YEBF - M

B33 W2 202242 A Journal of Optoelectronics * Laser Vol. 33 No. 2 February 2022

DOI: 10. 16136/]. joel. 2022. 02. 0351

JE TG O BUIZ R (IG8 . CT R0k

MBS, KO8T, ¥ B, FEA. BERE. HUR
CBFRHEE o 5 515 ol A TR B AT 411200)

1 Z B0 & F B PL W 2 3 (computerized tomography, CT) 78 B 5 Sk 4 i #2 rh 5] A 3 £
LI R R R L P - R TR TR OIS E A RS REA &E CT
KWL R R A O BT 4 S8 IR R CT KR R E B ER T IIAZ
FUBE R AE 4 B K A% 25 T B, DRl A R R TR R AR B 3 SO I 7R RRAE 1Y X 4y BE
Ji A g R R EREGRA AR R . FRCRHE A B R R E, DL B 4 i Sl R
R LR MR IR E SR ERGEER., TR REN . SRNE 0 EAML, Iri 5k il
M AEA 2= CT RGN IR E T 2 8B4y ; xF ekl CT &, fr $ B vk Ab B 5 1
CT & 14 Uk {5 {5 M2 It ( peak signal-to-noise ratio, PSNR) {H #& & T 31. 72% , 45 #4 #H I ¥ (structural
similarity, SSIM) {H #& 15 T 13. 15% . AT LT & 5 o (4 S 2 2 AR 18 T 20K

x4 AL F =B AL ZE 4 Ccomputerized tomography. CT) 5 A= 5 %F T W 4% 5 22 N B AF 42 5L ;
e =A== BT E S

MESFES TPO] XEIRIRMA:A 3 E 4R B : 1005-0086(2022)02-171-10

Low-dose CT denoising algorithm based on improved generative
adversarial network
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(College of Information and Electrical Engineering, Hunan University of Science and Technology , Xiangtan, Hunan
411201, China)

Abstract ; In order to solve the problem that low-dose computerized tomography (CT) introduces a lot of
noise in the proqcess of image acquisition, which leads to the serious degradation of image quality,a low-
dose CT denoising algorithm based on residual attention mechanism and composite perceptual loss is
proposed in this paper. In this algorithm, the Generative Adversarial Networks is used to complete the
denoising of low-dose CT images. The multi-scale feature extraction and residual attention module are
introduced into the network framework to fuse the information of different scales in the image,improve
the ability of the network to distinguish noise features,and avoid the loss of image details in the process
of denoising. At the same time,the composite perceptual loss function is used to accelerate the conver-
gence speed of the network and promote the denoising image to approach the original image perceptually.
Experimental results show that the proposed algorithm can effectively suppress noise and recover more
texture details in low-dose CT images compared with existing algorithms. Compared with the low-dose
CT images, the peak signal-to-noise ratio (PSNR) value and structural similarity (SSIM) value of the
CT images processed by the proposed algorithm are increased by 31. 72% and 13. 15% ,which can meet
the higher requirements of medical imaging diagnosis.
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Fig. 1 Overall framework of RAP-WGAN
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Fig. 5 The internal structure of the generator network
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Fig.7 The internal structure of the discriminator network
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Fig. 8 Comparison ofdenoisingeffects of each algorithm in slice 1;(a) Full-dose CT (FDCT); (b) LDCT;
(¢) CNN-MSE; (d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN
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B9 MAE S HIEMIE(RONES: (a) £FE CT; (b) RFE CT; (c) CNN-MSE;
(d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN
Fig.9 Enlarge the rectangular box (ROI) in Fig. 8:(a) FDCT; (b) LDCT; (c¢) CNN-MSE;
(d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN

10 SEEFEVAZNEBRRRYILE: (a) £512 CT; (b) {EF = CT; (c) CNN-MSE;
(d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN
Fig. 10 Comparison of denoising effects ofeach algorithm in slice 2:(a) FDCT; (b) LDCT;
(¢) CNN-MSE; (d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN
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11 FKE 10 FERIE (RO E S : (a) £FIE CT; (b) RFIE CT; (c) CNN-MSE;
(d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN
Fig. 11 Enlarge the rectangular box (ROI) in Fig. 10: (a) FDCT; (b) LDCT; (¢) CNN-MSE;
(d) RED-CNN; (e) WGAN-VGG; (f) RAP-WGAN
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Tab.1 Evaluation indexes of noise effect

of each algorithm in slice 1

P PE 22 52 H /N
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Tab. 2 Evaluation indexes of noise effect

of each algorithm in slice 2

Group Method PSNR SSIM RMSE MOS
1 CNN-MSE 33.849  0.941  8.120  3.250
2 RED-CNN 35.608 0.949  6.631  2.438

3 WGAN-VGG  33.274  0.935  8.677  3.813

4 RAP-WGAN  35.793 0.952 6.492 4.500

— LDCT 26.721 0.872 18.451 1.563

Group Method PSNR SSIM RMSE MOS
1 CNN-MSE 32.437 0.889  9.555  2.625
2 RED-CNN 33.913 0.910 8.061  2.125

3 WGAN-VGG  31.775 0.879 10.311 3.813

4 RAP-WGAN  33.864 0.913 8.107 4.125

— LDCT 27.046 0.824 17.772 1.625
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Sk T X b S e S 5 6 L L T R4S ) 9 Al s 5
FIEACTEM FE bR an 36 3 frs . R LR 45 R PR .
XFH LDCT [BI& . A SC T ek ik 5 vk ik 38 5 1) A%
H PSNR {H #2755 31.72% . SSIM {8 4% & 13. 15%.
RMSE A AR 62. 92 % . H A TPEH 48 b5 35 4 i 45
Xof E 4 R R p

B 12 A CTYIREMEIBLER: (a) 2FE CT; (b) RFE CT;
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Fig. 12 Results of ablation experiment in abdominal CT slice: (a) FDCT; (b) LDCT;
(¢) Group A; (d) Group B; (e) RAP-WGAN
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Tab.3 Quantitative evaluation index of ablation experiment

Group PSNR SSIM RMSE MOS

A 33.348 0.936 8.603 3.563

B 33.750 0.941 8. 214 4.313
RAP-WGAN 35,782 0.955 6.501 4.688
LDCT 27.165 0. 884 17.531 1.875
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