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Dual-Domain Tripartite Complex GAN for Compressed
Sensing MRI Reconstruction
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Abstract: Compressed sensing magnetic resonance imaging (CS-MRI) accelerates image acquisition by substantially
reducing the amount of data sampled in the frequency domain (k-space). The core scientific challenge lies in the high-fideli-
ty reconstruction of MRI images from such incomplete, under sampled k-space data. While deep neural network-based re-
construction methods have recently driven significant progress and continuously improved output quality, a key limitation
remains: most existing deep models employ real-valued network architectures. This creates a critical mismatch, as the raw
data from magnetic resonance imaging (MRI) scanners is inherently complex-valued, containing both magnitude and phase
information. Real-valued networks typically process this data by separating or discarding its complex components, which

hinders the full exploitation of the detailed structural features inherent in complex k-space signals, thereby limiting further
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gains in reconstruction fidelity. Furthermore, prevailing reconstruction networks often operate within a single domain (im-
age or k-space) or use simple sequential processing, lacking a sophisticated interactive mechanism that explicitly enforces
consistency between the frequency and image domains. This leads to insufficient and sub-optimal dual-domain feature learn-
ing, leaving potential performance improvements unrealized.To address these issues, this paper proposes an innovative dual-
domain, three-party complex-valued generative adversarial network named the dual-domain tri-edge complex generative ad-
versarial network (DualTri-CGAN) reconstruction model. Its core architecture features two principal generators: a k-space
generator and an image-domain generator, forming a comprehensive dual-domain generation framework. This framework is
paired with a real-valued discriminator that evaluates the authenticity of the generated outputs. Both generators are built on
a multi-scale encoder-decoder structure, enabling effective extraction and utilization of image features across different
scales, from local textures to global anatomy. Additionally, residual connections are integrated within the generators to ef-
fectively fuse multi-scale features, significantly enhancing overall feature representation. A pivotal innovation is the intro-
duction of a three-party adversarial learning paradigm. This advanced scheme goes beyond the conventional adversarial
game between the generators and the discriminator by incorporating a novel, direct adversarial mechanism between the two
sub-generators, fostering a competitive yet collaborative dynamic. For the loss function, alongside standard adversarial loss-
es, a novel similarity adversarial loss is designed. This specialized loss explicitly enforces consistency and alignment be-
tween the outputs of the two generators, compelling them to mutually inform, regularize, and optimize each other during ad-
versarial training. This results in superior collaborative performance and, ultimately, higher-quality MRI reconstructions.For
experimental validation, the proposed DualTri-CGAN model was systematically evaluated on the public information extrac-
tion from images brain (IXI Brain) dataset. Results demonstrate that, compared to existing state-of-the-art generative adver-
sarial network (GAN)-based models, DualTri-CGAN exhibits superior native handling of complex-valued k-space data.
This approach effectively avoids the reconstruction errors and information loss typically arising from the separate process-
ing of real and imaginary components in real-valued networks. Moreover, the synergistic benefits of the dual-domain gener-
ator framework and the three-party adversarial learning strategy collectively lead to measurable improvements in key image
quality metrics, namely higher peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM). Notably, even un-
der a stringent 10% sampling rate, DualTri-CGAN maintains a robust capability to accurately recover fine edge details and
nuanced textures in MRI images. These findings underscore the model’s excellent reconstruction performance, generaliza-
tion ability, and strong robustness, marking a promising advancement for fast, high-quality CS-MRI.

Keywords: magnetic resonance imaging (MRI) compressed sensing reconstruction; complex-valued generative ad-
versarial network (GAN); dual-domain generator; tripartite adversarial learning

Foundation Item(s): National Natural Science Foundation of China (N0.92470126, No0.62276139); Major Research
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Figure 1 ~ Overall architecture of the DaulTri-CGAN network
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Wit =
1088 g0 4 =€11088 g, + 651088, +¢3loss,  +¢,loss, (8)
Horp, ¢ ~c, B8 A5 A 101K 0T AL R 405 1088 g, M
FRABLE XS 451 2% R K5 loss,  loss,
PR
AR X e 408 2 3 2o o Ak AR s i 5 B 2
] 9 25 4 25 S5, 4 3 A s 26 X B I 2R h B T T ARG
B . SSIM Rt 52 B T LU BE | 45 A4 AH DL 1 46 8% 4k
JEE R ek o PR T o, G B T 5 ) i i s 1)
BERYE (L0, 1 DA —F . I, A SCHET SSIM A4 2
AEARLAE XoF B 43 2 ok £5

1088 e, = In (ssnv[ (GFFT(G, e ®)). %) )

“““““

+In|1- SSIM ( Gimag (x),it) (9)

SSIM(iFFT (G, (0).%)) +¢

HEHT AFFT (G e () ) 275 X =25 [ 2 10025 T 0 107
05 SCHE R A 00 R A B O S A 0 R R o R
IR — BN B gy RER 0

R T ARA 0SS i, » 9 26 465 (05T 1] T30 2o 27 ) i 15
X E5 bR B R A RE R B 1 R B R B 0. RRIR
LA TN BE SR | k-5 [R]FN R B0 s 14 BE
Y2 A7 Pk 3t 6 Brb i 23 - R TS OR, h fil B RO
HAERR 400 T 1, o B BN WS K. PRt 43+ (1]
PRI A: LA I B RO B ) B, 40 B (k-2 ) AE
i 0 H A AOR BB B 3G R BT OB A AR
) 3 4 XL R

NS PR =05 AR, 45 k-5 (] MSE 452K
loss, JEHRIKMSE 1k loss, VGG K loss, o

k-7 [8] MSE 41 2% loss, 71534
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loss, =MSE(k,.k, )+ MSE(k,. k) (10)  BRICAY k-2 [R] it 05 D 4 SR A A ] 1) %R R HE 5 45

FCrf, ke, Bk, 53 ) 361 B k-2 ) R LS -2 ) 0 5
s, Rk, 53901 2R 3 0 R

KGR 3 MSE K loss,,, FIl ] Ky, 1 X HE4T MSE
WK kg, %8 k 22 10 iFFT J5 15 21 9 PR {5 354

WA, AR S 30 2 HO A A A1 2 5 FR AR H
L, 5% o K, AT 208 i 25 R 0 TP S SR
WA EH], T B X — R, A S5 A VGG B
35152 1088, F g K ) T £, (2) FEAT MSE 2% 3
B o f e 727N TE ImageNet b FIZ5 T VCG16 9 45 pU A
B RRR | S () 03X 0 592 P BB B 3 0 A 4 B %
A o BRI R T 4 S X 45 1) 25 A SR R O ) o
J7 W HEAT A A B O A SO R 1Y) 0 % RN A
A LER
3.3 BE/igEmEmL

PGB P8 1) S ADE PR Losss 0 75 AL XS 47T
1K PR E 1088 ip, « P AR 0K PR (445 loss,, loss,
Filloss; ) LA K k-7 8] 4dls — Pk 45t 2K R 8 Loss , 1153

1088 1 1 =11, lossssimDGi +1,10ss;+ 15 lossiurw

(11)

+1,loss; +n5lossg,
vee

Forr, g ~n s Fon FoR AR T 2 8
AHARLEXT B0t 2k 195307 0
1088 mpg, = In ( SSIM (Gimag (x),)?) )

SSIM (iFFT (G (). ) | (12)
SSIM(G g (X), %)+ ¢

+In|1—

For loss e, B BT A (9) — 2, (H il T IEI&
B A B A A RO PR O R AT 0 L
e,

PN 25 401 2K 45 P 1% 38 MSE 481 2K loss, k- %5 [i] MSE
K loss,  FI VGG A 2K loss, o K153 MSE 45t
oK loss, B FH % F X 47 MSE $1 25 71-58 . k-75 [3] MSE it
Kloss, HHHN

loss;  =MSE(is_ e -k, )+ MSE(is; e -K;) (13)
iy e iy 5 B PR BRSO 2552 04 112
P 7 df J 118 S 08 I S R A

VGG BRI K Toss; , F T £ gq() il £ (%) BEAT
MSE 3512 H1 5 £, () 3525 0 P50 2 8 4 11 ]
BB AT A A

H AR IR AR B A 2B B0 PS5 28 2ok 3 e B o A2

| R RAE b-23 1] ke, 38 5 MAE 355 55 4 R kf k-3
[ fe BB, BIVRSCH — EPEAR 2K loss,,, E LN

loss . = %Z|l;unh—kh| (14)
h=1

Hrp n FoR BB R BEGR RSB R AR
3.4 ZSXMEBEEIEE

BEXT R G pRES, A SCR T =5 R AR A
PRGBS SE0 b Ak 19 2 I U112k A0 531 4 A
HELHE IS SRS DL A AR Oy S e U 2R
AN A A A I (R 2D DL ) ) g TR A —
AR AR S S5 i o R O Y Bl 2 (ke M AR I
RS LA o] B 2R s 5 00 00 2% 00 U1 2 %8 R, AT
YEHF = 18] T 4 TR 001, S IR RV BE Y B [
etk .

G, TEW IR ACAE T, 48 OS2 1l A 26 B
fRAEAS , SR 5 11 5 A A K BORE A AL AR AR TR B
A EH] 558 F il 5 — > epoch, AR 30 B i 45 S RHI
Sl e B A0 s FAE AR R 10 SR ME (1) o VB A
epoch JF6 , VL 10 RIEAC S — 21l 2k, A S U 2k A il
i (R SR BRI 25 k-5 18] 2 i, P25 RIS B
Az s 0 5 20— SCEE ¢, Ho 5 o
LHy
trained _group

total group/3 (15)

t=1,+0.8 x

Hr, trained_group e FN A TN IR 5 total_group
Fn HEE 32— E 280 R IET A SCA
Ry =AW ARAF U G B B - B B i

XA BRI R 52 5, 4304k B AN TR A2 1
i 00 Az BUREAS 5 40 W] 5L i SR REARTR G, IR A
e A B HD s AT R . S T S M R R
B0 7 1A ot s K= R N | EZ S O Y B PO o (TN
P TN REE R, ik 1 s, Hoh Il R a4
A5 k-5 [B) A s P BBAE Fiats A 31 45 | AR 408 0T 17 7
AR — AT ISR 530053 ) 2%
Xof k-3 [A) A ol gt R PG I A ol gt i 0 1) A B AR AR 1Y)
S S MR o F g, PR ¢ HL 2 01 H 5 3
BRGSO~ XG0 Day e <t & Ay <t
@ak_spm<t & ;> t;@ak_space>t & aimag<t;@ak_space>
1 & ay,,>t & avg_ind=(X.p,_g,.. ) <avg ind(X,y;.,)
® A e >t & @, >t & avgiindz(i,yk_space)>
avg_ind(¥. ) o W 1FTR Hpy " RoR g R
SR AL . OFR H 50 8 0 R AR R 24k sl
SRRV BN o A B U R =, BRE TR
00 J O AE D H s, B AR GRE TR 55, @R L B
TRXFPE L. @FOF LRI % avg_ind FAKAY
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avg_ind(x,,x,)= %E(PSNR(xl,xz) (16)
v=1

+SSIM(x,.x, )~ RMSE(x,,x,))

H:rp avg ind # 75 PSNR | SSIM Fl RMSE “F- 14 Ji 45

brsv B BB R RG] s Fm— DALk b BUR H &

B x, Bl x, 23 53R OR 2 5 1 A A EHR
(EASVE 2, BE 0 88 I ZR i AT, r 25 B

ZHE T R — EL A OMEL, A SCE o S

F W i 22 25 10 S 2k 09 F B % ) A ak T O RY

1E O, WRE ¢ DY R (E R 2 10 MR Z IR

R, B AT AR s A B0 2Ry J7 X

et o FIE L Th XTI RA MRy FE R R 1 45 1 iy

FIE N —H, R, N T A b A U TR

A 8 A2 L RE 0, N a8 19 S B R B Dy — AT R

BI040 50 o 1A 8] 5 A s R AS I ) 5] % ) Bk

WA T S 0% — B0 o 78 R U 58 0 1) 8 1 A TR

Jei o R 50 8% ) 2 BORSG (8, VR Ul R0 4 Y

H

i1 ZaadmiEEEIISEZE

N LSRR X Bk T

AR ALE IS G e G FIAEE D'

1. - gpace = Lo:@imag = Lo

2.FOR % in 1.2,---.T

3. TF ay e < to and . <t NZRFSIZE D

INGREMR IR TS G e
I k- 251V E S G pace

4. ELIF a; . <1,
5. ELIF a,,, <1,
6. ELSE

7. IF avg_ind(¥,_,,..-X)>avg_ind(;,,,,x) THEN

8. Ko Gpogee Oflagy o= 1 /AIZRR-ZE R IRAR G, e
9. ELSE

10, Xipe © Gie Ouflagi, = 1 IANZREURINE ES G

11. ENDIF

12. ENDIF
13. END FOR
F1 NgAFLEER
Table 1~ Training method truth table
F1 YL 1 Ol @6
b2 A VoY
IR IFRE | PRI V V
F 5 N

4 IBWERSH

7 G 3 BT S 5 56 T B R 14 A K
P, AR AR DL R AR R AE R (W110% ) T Y
HAESE RS LG, o A A R Y B O 6 A

SIS A3 BT A2 B AR 45 IR R R A S R O T M
SR AL
4.1 HEESSHEEE

AR SCAd ] IXT-brain MRI %5315 42 #E 47 90 2% 455 744 31|
MR . IXI-brain £4E 52 2R 42 H W B 5 2% 0 = B
B QORI 3T R 40 . 56 O B e il FH YRR 15T R 40
FIURS Bl 24 0F 28 BT 10 0 ] GE 15T Z& 48 36 3 Fp 4 4
0, 7E NITI-1 %5045 3C#F 4 51 4 “HH” “ Guys” #
“TOP” ik A B SCAE £ I LA X 43 o 78 XF HL ik 6 b, A S
40 I K B30 45 e 37 58 43 LM 28 (15T #13T) |, I 7l
SE NG, AT 56 GIE AR R0 X S ) S8 1092 Ak . BRIk 2
A ARSI T 2 AP L BE A9 IXT-brain MRI B4, 5
SIS T2 FPD, FfHEAT 3750 5 4, T K 4 FlOR [R5 1Y
YIZRECE o T il 52 3638 432k O A 5 38 5500 1E 17 56
WE . A SCH Sl 2 5K Tesla T4 i 347 ) 48 451
HIYN R 5K
4.2 JtEEsELE

Ry 4 TH 6 AR SC AL R 2 S BT GAN | CS-
MRI & 7 1 % (SEGAN | Recon-GLGAN , SARA-GAN |
SwinGAN Fl Dlgan ) i1 fig 22 55, AR U LA g5 Hh ik &
T 2R RFERLR REER 10% M T R IR R AE FI R FE R
10% W42 TR R FE . & 3 AR 4 TR T 45 B AU AE 4 4150
PEEE RN 2 Pl RAEE S FIOMRI KIS, #24AH T
A A R0 5 B AR PR R .

p & 2 T AT, A SCRE AL AE R R 6) EL L 375 1Y B
i A AU R R SRR B US T4 Nl E R 45 58,
IX 2 B AR 7 ok e 0 TEKS v b K 5 A TR B A 5 A
S R ) A R e A MR B R . DOE I
SIS 4E LM, SEGAN B HE A 4 S R AR , IR R S
P DX soxT b B A1, 7 55 X3 B ) M 7
S ME LA FEAR IS5 ) . Recon-GLGAN 7E 10% K %
FELAET , B 270 [0 0 25 550 A0 235 440 1) 30 A 1 B Al
W R PR B | T A A5 S A X a4 8 R RO AN T . A
SARA-GAN & MG, K 11 28 Ak 1) AR A 3% 22 1
BE2E, BN F AR 0 L AR, R ) fiE ) 45 R Y S
P£ . SwinGAN 7E 5 i 3o B 410 o] e PS5 S8000 6 T IX
BN E O TR B 2 1w H BLAS IR PR IR T
NG 74 22 T A4 1 SR R . Dlgan 8 2 1Y [Tl L L iS22
W EFUREREE AL B LR G WAL | 5 B AR E
EAE W A 22 , 52 I R 12 Wi e v o 7F TXT-brain %¢
Pt A 018 5 P A A AT G SRR B AR S B X F
MRI FE{5 3 1) RO T TR 2S48

h T B EAS [RI A A ) E AR, R 3R T AR
LT 5 ) L AL TR 11 7% 0532 B3 B (FLoating-point Op-
erations , FLOPs ) (#5028 & DA K #au ok 1% /4 9 BRLES
6] o PR 3 AT, A SRR 7R R R AR T B A A 1
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SEGAN

ReconGLGAN

SARA-GAN

SwinGAN
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Digan 0.150
0.125
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0.050 '
Ours
0.025
0.000
(a) T2 1.5T 10% #14] (b) T2 1.5T 10% ffi R /R
(a) T2 1.5T 10% radial (b) T2 1.5T 10% Descartes
3 S HUBERL A T2 X L Y MR E 22 &5
Figure 3 MRI reconstructed image of T2 contrast of the comparison model
SEGAN
ReconGLGAN
SARA-GAN
SwinGAN

Dlgan

anjeA Jou

Ours

(a) PD 3.0T 10% 1% [l (b) PD 3.0T 10% i ~/K
(b) PD 3.0T 10% radial (b) PD 3.0T 10% Descartes

4 XF AR R PD X EC B () MR 2 2 %

Figure 4 MRI reconstructed image of PD contrast in comparison model
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Table 2 Quantitative metrics of reconstructed images by various models at a sampling rate of 10%
Him fivhs PSNR 1 SSIM 1 RMSE |
Btk Cartesian Radial Cartesian Radial Cartesian Radial
T2 1.5T 35.1242.1 353125 0.785+0.05 0.813+0.06 7.75+0.48 7.10£0.50
o T2 3.0T 34.98+1.9 35.60+1.5 0.794+0.02 0.827+0.04 7.54+0.48 6.99+0.49
SECAN PD 1.5T 33.06+3.2 35.72+3.0 0.796+0.03 0.832+0.04 7.66+0.48 7.08+0.49
PD 3.0T 33.72+1.5 35.84+2.8 0.803+0.06 0.826+0.03 7.73+0.50 6.84+0.49
T2 1.5T 35.772.1 36.01+1.3 0.807+0.04 0.801x0.03 7.36+0.48 6.93+0.36
T2 3.0T 35.15+1.3 36.12+2.6 0.815+0.05 0.830+0.05 6.94+0.48 6.39+0.41
feconGLGAN PD 1.5T 35.18+3.4 35.1242.1 0.817+0.04 0.836+0.03 6.94+0.48 5.85+0.39
PD 3.0T 3522428 36.46+1.7 0.819+0.02 0.879+0.02 7.11+0.49 5.19+0.42
T2 1.5T 35.25+1.6 36.413.4 0.799+0.02 0.886+0.03 6.78+0.49 6.08+0.23
CARAGAN T2 3.0T 35.87+1.9 37.031.5 0.854+0.02 0.855+0.05 6.040.48 4.940.18
PD 1.5T 6.15+1.8 37.07+2.9 0.827+0.04 0.873+0.06 6.07+0.48 5.22+0.33
PD 3.0T 35.96+3.5 37.85+3.0 0.832+0.04 0.848+0.06 5.79+0.49 5.02+0.31
T2 1.5T 35.924+2.4 37.58+3.2 0.817+0.04 0.833+0.06 5.61+0.49 4.64+0.39
o T2 3.0T 36.32+3.3 37.87+2.2 0.899+0.02 0.896+0.03 6.09+0.32 4.31+0.26
SwinGAN PD 1.5T 37.12+3.2 37.74+2.3 0.906+0.03 0.8940.02 5.25+0.44 4.05+0.31
PD 3.0T 36.69+1.6 38.14+2.4 0.920+0.05 0.906+0.03 5.29+0.46 4.09+0.43
T2 1.5T 37.18+3.0 38.27+2.8 0.918+0.06 0.891+0.03 5.63+0.50 3.92+0.34
T2 3.0T 37.58+3.2 38.45+3.4 0.911+0.03 0.928+0.06 5.04+0.38 3.760.42
Dlgan PD 1.5T 36.87+2.8 37.83+1.9 0.932+0.04 0.895+0.05 4.99+0.47 3.85+0.36
PD 3.0T 35.9842.1 38.21+2.6 0.896+0.03 0.919+0.02 5.02+0.41 3.79+0.35
T2 1.5T 36.18+3.0 38.58+3.3 0.873+0.06 0.889+0.02 4.43+0.37 3.64+0.46
T2 3.0T 38.74+2.4 37.81+2.7 0.922+0.04 0.914+0.02 4.18+0.48 3.52+0.42
Ours PD 1.5T 38.87+2.3 38.61+2.8 0.953+0.06 0.944+0.02 3.52+0.42 3.33£0.27
PD 3.0T 38.09+1.7 39.0543.2 0.962:+0.04 0.9640.02 3.72+0.40 3.66£0.25

R3 BENEEREE RE SHEIRR E

Table 3 Complexity and inference time of different network models

e e e I —
ms

SEGAN 2.6 6.2 35
Recon-GLGAN 32 8.9 10.0
SARA-GAN 3.8 8.4 12.0
SwinGAN 18.0 12.5 100.0
Dlgan 2.8 7.1 4.0
Ours 2.1 54 3.8

TE I PR RoR 45 R i, TRl

[F] B, S BT B R ) Ak PR E AT R R A2 BRI R
FY MR [ 5 i 20k o g o FH B A R S 4
4.3 HEAKIN

H T B A SO A DaulTri-CGAN H k- 45 [6) A2 i,
g AR X BT A5 R R B SEARE Hnt Ei A R AR T A
BOVE A SCBEE TS R BT VR (1) ¥ k-28 A4 iR
B R A S I SN 4% (Real Convolutional , Real-
Conv) ; (2) A fff I AH (LM X Bt 4t 2% pR %X (Normalized

Structural SIMilarity loss , NoSSIMloss ) ; (3) % WUk A=
A5 0 G I R 2 A 8 8 20y 5 (Depth5) 5 (4) AN fifi I 5l
& B H (No Dynamic Threshold , NoDynThres ) HE:(5)
AN TR] 1) 52 B0 05 PR (Complex Activation Function, Co-
mActFunc) . DaulTri-CGAN fifi H () CReLU #f & e i
TEYEMBGIEZ M 550 (Modulus Rectified linear unit, Mo-
dRelu) 1 3& T il B 0918 1F 2 4 5. 70 (Magnitude-based
Relu, ZRelu) #E17 525, 76 3% 4 W0 43 551 & 7R & ModRelu
FlZRelu,

4 Bl S 56 {8 FH 52 %% BY IXI-T2 (Information eXtrac-
tion from Images-T2-weighted ) YR (R 17 30 K
A1) BEATIN . A5 T RS AR A R e S A 4 SR
1 5 FER 4 Fros e SCECR BRI T AR ) A5
TR B LR UE H 5 800 AL B A AR — B, 2R
SRRV IEMFE R SECGR T, SRR Y Y 1 A T
2 T2 B A, 1 W 5 B BRI S B0 oR R Ak 3
MRI 45 52 BORCH I HL A B0 1 SRAERE ) o MR RE AL
B F SRR T B B A A A O 7 TG T S 50
TR AR SCHE— 20 AT AAL T S BORE TR R & 0 ) i
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RealConv

NoSSIMloss

ComActFunc-ModRelu

ComActFunc-ZRelu

0.5

0.4
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<
02 &
Depths DaulTri-CGAN "
0.0
NoDynThres
RS A S R
Figure 5 Ablation qualitative experimental results
F4 HEMENESLERITLE
Table 4 Comparison of quantitative results of ablation models
i Ei) PSNR 1 SSIM 1 RMSE | GFLOPs Infer time/ms Params/M
RealConv 37.65+2.5 0.936+0.04 3.88+0.29 2.3 5.2 3.9
NoSSIMloss 36.89+3.1 0.901+0.02 4.05+0.34 2.1 5.2 3.8
Depth5 37.22+2.8 0.936+0.03 3.63+0.19 1.9 4.9 3.7
NoDynThres 38.12+£2.2 0.945+0.02 3.72+0.22 2.0 5.0 3.8
ModRelu 38.55+4.1 0.929+0.04 3.78+0.26 2.1 53 3.8
ZRelu 37.99+3.8 0.933+0.05 3.66+0.31 2.1 53 3.8
Ours 38.92+2.9 0.979+0.03 3.11+0.20 2.1 53 3.8

AR FE R BRI R B . S T EOWRIR , A SCHE A
By B B AR A B 2 a0 {8 LA e B R B, 0T 5
X N 4 SR R A A7 B0 A AR 22 3 T L, R R Ak &5 AR
6 i, RIBE 15 T s A A, AH A7 3 2 0 Ak 45
%mﬁﬁ‘E%ﬁz%mﬁﬂfﬁfﬁ%ﬁii@ﬁﬁi%&%

FRBE Y | 2 90 1 5 7 A PSNR 1 SSIM {H , LA & B3 1% 4
RMSE {8 . 25 BRARARL P 3 2k 201 Al 455 784, s HEAE SSIML 1%

(a) SEHOREAY & HE AR
(a) Phase reconstruction of real number model
B 6 SRR b5 A BRI AR v o 2 SR X L

Figure 6 Comparison of phase reconstruction results using real-complex model

FI b PR B AR SCHR Y B AR R A
BRSOG4 T T A PR 0 SSIM ke 31 5C B 1 B Ak A o
Rap AP 0 B TR R R 1 3 e 494 0 9] 2% 8 56 (R 45 2 U
AR — 2, TR AR R I R BAR RS I 1L
SRRl L ISR EER H e S EOAY AR
JoaE S 2R R, BRI R A 2 R L i
S NI SE BRI A (R AR T 50 2 I 4 A B A

anpeA o

°
)

(b) 52 KRy g A Y AT A6

(b) Phase reconstruction of complex models



392 H, T

EE 2026 4F

ik B b BT U s A RO M T R SR RO RROE M B
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5 g

AT T —F Dual Tri-CGAN ()37 4 CS-MRI
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