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Abstract

Magnetic Resonance (MR) imaging is an advanced imaging method, its special imaging method leads
to a long time to collect data, easy to be disturbed by noise; by ignoring part of the data (undersam-
pling), the acquisition speed can be improved, but the image resolution will be lost or image artifacts
will be generated, resulting in image quality degradation. In recent years, Plug-and-Play image res-
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toration has been widely used in natural images because it can flexibly handle different image res-
toration tasks. Inspired by this, this paper proposes a deep learning-based MR image reconstruction
framework, which establishes a deep denoising prior by training a convolutional neural network
model and embedding it into an alternating iterative optimization algorithm to implicitly model the
image prior. To solve the problem of noise and blur in undersampled MR image and reconstruct
high-quality images. Compared with other advanced algorithms, our method has better competitive-
ness in MR image reconstruction.
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1. 518

FEBE G, BRI AR AT A T 25 5 52 BIAS [F) R ANAS [R) R BE F) g 75 B2 [1] [2]. MIRI 52
— SRR UG T, SR OB IR SO B, B i TR AR (ARG, BR TR BN S R, R
M SR 5 A I8 FT Re it BB, TR 7 BB RO &, BN RELE™ AE R R sfe,  fife
EWr AT ANA TS AR AR AR N AE[3] [4]. DR, IR EMECR AR, T BR EHR EE R e A A e A A O R AR
RERHE,

AR, RES S AR & — o KRN A T E[5] [6], A4 M 4% (Convolutional Neural
Network, CNN)FIAE BTGP 2% (Generative Adversarial Networks, GAN)7E V2 ML 2824 S £ 55 H LS T
JedkPERE[7] [8]. BARBHZE W 2% i T~ REAT R F2 IR 38 BURAFAE T 3RAS T 8w (W Itk e, 7ER 2 R
oz REH[9] [10],  RE S AR L My BRIk S APy s

TR B R A AU (Plug-and-Play, P&P)H 3 BB AR AF B T AR /) 53, s % U5 1 3fe 1%
(Alternating Direction Method of Multipliers, ADMM) [11]F12f — & J5 4 %4 (Half Quadratic Splitting, HQS)
[12], AT LAyl Ab B TR SR B0 00 [13] . filt, KT P&P ERIRE M TAELRWI[14], ZMpA AT PARE A
HE SRy 5 TR A 1 7 v B MG S B SR A v 22 38 e 0 2l ik B A R AR R 0 IRVR B2 CNIN X 2% X 1 3
o] LRI, IXMRFERT T P&P MRS R AT AH 2 KR #4 [15]. SR, ERAR STV EE KK CNIN 57
TEEHAG B K, (HZ A I P&P MG 77 ik B Tk = 608 1 R MR S 56 T PELAS 1 o MERE . Bl S,
Zhang % \[16]KR B 2 SI R 5] NAE Ry e, 78 HAREUG S b3 R LFH R A .

Z PRI R, AR T — PR T UREE S ST MR MG E LY, HE A8 I S e B RS A
AR CNN BB BT IRFE LW Se 0, 91N P&P A B A AL S A0 B B R HLH],  L#ER MR
BEEFR) LM, LSRN, HEH R EREIR, EEEAERR R E R R R

2. XI1E

P&P V15 B SRR MR A G 1Y) AR BEIAG0  rp p T2 FIFI [17] [18] [19] [20] - Danielyan %5 A\ [21]
FIFH Nash 474 5t — Rk A RS 2 08 BM3D (IDDBM3D)J5 i T B4 448 Venkatakrishnan %5
NI T 28—/ e BN “P&P SE58” M TAE. fEULZ /T, Zoran 25 A[19]tHH23] T 2L R

DOI: 10.12677/sea.2022.115107 1048 Bk TR B


https://doi.org/10.12677/sea.2022.115107
http://creativecommons.org/licenses/by/4.0/

Bk %

FHEDAHEAR, b, SR HQS Sk A T MG 2. 22881 Chambolle 25 \[22]1# /] T ADMM F1 HQS
MR, RISRE0 T HE SRR AR s DU S 50 100 Teodoro 5 A [23 R4 2 i TR A 5 AL (GMMY) 2
FHENE] ADMM H1,  DLSRARE MR 25 B0BI A R 4 g ) i . R X e VETE R B B — R e, Hd
FE FRE AR . P&P KM E B EE T LUB I B Mo nt, 2 RS0 IR S S B, 3
TR () 7 VRN R AT T AN REAE 34 [24]

B IO 265 5L T ARRE T B RO SR S TR P 2 S BRI R e, BT CNIN g 2 A B 7 2004 45 U TR
I T RIFpIPERE[25] [26]. fEMLZ )G, —FRFIET CNN B RIHERIH B g TR g3 i [27] [28] [29].
Bil4n, Romano 25 N[27142H T A TNRD 228 Reag 0t 5 248000, Tirer 25 A[28]#2 4 T A IRCNN £
sE 2% (305 AR L M A S ) B35, PR 2 R MR o B0 3 B0 D 0 45 T AR TR B 2 ST R AR SR A e 56
FME, B J792:[30] [31] [32] [33]45 7Y 23 4d ] DNCNN B IRCNN. DNCNN {1y 25 e S 56 A 48 75 Bk
EIEARA BRI A NI M PERE, IR 4 . IRCNN 2B B AT DAKL 332 (e 7 K, {5
BN S R 7 KT BASR RGAR BE  EREEN BT, B A R R A Y %2 FFDNet [18],
B AT DA IE R M R K B D N SR A B (R R K P, fH Sk 2 A vy B 4 B R A AR A R
Zhang % A\ [16]F] A 4# F (1) U-Net [34]1F1 ResNet [35]3E47 4244 58115k kit FFDNet, 7F H A BG4 FE A5
RS, AAHARR AR B G AL B L.

BTl ARSCHESCHR[16] 80 FnbAsod, B —MA T MR E%EUGE G MR E S IR, iR
W2 EHAR R B R, RN —AN B EN RNk B 2R B S, B SRR T H SR eSS
AR T 1EAH LR MG 22 M R 7 T B8 A I 5e 4+ /7, TRl BEAIVERE B IR IF p s .

3. FEEig

FIAT, U-Net BB BRI A U 78 o) 2 BOBR, ResNet fE I o F6 Bk R R Dbt 2 1
KM, 254 U-Net £ ResNet FIZRVAENE AT LLAESLAI A il 4R 2[36] [37], #, FRATRILZHLER L F
U-Net 7, DUE A IS B R BRSO BV 9N, DLSEEUA RO £ ot it . BEAN M8 454 2 i CNN
A P&P TTEW AR AE 3.1 5% EF W45 K CNN BRUHEAT A s 3.2 55 B4 B F 77 VA EA T T 224
9 3.3 TR T AN AR A .

3.1. EFMLE

ARSCATHR B g B R ] 1 BR . BRATTIBE AL e gl s — A Kb B AR P K, BN B A
B, BEJETE 2 x 2 3B KAEF(SConv) N RAEFRT 2 x 2 #: B B F(TConv) FRAEERIE Z IR — AN iER: . B
—ERENE, B EREIEE 5 16, 32, 64, 128, 256 F1512 . EHCR TiESL Tk 2B,
BANREGAE —A Conv BUEREL, BTXF T MZERIMZE, 22 IR Rz K T8 2, X v B2
EHEH Y, SIRAIERTA Conv. SConv Al TConv 2 #89% A Al F 1w B 1 .

Conv
Conv
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Figure 1. Deep learning-based MR medical image reconstruction network architecture
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3.2. BMERPRAS %

FESCHR[28] P PE4AA 41 T BREN I 7%, — oL T, R B H A2 M BT Ve = T3 ) ]
%, mAX(Q)FR-

b @

( )
o, x AARFIRIE L, y ISR, H 2N RHERE, n 9t e 7 55 (AWGN), 7(x)
I A5 R A R AR AR AT AL (05 2UAS R R PR B ARAT 55 AR L, AT A2 SRR T 2RI B
B, G H R — DR . JUTPARATIRE x BIT7 3888 LA o B (ORGSR A, e e 30
LR MU A R ER RN :

)+
HX

f (%) = |y - HR +5(%) @
Sorb, OROULASR, ||, MIKIGHR, AT, FURPASRAEL, P&P It i ML A .

ming, 1(X)+ Bs(V) s.t.x=V )
e 1R 22 zlly HR R AR R EEETR, 1§ R ES%, (AR B RTA, E

ADMM[11]1“&—/\1#“&1‘%&)%Elﬂuﬁﬁ%zruﬂ%ﬂ, HIF

L, =1(%)+ ps(7) +u"t —|| il;
(4)
=1(%)+Bs(7) +5||>”< v+, ——|| I

Horb, u EXHMEARE, é%u RAFBEAL R, 12 ADMM LTI 24, ADMM SLEAELL T =AER
AT IR A E WS
X, =argminL, (x,kal,ukfl)
v, :argv_:nin L, (%.9.0,) (5)
Uy =ty +(X V)
shian(@)MmeE), NE:

X, —arg m|nI —“ vk -

v, = argvminﬁ“ %, +L]k_1)—\7“z +5(V) (6)
U = +(% —V,)

S(X)/EIEIELEFE D (- 0) REEE M, 8, P&P JVEANFEAEER A HIR € S50 sk EL s(x), T4
MHRAIR WA 1 . P&P JiikEms R MIAAN, X8 F 2R P&P BEMS IR M il ik I %, LA
Ll BB EIEN p A A .
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Table 1. Plug-and-Play algorithm
= 1. BNHERENAEE

2 1: Plug-and-Play (P&P)

BWN: Hoyo, £MsssmD(;), hlE. y=Hx+ne~N (0,671, ) Fl x & —ARmMES, it dR B
D(;) #85E.
Wit XX x T,
B U, NRIAGAL, U, =0,k =0 &xt BRI A wIaa1L
While stopping criterion not met do
k=k+1
=(H™H +2021,) % (HTy + 202 (¥, , -4, ))

Y =D(%, +UiyB/2)
l‘]k :l\jk—1+()v(k _\v/k)
End

R=x

3.3. BMNWEE
RFT N, UG E R — /N, 7RI AT, TR R A IR AR 2 R A (A1 A# [38] . A DL 3t £
KFE, I SRR SE %A T (Maximum APosteriori, MAP) R DA#3 3] X .
X =argmaxlog p(y|x)+log p(x) @

Horr, log p(y | x) s WME y IS EUBAME, log p(x) Fa TR x 15E5%, JFHSBLER Yy T
AT AT LE TR IR

% =argmi 12 - (x)||2+/1R(x) (8)
X 20'

AR T My - (0 RIS E00 2 80 TE IS AR (x) S
B o T IR IR SR TR A3, RANBIN T — MRBIER 7, 8] MR 2

- (x)||2+ﬂR(x) st.z=x 9)
JE I M AL AT DA F)
L (% y) =y = () +4R(2)+ Sz (10)
Forbr, w2 —ANMETIE 1. A DLERE AR e x Az BRI R, RIS OR AR AR AR R A E
% =argmin[ly -z (x)|" + wo? Jx -z Q)
2, =argmina—— |z +R() ) o
2(J/u)

O3 3 (LL) e Bl TR e 56 TR R D9 3 RS B 1 1) . Bk, 22 3(11a) 9 H 2 3R 3] 7, FO o £
HWHEA - ANPER AR, BORT o s T DU A BEORF S (L) )1 RO I 7S KT A e [
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TR X o DRIE, AR T K RS AT R DA RS BAAR RO A (8) . N TR AN IR, FRATT
¥ (11b) B R

z, = Denoiser(xk,w//l/y) (12)

G FATHIA CNN i RIE T GPU A e A3 FH IR K PR B2 ) 24 A8 e 0 55000 s, 27 21 B — 1) CNIN

LGB (12) RN SETEZ:ME CNN Y, SINE ShiEBILH B &GS, REA Rk
P&P A7 AE IR 6 AT 359 IR (B3 P 15 S AR (R RSRYA 1 4 AT 25 ARl B AR ARS8 o R A

y=Xx®k+n (13)
Hrr, x@k R T EE S B 45 ORI SR T T B, WEEIA K 11(a)
RV SUSE
x = ! F(k)F(y)+eF(z -1) (14)
F(k)F(k)+e

Horp, F() R F™ () FoR PO B4R {k (Fast Fourier Transform, FET) RS & B84k, F () &x F(.)
MR IR, v DU R R, ORI AZ k R R B A 0(14), BRI AL EE T RDRI . B TEA SVE S IR
L7 2 FizR o

Table 2. CNN-based algorithm
Fz2 BT CNNHEX

¥k 2: CNN-based algorithm

BN RERGIOER, BEIR Y, BIERIET, 8K TF o, EMIBRBRITES kK WA o, LK IK
B, B SHA

W HEEE .

Wi My BT 20, FEHE o, £ 202/

for k=12,---,K do

. 2 2
X, =argmin_ Hy - r(x)H +a, [x -z,
z, = Denoiser (x,,0,)
end

4. SCHSTHR
4.1, BiRES SIS

NZREHE . FRAT 1 H R 1 MGH-USCHCP19 A 33 FE [39] i K ik UG A A 2Rt &8, KA T1
B =4 MRI R MPRAGE, B & I [7] TR = 2530 ms, [A] & i 8] TE = 1.15 ms, [ &1} 8] TI = 1100 ms,
7 %% BW = 651 Hz Px-1 7E7H [ ]-F Skyra3TMRI ¥ & (i ] FBRI7 ik 7 &=, FEE R IR224R). i 35 4%
W RDIR I (0 I ) AR il — A 6125 sk B EHR R (A 321X 7= A4 175 k1) W TRk Eg,
LK) 256 x 256 1R BT I T RIEH] 128 x 128.

DREARE 58— PPl S50 A A ) M BB IR R A 53— A2l . A i 4%
t2 AL MRI SRAE WYL SPACE, TR = 3200 ms, TE = 561 ms, FOV = 224 mm x 244 mm, BW = 744 Hz Px-1,
EPE T Skyra3TMRI & F, FFKH %N 128 x 128 SRNAEA . szIbR 8], AR 25 T 1K1%
FEAS B 3 IR KL= AR FE
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SN FATE XS T UG RAT N RFEALBE, S8 5 RN FS 7K P2 o 1) AWGN KA Rsom 115 .
SEEGIEIE WInSCP Al PUTTY &4z GPU k4545, fH NVIDIA GTX 2080Ti GPU(24G)E /A 3% Pytorch HE4E
EsEP, Hodr, 222304 Se—4, 54X 200 4 epoch, W 25, Fi i 14 {F {5 1 L (Peak Signal to Noise
Ratio, PSNR){E AR VEM HE bR, F TR o A B iy S i ik, Al k.

MAX,
) K ()
Hrr, MAX, 2 #%7s BUR S s oRBE, | R KN m x n (S lyg, KO EITeUE, g
IEREL A SRR AP S G Y S/

42. KWHERSHH

N T PGSO IR R, E i 7 A3l WK I T AL R BEAT A, J0 il % W 75
B RORFERG K& A e ORI BB EAT L, W&l 2 P Horr, BRI E N 25, JORFEE
{5 IE R O 7 BEAT B (F2 % 40% 15 R) .«

W 7 5 JRRAEAS 15 ik 7 AR P15

PSNR =10log,, (15)

Figure 2. Examples of reconstruction results of this method

2. KX ENERZLER TS

IR FEIE T TR B, HR 5040 AC 3045 50 Sl R e 75 AR . RO AR R S IR R A W 7
Bg, FAo AR S m @ R . T LG, 78 b2 [ I A e 7 RSO g B e,
UEAE (508 L (PSNR)IA 2 33.19 db,  AEBSIR I Hu kb B R B A% A% 0«

UbAh, ARSCERE T 2R PR . SRARTH SRS T D) (an & 3 Birs) A KSF T A SRR T
(1) T2 ALY Fr (] 4 FroR) i i, 52t n 7515 (P&P [16141 IRCNN [301)#H T L. “our” FonAk
SCREH R, MR R R .

Wik 3 fn, AT TLIIBCFIE, A7 PSNR BE#iAF) 33.19 db, Lk P&P 335 T 0.51 db,
Et IRCNN #8325 7 0.45 db; 55 47 K&K, 2 PSNR Eb P&P 125 7 0.39 db, L IRCNN #E%41#25 7 0.12 db;
EEAT AR, M2, IRCNN () PSNR Mfigi 5, HAScrgzs 7 0.08 db.
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JRUEE R

32.59db 32 86db

32. 98db

33.73db 33. 65db

Figure 3. Reconstruction results of T1-weighted images with different methods

3. AEFETX T1MIEIGRHELER

N AT RATBR AL FE R, R T2 iAo G AT, Wl 4 Bros . WSS —AT I
BN LAE B, 230780 PSNR b P&P 7793825 7 0.92 db, Et IRCNN B3E3825 7 0.49 db; M
TATREARE T LAE B, ASCH PSNR N 31.23 db, Lt P&P 7325 T 0.05 db, Lk IRCNN #4925 7 0.18 db.

JEIE % Mg 75 ASUR R P&P IRCNN our

R

Figure 4. Reconstruction results of T2-weighted images with different methods

E 4. RNEFETX T2 MiXEGHNERER

31. 18db 31. 05db 31. 23db

LR PR, TR ) A BN, ASCRTRER R RIFHISES . RAELE TLINBGEAR Bt
IRCNN F U {F {5 W LU B A SO VA M 2 1 0.08 db, (H TG IR FERE R BRMI Rl FEE L, AT iR R 585+ 7).
WIS BN, BEEBCD B S A O T AT ISR, AT IRCNN JHiEai b, ASO AR BEAN
PERE B RIS
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5. &

FEASCH, BA A 7T CNN [ MR B2 EGRE R L, 4580 BisMOUL AL, REmAE/ ik
AROE O A R IR, A RobE> TR TR 51N B 3R B AESERATHI T % P&P
i RS HUD . B SCIRIEY], ATRINEE KRGS . B S5 T 5 AR S L, ARG SES
1 AERARPEEFINGIEL T, T AT E R

E&WE

% [ AR R 3 45(11963003, 12273007); SKA 1% B (2020SKA0110300); £t /044 Bl /T (B RS
Fhfi-ZK[2022]— % 143); [H K H S A 11KI(2018YFA0404602, 2018YFA0404603); S M A#E THE
B A KT E (B #A KY F2[2018] 119 5); sr /K251 7E A A BHEEE 4 (57 K5 72(2018) 60 5);
BN KRB B I H (B kK B[2020] 76 5).
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