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ZHANG Jian' , JIA Yuanyuan'" , HE Xianggian' , HAN Banru' , ZHU Huazheng® , DU Jinglong*
(1a. College of Medical Informatics; 1b. Medical Data Science Academy, Chongqing Medical University,
Chongqing 400016, P. R. China; 2. College of Intelligent Technology and Engineering,
Chongqing University of Science and Technology, Chongqing 401331, P. R. China)

Abstract: High-resolution(HR) magnetic resonance images (MRI) can improve the accuracy of disease

diagnosis, but it is very difficult to obtain high-resolution MRI. Image super-resolution (SR) technology
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based on deep learning can effectively improve image resolution. In recent years, the generative adversarial
networks (GANs) have provided new ideas for 3D-MRI SR reconstruction. Compared with the traditional
SR algorithm based on deep convolutional neural network (DCNN), the GANs network targets the human
visual mechanism and introduces a discriminant function to make the reconstructed 3D-MRI closer to the
real image. We introduced the enhanced super-resolution generative adversarial network (ESRGAN) to
perform SR reconstruction of 3D-MRI, and used the cross-layer self-similarity of 3D-MRI to reduce the
dimensionality of the reconstruction task to 2D. On the basis of ensuring the reconstruction effect, the
proposed method can reduce network training time and memory requirements. Compared with other
traditional algorithms and DCNN-based techniques, experimental results show that our proposed method
can further improve the visual quality of SR 3D-MRI.
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Fig. 1 The algorithm framework of this paper
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Fig. 2 The structure of Generative Network of ESRGAN
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Fig. 3 The improvement of Generative network of ESRGAN
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Table 1 The results evaluation of different methods to reconstruct BrainWeb T1w MRI images

i R7R PSNR(dB) SSIM RMSE PI
NLM 43.481 4 0.996 9 1.744 1 4.494 6
SP 41.153 7 0.994 3 2.278 8 4.392 6
SRCNN 42.795 5 0.995 6 1.886 5 4.436 7
VDSR 43.935 9 0.997 2 1.654 6 4.418 3
RLSR 44.078 1 0.997 2 1.628 1 4.423 2
R 41.856 5 0.994 6 2.102 8 4.168 3

MF 1 AT LUE H, F 7k SR H & BrainWeb #4109 T, AL 3D-MRI K {4 B 453 2] ) PNSR/SSIM/
RMSE/PI 4354 41.8565dB/0.9946/2.1028/4.1683, & ) PNSR {H Ft NLM H %1k 1.624 9 dB.RMSE {H b
NLM %535 0.3587, PI AU{E IR 0.3263, iR %5 R KB, 553 M 7E PSNR Fl RMSE f8 45 I #§ 22 TG T
AR 3D-MRI B4 SR # A5 HAE PI FAL T4 5 TH AR 3D-MRI F{§ SR AR %, [, XL
BT R)Z5 211 SR H J#H L (SP) LA K HoAh (% 5 T 3 B2 2% 2J 9 SR H @ 557: (SRCNNL VDSR . RSLR) , H. 1
# PSNR.SSIM Ll & RMSE {8 B 2% {H7E PT LS T &, 45 RUEW], & B2 A P15 PSNR,SSIM fI
IR0\ IS O e 72 07 N 9 o W o 7 BT = R d R 7 S T = O ) 1 e R E SR % T R R R W R T S
Az R SN AR B SR KA.

g Lk, AL AEXT BrainWeb 04 4 T AR 19 8 & b, 8O B8 BUAH B £ 19 PSNRLSSIM DL K&
RMSE {H . {H 0] DL B 5 A 1Y PLLAH A 5 G 00 0052 S8 380 e af

2 I PRECHE S T1 AR B 251

R — L B UE A SR EAESCR T A KR FUE Y BraTS Bl ST . 38 a0 AL B (A TR
B Bra TS BdiE R T, INAUEAS B H) % 18] 0 9K R 3SD-MRI EGH 3%~ 1T mm X1 mm X2 mm,
M AR5 SR & # S E 1 3D-MRI EHL M43 HER 5128 1 mm X1 mm>X 1 mm,SR H#45 R NE 2 frw,
o B 25 S L s

K2 AEFEEFE BraTS Tlw MRI B &I & 2T

Table 2 The results evaluation of different methods to reconstruct BraTS T1w MRI images

R PSNR(dB) SSIM RMSE PI
NLM 44.567 0 0.996 5 5.886 3 6.558 1
SP 45.016 8 0.996 7 5.589 6 5.911 1
SRCNN 44,377 7 0.995 7 6.015 9 5.481 8
VDSR 45.630 1 0.997 3 5.208 2 6.496 9
RLSR 45.609 5 0.997 3 5.220 6 6.333 1

RS 45.320 1 0.995 6 5.397 4 5419 3
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F 2 AT LAAE LA E SR A BraTS U6 T inA 3D-MRI E{% i 15 2] ) PNSR/SSIM/RMSE/
P1 43524 45.320 1dB/0.995 6/5.397 4/5.419 3, Y PNSR {H b NLM & 5 0.753 1 dB, i RMSE #l PI 1
B0 43 5% 0.488 9 Fl 1.138 8, FiRZE AR W], WF 8 5 1 7E PSNRRMSE Fl P1 3 4~ 4645 YL TG 5T
AN 3D-MRI EfR SR EH#R L, 5RET®RESTH SR HAEF %L SP ML PSNR H# 5 T 0.303
3 dB. i RMSE il PT 4 {8 I 43 51 B A% 0.1922 1 0.4918, WF ML TR TR E¥ T SP Bk, T
DCNN i 3D-MRI & {% SR @8 vk b, B 1E BraTS UM T, A% EHE 7 RAGH PIE. 5
SRCNN 7% e #5 , PSNR #7157 0.9424dB, 1if RMSE/PI F#{IX T 0.618 5/0.062 5, ud B 58 5775 78 PSNR,
RMSE A1 PI 3 A~ 4845r LG F SRCNN #3%:., 5 VDSR #l RLSR 5% Ho#8, PSNR 435I FAK T 0.31 dB Al
0.289 4 dB,RMSE 4 B3 T 0.189 2 A1 0.176 8, P1 43 BIFEAR T 1.077 6 F1 0.913 8,45 R W53 H 0k B A
PSNR 1 RMSE 8§45 %22 F VDSR fil RLSR.{H7E P1L #5458 LR T VDSR Ml RLSR B & H ik, BR
BYELE BraTS BUHE4E T IBUER b A9 B 45 5 SSIM (K15 b B LM 2E A K,

o5 ik WS B AE BraST 808648 T AU /Y T @ 45 RIS T 5L 19 PLE s £ 48 (19 5 F DCNN
i 8 )5 75 (RLSR, SRCNN, VDSR) ¥ 3 [t £& T 8 4 19 75 i (NLMD) FLEE T3% )22 2% ) 1 50k (SP)Y Mg
I, ERTHRESI W EHE %P RLSR Ml VDSR J7 ik 19 PSNR £ 3G 5 . {H PIAH X SRCNN Jy ik 48
2, 7 E MBS T P Bt . L BT ik SR EEZE B L BF 5T O vk 9 SSIML B AR i AR T Al
T B E /N TG 2 5 7 A PSNR Al RMSE £ 98 A& e 8 (B I IE 2 Ar B R R WL 5 2 — . 1
PSNR Fll RMSE ik £l — 52 i 3 iif o R 5 S B AR B PSNR i RMSE #4932 5 1 42 5 1 J2 B & P AY A
[T =T

R W98 B0 0A AE B i SR H A A5 R 0B BT AR, ik — DB IR A5 18 R ] Kirby 21 %X
P e P B ARV GRAEREARR T, AR (KKI01-KKI10) 47 F &, I 8 TR sy 3 A 45 R A P12 &5
FnE 3 Fin, Hh PTLE AR 3.961 2 5/ME N 3.197 0 (5 K 3.582 9. 24 0.052 9, W LA HF5E
B E A ER A PLE AR B S PR W] T B 98 58 12 i 0 BOAS A8 e 00 JEB R I

®3 EFET, WK (KKI1-KKI10) K PI{E
Table 3 The PI value of the results of reconstructing the T, weighted image (KKI01-KKI10)

SRR KKIo01 KKI02 KKI03 KKI04 KKI05 KKI06 KKI07 KKI08 KKI09 KKI10
PI 3.197 0 3.774 1 3.693 6 3.824 6 3.459 4 3.977 9 3.398 3 3.434 8 3.508 3 3.961 2
242 EMHESH

T HE— A U0 A 0 0 8 R BE A K S A B 3D-MRT MR B 4015 15 B L R T BraTS B4 4 T1
IAAG T 25 5 By BN T mm X1 mm X2 mm T K 1 mm>X1 mmX1 mm,

S A R A B B ER TR SR Jr ik A SR b 3 AN AT T i ERS R A
R, AT LA AR 43 3% (LR) MR B4 L B BRI L 0 K IX sl iy 1814 8 A0 5 S S Vil e, L A7 76 B W 1Y
Heagoni, 5 LR AHE . NLM 535 fil SP 53k SR & 2245 2 1 KR D & W M A — & #2971, 3EF DCNN &
B EES A T AT HEENRL RS TR ERLER, A Xk, Bk SRE#N 3D
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B4 FRREFELIXIX2 BEGIREBIT BraTS Tiw BRERHER
Fig. 4 The results of BraTS T1w image reconstructed by different methods with scale factor 1 X1X2
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Table 4 The results evaluation of different methods to reconstruct BraTS T2w MRI images

AR PSNR/dB SSIM RMSE PI
NLM 42.393 5 0.996 8 5.814 7 6.334 5
SP 43.456 0 0.997 4 5.145 6 5.801 7
SRCNN 42.284 8 0.996 0 5.887 9 5.320 3
VDSR 43.540 8 0.997 9 5.095 2 6.414 2
RLSR 43.615 2 0.997 8 5.051 8 6.178 5
R 43.816 4 0.996 2 4.936 1 5.391 7

M4 Al LA, i SR H & BraTS B4R E M T, A 3D-MRI E 1% B 75 2] () PNSR/SSIM/
RMSE/PI 43 % /7 43.816 4 dB/0.996 2/4.936 1/5.391 7,& #Y PNSR {f It NLM 555 1.422 9 dB,RMSE {8
Fb NLM 351K 0.8786, PT AY{H b NLM 2L 0.942 8, FiR&E R0, 5 178 PSNR.RMSE F1 P1 3 1N 4E45
T AL G T E M) 3D-MRI EE SR HAR L, FIFEM X I TR )2 % 2 9 SR F #5312 (SP) , 1f
FE AR PSNR.RMSE DL K& PI 3 N84 B0 T 5 Tk 249 2 1) SR H @575 (SP); 55 T DCNN 11
VDSR Hl RLSR J5 ¥ A0 L . 58 B35 7E PSNRORMSE DL K PT 3 D64 F 4B S A, Jo 1 PT 3645 22 7 i
¥, LIREEFAEM ik 7E PSNR.RMSE LK PI 3 4845 L3348 F NLM.SP.VDSR #1 RLSR 4 F 5%,
SR SSIM FE bR g 22 A 2ZEHH /N . f)5 . 5 SRONN J5 ik AH A, BAR B Y PICH LA PD B2 F SRCNN,
EEZEAR, T B2,

25 L TR  AEXT Bra TS B4R ER T, MAUE M E &b FkE 240 3 MEW LI T I 77 3, BRI 4E
PREMEE/N, TR E 2R, Bk, 5k SR LIS e A AUR .
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Fig. 5 The results of BraTS T2w image reconstructed by different methods with scale factor 1X1X2
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Table 5 The PI value of the results of reconstructing the T, weighted image (KKIO1-KKI10)

[SEEA KKI01 KKI02 KKI03 KKI04 KKI05 KKI06 KKI07 KKI08 KKI09 KKI10

PI 4.038 0 4.212 7 4.124 2 4.254 9 3.963 6 4.111 9 4.028 0 3.965 6 4.094 2 4.368 7

RRAE F R S a5 R n] IR 458 BRI GREE LS A T AR (RS 20T DL SR EE g T, A &1 4%
T, AL G IR BA 28825 3D-MRI G 73 B R B OR

3 & &

W54 A ESRGAN W% SR & & 3D-MRI E{& . JF Rl F 3D-MRIT B4 (4 85 )2 18 [ AR UM R 5 @ 4T
S5 REAER] 2D, W8 T SRR REAR T X I AE B SR TR bR TR I R R G R G 1 SIS LR
W, J5 Wk AR WL 50 J5T 5t D7 TG A T B O i RO S R 8 AE SRR RN BT o A S IR A N UL L R R 1Y v 4
P 3D-MRI B4, Jf L] LU @ 2 A48 0 3D-MRI BI{% ., B, 778 0 Filf K 3D-MRI B2 5 SR
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