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Super resolution reconstruction of medical images
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[ Abstract] High —resolution medical images can provide important information for clinical application and image quantitative
analysis. However, medical imaging is limited by hardware, and image resolution must be balanced among scanning time, signal—to
-noise ratio and spatial coverage. To solve this problem, super-—resolution reconstruction technology can be used to realize the
perception of real high-resolution medical images. In this paper, the residual structure of super—resolution reconstruction generative
adversarial network( SRGAN) model is optimized, and combined with the hybrid attention mechanism, a residual feature extraction
module with spatial and channel attention is proposed, and the module is used to build the generator of generative adversarial
network (GAN). In addition, total variation loss is added to SRGAN"s loss function to improve the sharpness of local details. In
data processing, degradation learning is used to simulate low-resolution CT images in order to consider the real degradation process
of images. In this paper, the chest CT images of patients with pulmonary tuberculosis will be used for training and testing. The
experimental results show that the method can better reconstruct the details in the CT images, can provide better lesion texture for
patients, and has certain clinical diagnostic value.
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Fig. 1 Generate adversarial network models
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Fig. 4 Generator model structure
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Fig. 5 Discriminator model structure

2.2 MEKEH

h T A FAS SCHR Y GAN A6 TR R % 52 1 2 24 (K]
QIR S W T A, (o F DA 3% pR B8 iR
ZIFE AL AL

JEHPR (Lppy) « HHIFIIZRE VGG-19 M 2%
4336 HR EMEA SR BRI TRAAE SRR 155 — 3%
Z 1] BRI B, DA G R R B i it , A 3K
H

N

b =2 WG) =G | ()

oy, FRH  KESL HR IR, 5, FoRe
K E Y SR KE ; w(-) N VGG-19 Fiill 2k M 4%
FIF S BR B AR 5 N B b/ N RN

XS (L)« (S IS XT ELS2 69 HR &)
RRIE Y SR Y545 5 0 A IR e AT 20, LA 4
THEEERG IR, ANl
Ly = = E, [log(1 =D, (y,5) ) 1 = E; [log(D; (y,y) ) ]

(4)

Horp, B E; 53512 /ML &) HR EHZ
SR GRS , il S 8 D, SRIUE A SR &
14 5 B0 HR R el 2585

RER MSE $k (L)) . fEEUGE P,
Z2HdFH MSE TR Y SR EHE FTESE ) HR
G2 G RIS | LA IS X A 28 i 1 2t 1
A A (5) N

&
L, :NZ Hyi _yiHl (5)

RARTIR (Lyy) o AT DU 5 b o AR
/NI, 7 e — 5 BB fE—E AR B AR TT
KGR A 808, A5 (6)

1 N
Lyy :Nz (th(yi) - Vh(%:) HI +

IV,(v) = V,(y) 1) (6)
Hr v, RV, 400 h K R BB T
BB 25 A P A4 2 PR B
Llulul = /\1 LPER + /\2 LADV + A3LTV + /\ALI (7)
Hoi, A AL A R AR A A R, e
{43500 1,11 F 10,

3 /oW

3.1 KIGHESE

AR S 6 50 SR T T B4l 435 1 3 A S
CT S E 348 LIDC-IDRI, M 6 B S0 30 3 Ml . 45
PSR 2 1) 550 gk ES, Horp 400 Tk AE A1 25, 100
SRAVE IR UESE 50 sKAE A IRAE TR AREE 4 T Y
LR B8 45 HR BUREI T ——X &R, il
L2 A, A (1) BESEONE R 5 HR IR A
W OC R B IR AU R B A (X, Y) 5 il
HR MG T RS EREHL LR B8 s, i3t LR
1% x #1 DSGAN £E i LR 14 x 135058 1h 23 5 (%L

e (X,7),
32 SEIEE

Il gt B, A LR B & RSN
(fylﬁyﬂo%ﬁw%Wﬁﬁmﬁ%mi
K/NH 16, i Adam IEALES IS BB, = 0.9,
B, =0.999 € = 10°°, 2] RAPILH{E A 107, 5351
TEZEARIECH 5 000,10 000,20 000 1 30 000 Y
Pl 0.5, BHESE o MPIHIEEHR [1,2], IF
AT B ) AL 3 AT O, S R W A TR L
(PSNR) Fl SSIM 28 CT EUG 43 ¥ 5 8 2 1) & 0L
TEM AR, A S A W3R 1,



140 /ORI B NS5 NMOA

ERRES

®1 ZEHE

Tab. 1 Experimental environment

R JiA
BIERSE Ubuntu 18.04.1
CUDA kA 11.0
GPU GTX 1080Ti
AT 116
Python 3.6.13
TREEF S HEHR Pytorch 1.8.0

33 XBERS5HH

TSR A SCHR Y A S O AR A
Bicubic .SRCNN SRGAN .ESRGAN HEAT R EE K+ K
4 [ EEXT EL, SR AE SR LA 2, FE PSR LA A AL
PEAE b, A SCHY) AR U AR LT Bicubic , SRCNN
SRGAN F1 ESRGAN 7£ PSNR & 4 %l # 7+ T
3.38 dB 2.54 dB.1.47 dB F1 0.74 dB,7E SSIM |43
HHETET 0.087 4.0.033 9.0.038 0 F10.046 6, K iF
T AL ) AR A XAt E AR RS T 4 b
SERL CT EUR B 2 7R iR fb 2 S B 48 b AR SCiy
FEHEJTE ) PSNR 153 T 28.98 dB, SSIM k%] T
0.864 2 3 2 X L JLF = 4 75 1k 43 3ol 78 WG P 5 48
A R ARG R, R IAAR SO B T IR AUAEAR
G BSIB AL BT LR B 15 3R A R0,
W AE R A2 ST, CT AR A4 i v 52 3]
EUZIRIEJE 1 LR B At RE U AR A I35
#2 TEERFEERE LTRSS S BEE LN

LR Rt

Tab. 2 Comparison of experimental results of different
reconstruction methods on theoretical degenerate

model dataset and degenerate learning dataset
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Fig. 6 Comparison of CT images reconstructed by five methods
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Tab. 3 The method in this paper compares the experimental results

of reconstruction at different scales on degenerate learning

datasets
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Fig. 7 Comparison of CT images reconstructed with different scale

factors
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