSE AV A& {4 1F 7 #
3 0 5 AT A BEAR (R R, 3 R A% AT T R I )
TR R, 58 R 1A T 3 TR A3, m] 7 A 4 o E
N FH: M T PF-DTFCSA-SENSE, PF-FICOTA-

SENSE AR 7E 5 gl i 0] 5 THUFER 58 A {HAEE d i
7 THT AT HRA (R0 R B A

Wt — 2 4F PF-FICOTA-SENSE it F, FeA]
MARH T —Fpbg 4 A MRI HESE, Z PR HHE 4 nt K
28 [ (R PR AR AT R FH P JF 58 1 el L A
SEYGUE B, AH LG T SRl R 416 MRI HESE, B
PRI 2L A MRI HESE REAS 71 CRAUF 55 8 i 40 R 10T
HARMRTHE T, i S ().

FHEE I A 18 730, BATT 38 ik 52 56 UF W A S i
i PF-FICOTA-SENSE LA % ¥ 41 & MRI
HEE 87 o g b [) R B 5 0 T3 e A AL 1 %
3.
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