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Research of MRI Reconstruction Method by Using De-aliasing Wasserstein
Generative Adversarial Networks with Gradient Penalty
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Abstract; In this paper, we propose an improved Wasserstein generative adversarial network ( WGAN) , de-aliasing
Wasserstein generative adversarial network with Gradient Penalty ( DAWGAN-GP) , for magnetic resonance imaging ( MRI)
reconstruction. This method uses WGAN to replace the traditional GAN, and combined the gradient penalty to improve the
training speed and to solve the slow convergence problem of WGAN. In addition, for better preservation of the fine structures
in the reconstructed images, we incorporate perceptual loss, pixel loss and frequency loss into the loss function for training
the network. Compared with other state-of-the-art deep learning methods for MR images reconstruction, DAWGAN-GP
method outperforms all other methods and can provide superior reconstruction with improved peak signal to noise ratio
(PSNR) and better structural similarity index measure ( SSIM).
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P 9 5, Yang™ ' 45 2 3 X I 287 ( Generative
Adversarial Networks, GAN) Jif i F MRI 4 o, 3f#2 14
DAGAN LAY, S JLRPRE TR BE 27 ] (07 R RE A 3

9 AUODIJ pxp
10K TOSIMJUSWIA[
9 AUODIJ pxp
10ARTOSIMIUDUID[T

19 AU pxp

10ARTOSIMIUQUIA[T

HiHAL H I A R A RS IR UG, BRI A RORTE
T LU T A 58 5 vk B A A UG RICR 24

Wasserstein GAN''™®' JL & i GAN [ —Fp A5 1% , H:4)
AR GAN YN ZRA G e 1 R R, I O 2R UREAS 1 22
FEVE. fH WOAN XA FEA 74 b aod -y B L4 X 2%
o5 | T I, R B 35 R B . Gulrajani ™ 5 i 3of A T
R TR BEAR 1 00 5 ks LA B4R 3, DATTT AT LA 47
YIRS A6 B2 Ja A ] 7L

A FATHRE T U Wasserstein 2 2
XTHT W 2% ( De-aliasing Wasserstein Generative Adversarial
Network with Gradient Penalty, DAWGAN-GP ) [ i H: 4% &1
QAT W8S 73 s G AR D, g 1
7R A B SR 22 2% 1) AR B0 =iy ik R o 42
[ U-net (L2848, 4351 thiy 1O B BR2 5 A e B U2
1) U-net, i N EHUZE 53 B FUZ R U-net Fia
NERZ S /A CERUZ A U-net 218 HI5#45 K FH 24w
sigmoid Y ) CNN W28 84y, HARFL AT H5 AR g A
B A S Z ] 1Y) Wasserstein B85, IR FI M B 1&
SIITE AN 20 72, 2 A H AR e /MM Wasser-
stein B 25 , A1 17 380 3o 0T 0 (5 75450 80 2% ) B8 245 5. 1
B N4 v P A B i MR R AR R A
TSR RAE Ry A B 1 2H 5 0 2% pR B, SR T Adam
BRI, S IR UE , A SCH ) DAWGAN-GP J7
R RESLAR TR UG A T4 ) EEARICR.

AL

] — - F 50 &
g g g g
g g g g
HEHEEL LG
EEEIELE L IEIELE
=4 = R R 4F ¥ 3 ¥ + 3
5 3 3 3 = o 3 o o 3
é q q q q S S = =

10ARTOSIMJUDWIAF

B J T et Wasserstein 4 xS He 9 24 0 25 25 44 1]



%10 M

H TG T DAWGAN-GP Lk K5 AL T 05 1885

2 ET DAWGAN-GP fy# £ iRE G EH

i
2.1 i Wasserstein 4= i = X4 51 P 4%

TR G GAN Hfv A i AN W27 >0 U GRAe AR 110 LS
WSS, I T A 1) Bl AL MR P AN R 485, 0 3] 24 1)
S PR X 3 J2 A il A AR 238 0 A ik 2 L SIS 3 0 A1 A
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ceptual loss) fRZEHi 5k (pixel loss) sl 2 (frequency
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A7 2 AR Sy e A AR L.
3.1 iRk
SLIG R FH W {H {5 M HE ( Peak Signal-to-Noise Ratio,
PSNR) #0145 #4 #H ol 14 ( Structural Similarity Index Meas-
ure , SSIM) W AR PN AR AER PEA FAY R
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FESEGH, FRATTHE X L S50 5 AR S 1) S 50
BIUE, DT A AR L. &1 3, &1 4 43331
JEE IR — R RRAE 5 W 4 i — 4k MRI 76 S R RFERE 20F R
10% 5538 A5 B I8 1 A R Sk FAG A BCR 1E. Hh F
PRBE SRR 22 B T BE AN K, FRATT 6k ¥ — TRk RP AiF 42
R B 4k MRI 565 2 DX IE A 7 0K, WL FE
gy I S AE T H AT R B, 3T DAWGAN-GP i
TR SRR A0 T A R 3 R SO R R, AN A 3,
Bl 4 s, B3, 4 34 TR J7 5 9 S H MR 5 4%
BE MRI (15822 &, 0] LB AT SCHE 7 i B T 4
M EEARR s = R 22 /N (R R iR ). £ 1
JIi7R A 5200 5K 4 MRT 7E — 2 = 357 SR A R 4 &
SRAERL T, 5 AS W] 55k B A ) MRI [ PSNR A
SSIM W IUE FE A8 AR A 34 (EH 5 5 25 B T AR SE 30 R A 2K
P h =4 MRI PEFT V) R ik, B 9K — 4 MRI &5 44 17
FERERK I 25 S5, S B0 A T o 1) AN B, PSNR A7
FERSKIN T 25 2 1 45 L £ W] DAWGAN-GP i 4 MRI
() PSNR 71 SSIM ~F- ¥ {f 35 B & i F HoAth Jy 72, {H PSNR
T WS 5 KB RE 0 SR A5 A 22 R K, FE R — R
FEF DAWGAN-GP T #J MRI i) SSIM J5 22 i 3 5 H:
AR AH LA )N

Hy AT UL, E AR R FE BN DAWGAN-GP &
PR AR AN I 0 R R A JoE 3 199 o 8 s 38 2 7 SO
A MG A A ORI T LA EE A s i
TREA Y MRI A B 35300 T 4 R EH A 1) MRL

F1 FEEETH 5200 3% MRI EHRE FHE = 7% (PSNR/SSIM)

15800 images Pixel-GAN DAGAN DAWGAN DAWGAN-GP
mask ;1d Gaussian SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR
0.9363 = 32.4700 + 0.9478 = 33.4711 = 0.9700 = 36.0302 + 0.9724 + 36. 4709 =
sample rate;10%
7. 1807e-04 16. 7086 4.4e-04 13.7840 2.1551e-04 18. 0622 1. 8010e-04 18. 0549
0. 9663 + 37.0970 0.9827 = 39. 6682 + 0. 9906 + 41. 8865 + 0. 9923 + 42. 6244 +
sample rate :20%
1. 1183¢-04 14. 0154 5.5528e-05 17. 6735 2.0525¢-05 16. 1775 1. 3876e-05 14.7777
0.9849 + 39.7230 = 0.9854 + 40.3395 + 0. 9920 = 42. 4669 + 0.9932 + 42. 8379 =
sample rate ;30%
4.0113e-05 15. 4347 4.3986e-05 19. 9671 1. 4130e-05 13.7906 1. 5925e-05 14. 1086
mask :2d Gaussian SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR
0.9676 37.4224 + 0.9803 + 39.5367 + 0.9876 = 41.2353 + 0.9893 + 41. 8183 =
sample rate;10%
1.7218e-04 18. 5150 1. 0505e-04 23. 8227 4.7438e-05 20. 5399 3. 4624e-05 18.7702
0.9815 = 40. 5581 = 0.9874 41.5351 = 0.9891 = 42.7260 + 0.9922 + 43.2279 +
sample rate :20%
4.4790e-05 15. 0559 5.0697¢e-05 23. 6452 2.4193e-05 18.7412 1. 9441e-05 17. 7346
0.9892 + 42.4237 + 0.9929 + 44.0110 = 0.9941 = 44.4851 = 0. 9952 + 44. 6999 +
sample rate :30%
3.9434e-05 28. 1427 1. 755e-05 23.1779 1. 0709e-05 15. 8162 1. 0358e-05 15.7907
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(a) BRAE

(f) RFERE (g) Pixel-GANE 41522

(c) DAGAN(30.44dB)

(h) DAGANE }4ifi %

(d) DAWGAN(33.17dB)

(/) DAWGANE #1522

B3 7E10% 2 S R = AR RS 1) — 4EMRIE AR

(a) &= RAE (b) Pixel-GAN(33.03dB)

(f) TR (g) Pixel-GANF {4i5 2

3.3 FEMERERFTEEMEEERILE

Kl 5 FIE 6 435 2 m 7 — 4 = W R BE A — 4k = By
KA X T, Pixel-GAN, DAGAN, DAWGAN Fl DAW-
GAN-GP DU 55 #4) 53 46 AS [A] 9 32 X -7 F 1) PSNR
A1 SSIM. JAIE 5 FE 6 Hu] LIF W, b & SR A 2
D T R E R R T R H RIS AE MR R R AR 2
HFUERFERT , DAWGAN-GP 531k 5 44 ) il o4k RS R 2
A =) PSNR FI SSIM A{H, 3 & B 1% 7 1 A6 AT ] TE 44
A R AR RS . LS FHIE 6 [RS8 25 3 ] LU &
WAL AE A R AR, 4 iy B R PSS A
Ll — 4 i 30 SR A B R AR B, G D PR S e R RCR
FEIRIA ¢, YRR RS AE K 25 [a] HhoR 4 5

(c) DAGAN(34.90dB)

(h) DAGAN #4152
4 FE10% Ak RN AR L 19 — 4EMRIE AL &

(d) DAWGAN(37.03dB) (¢) DAWGAN-GP(37.85dB)

(i) DAWGANH F4i% 2 (/) DAWGAN-GP & #4152

Z IR B ARSI 8 SO ) 2 2 1) Gk,
3.4 BEEESTXT W& 2R 820

HET DAWGAN-GP i e I [ 15 5 4 5 125 ) 42k fig
F2 B HH T AT X 0 2% 1 5 ], FRATTRE e e
TR P4 2 AL 5 9 5 . WGAN 78 S 536 3 72 vp A
RORILT Ity GAN ABATIAEAE WSS FE 12, I R A6 2
TH 2 MR HE 45 ) . 3 2 RO WGAN FE Ab B Lipschitz
FRI A5 PRR BB R T R R 89 1 7 ik, R AT RB L BT
A SHOE W, B2 K AH 2 B /IMA. X AR TR
B AR 5 BT A S 806 A BRI S5 sl 2
IR WARES 5 BB T R B E B AR IE L 4, &
NG Tk TE 2.
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.
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ARG T —Fh 3 T 20 Wasserstein A B %
B R 28 1 1 AR LR EE AL 5 25 iZ 0T EE A T Wasserstein
Az LT 9 45 AR A% G2 1) HE B0 470 9 25 3‘JF/|:| &
Tofs BE AT ) YA AR R U R B RV iR 2 A T IR
RS AR RIS % | R 22 A PE 0 b o LA
PRAE 72 AN GOUE L #0545 B8 4y b o K 205 2R SR &5 SR 3R
B, A LA S F IR B 2 >0 I i J PR A AR AR SR
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