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Low-dose CT denoising using combination of multi-scale
residuals and global attention

SUN Yanan'"?, CHEN Ping’, PAN Jinxiao'?
(1. School of Mathematics, North University of China, Taiyuan 030051, China; 2. Shanxi Key Laboratory of Signal
Capturing and Processing, North University of China, Taiyuan 030051, China)

Abstract: A multi-scale dense residual and global attention combined image denoising network was proposed
to address the issues of texture detail loss and excessive smoothness in reconstructed images caused by the lack
of intrinsic connection between spatial features and denoising tasks in current low-dose computed tomography
(LDCT) image denoising methods. The multi-scale dense residual blocks were introduced to extract multi-
scale feature information from images, and the global attention mechanism (GAM) was used to focus on cross
dimensional information between different channels of the model, while adding skip connections to further
expand the range of global interactive features, and finally the multi-scale feature loss function was used to
enhance image texture details and avoid the problem of image smoothness. After experimental verification, the
proposed algorithm achieves 35.183 8 dB and 0.960 5 in peak signal-to-noise ratio (PSNR) and structural
similarity index method (SSIM), respectively, which effectively preserves image details while removing noise,
outperforming other algorithms.
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AR, BT IR 5 > 1 I 4 A5 R 7 A 31 5]
i CT KR LM R TR L. Hr,
T A T 22 I 25 1) AR 5 W 7 R O I B A R
I B, 4n CHEN H 5™ 8 3l 40 18 4% F1 R 46
W 2% % $ % REDCNN(residual encoder-decoder
convolutional neural network), L1 &Mz [ REES | HL 1Y
SiMERRE, TUASURE KGR . B L
WAL AT T — @ MROCR, B TE i LA R
AU GRS R B R, S T i D3 A~ ) 8, AR 58 A

YA W 2% 5 4 el i D T A T R BT ST . il an,
PENG Y 48U $2 X FR Bk BRI $2 A1 9 i 45 B AH 45
G AR 22 M 4%, i m T SR LB PERE . LI
MU AR B R T S4B RN 4, Bl CNN Jak
Z U, H MR E I R TR K, T
If MR B 2 {5 B, LIANG T U 4 ) T —Ff 3
TG RS BB 2 M 2 (EDCNN), 1% ™
25 3 1ok # 0 AR o R RDK 3 S AF Bl A A —
A, B B B O MERf 1 MR s (5 8, S T
Uity 1) (1) LDCT BHR LW, Bk Lk ik Xt T &
G 5 2 A R, AR JC 4 B AN [] ] JEETT M
FZ 1 2 R FFAE . GUI X %517 i 1) AAFFA (arti-
fact-assisted feature fusion attention) P 2% 2= i LDCT
Mas, S5 A O e G S 2 2 RER. A
RMEMEIFOR R ANY o Ak, WANG D M 4 i T
— BT Transformer AR & CT ZeMefgiAl, mf L)
AR LRI, BRI gaEE R, B
RGBT SRR

R I 1 W 25 2545 %) LDCT KR 1 2= e
A T 3% 08T, (BAE AT M 28 I R it A %
JE B 23 [B) AR AE RN 2 MR AT 55 Z [ ) 26 &, % BIR |
TR B HA R G £k, Hik=
X W R PR 0 O, PR T R MR as R . ALk, AR
SCHRE Y —Fh 22 RS 235 A 5% 25 R4 JR T T LA 45
AR AL, JEATACH E CT KI5 25 M, R H etk i
£ N 5 AE % 9% M (multi scale dense residual blocks,
MRDB) 3£ 8 2 REERRIE B9 A 503 B, 2R E
L A9 B T A5 2 e v ) iy FH R 6% 7 0 ) &
G042 E B, SCB A 38 N A R, AT B
FLMRSCR IR B R0 40V FIARRAIE

1 PEIREE
BT ) 1Y LDCT AR 25 W53 kol T

IR} A RS R A W B I [ 0 o (% = R =T
DA S5 e PR v Mg s 8 (8 AN s 1 ), (R 8
X € RN 3k K/ N R MXN 1 LDCT %, Y € RM<Y
SR ) NDCT B4 . LDCT fy 25 MR R 6 0R

X =g(Y) (1)
A 1: g()F/R LDCT K15 2] NDCT EIZ A mi, B
2ot — AR R Ik B2 . R/ E B AR R L
RS fif

F(X)= argf&r)linllf(X)— Yll; (2)



- 294 . o

a6 2 )

k¥

A FOO AT DA ¢~ i i LI ) o

2 EEMKEN

ASCBETH T —4~ LDCT Mt MRD-GAMNet
(multi scale dense residual-global attention mechanism
network) , HEA R ZEHESRANIA] 1 P, Y i 22
JOEE % 5% 22 9t (MRDB) | 22JR) 1 1 (GAM)
MR (DB) 4 1. D 1 s AR TR W 8, A
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Predicted image

DWConv RELU ) Subtract
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Fig. 1 Framework of overall network
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MRDB 7 % 52 5% 22 3t (RDB) i A 1 25 {1 =5
&) 4 F3th fb 4 7 3% (atrous spatial pyramid pooling,
ASPP) BEH, ANA] 2 fis o ASCH 4 HERZS
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block) , H & UL /N Ry 3x3, B4R 32 4>
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FRUG G A 0, 88 A 5 78 38 2k N 1 0 X 2% 2 850

ASPP

g
E o
S
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6 F1 12 (1) 3x3 AL, FH T AR A [a) RUBE () L4 e
fiE, [) B 388 i — A~ 42 ey Ak 2 SR R A R 5 B .
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1Conv HEATHRAERL A o Bl S, 3X 2L/l A J5 1) FR1IE
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Fig. 2 Multi-scale dense residual blocks
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1M 45 G i 4 R B B B (convolutional block
attention module, CBAM) , 7] DA T8 47 1 4 $i2 2| 4%
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Bo BT RSEREGH LT SUEE, Donk4
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T GAM B (4015 3 fr 7R ), GAM i 3 5 il i ik
() CAM Fll SAM, Jllsi [ £ %t LDCT FE& e K th
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B BEMAFMEMS F e ROV HTE SRR N
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x PN ITC R BT IIE IS B, 15 20 IR E LR F o
WE 4 Jros, & 56, X T4 A B RRIE R, 38 18
BB (CAM) AN 2R FEAE ]9 23 o) 4 B2, i
3D HEFI R 3 AR R AE B . Bl S, FRAE B B
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WxHxC
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£

— ) T
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i A 3 2 2 BN #% (MLP), % MLP 2R 45 Ry
r TG 2S5, | 7R 2] 18 A (A OCPE . K5
HEIX 3 AN B PR = s Ao 5, AR DR S B
1) 56 HE Ak — 3 . B, 12 1 sigmoid B R
B, K (A S 2] 0~1 A9 IX ] P, DASE e — 1k,
AT A5 3 B A Y o G SR YRR R R R . H T
BAX N

Mc(Fl)=0'{Mrp{MMLP{MP(F1)}}} (4)
o FORER AW s My F My 2 HE S 4545 1 HE
PR Mo N 22 BRER 55 ook sigmoid PR

CAM SAM
Input l l Refined
feature ®_> feature

B3 F/EEANG

Fig. 3 Global attention mechanism

Reverse
permutation

Mc(F)

B4 BEFENER

Fig. 4 Channel attention module

wE s FroR, fE23 [0 B 1B (SAM) H,
T PR R RIE S AT (5 B, ASCEBR T SAM
i Rk AR . R, b TR SEEEE N
B —30bE, SR T 5 AR 0 R 40t ro e
Hh, BIA 77 B UG RIEZ 8, IR £
23 (8] LR SCE B fea, A T I RRAE B Y BUE

4

Input features (CIr)<xHxW

F

0 TR T A B A3 E 1, (5 sigmoid I pREL
i SAM AR BUAR ] 23 (R B B RRE MR B, B fig
A R A AR R B M A R . H A=

M, (F3) = 0 {Meon {Mcony (F2)}} (5)
K By CAM i A5 Mo i 7¢7 8 08 575
oK sigmoid PR%L .

—| 7x7Conv | [—p» —>

7x7Conv _> —)@—}

CxHxW My(F>)

B 5 =EFEENER

Fig. 5 Spatial attention module
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2 HETR A Fo: . Ix1Conv+ReLu 7] LT A #g Hi 42
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B h R 5 W 7S 2 8] 1 22 5, 38 5 Subtract 521,
F 7 4R LDCT K 1% 5 DWConv B (1) fy Hi AH sk, K
X 22 S IR R B, DASRAS e 4 iy Ik
EM% . fe)a, R H ReLU 3G sR %L, B fFiE—2 1
SRR AR . RMREIHR AN 6 PR .
+ReLU

i DWConv
Ly (— > HES +ReLU
DB ‘ ReLU

6 KRR

Fig. 6 Denoising module

24 WEKEH

T v AR TR 22 M0 T i O ERE T
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1 x 1Conv
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Fi(x) i BB ER L 5 i 25 PUZ 5 $E U0 R ;
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3 XWIEITRERD
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ST E B AR SCHE R T X LDCT AL 25
Wk B8 7, FEAS SCH W92 52 56 v (T R R SR A
(the cancer imaging archive, TCIA) FT #&L /) 2016 4F
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S B E T 10 & 1B 4 B3 NDCT B4
FUAH R 1Y) LDCT (U 432 — 5 i) BIHR, 4 2378 %t
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478 X CT EMG AT o
32 THRRBESSHILE
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BT, IS H BT S8 p1L R 0.9,
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Fe b, VE{E 15 H (PSNR) | 45 Hg M BLEE (SSIM) LU
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(a) LDCT (b) NDCT (c) BM3D

(d) RED-CNN (e) CTformer

() A

7 AREEERBR

Fig. 7 Comparison of denoising effects of different algorithms
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TEHZT NDCT EIM&, H s oh 3 Fp sl iy i A
A S B D BRI O B 3 A

R T BV BT 4 1 7 B AE LDCT EIZ R
A 8, 1 B/R T 4 Fh oy i e 5dis 4 v 478 Xif
I3k A% 1) 2 W & 5L 1 3F- 15 PSNR., SSIM Al SI
. WFEATLIAEH, T BM3D AABSAIEIS PSNR
1 SSIM 1) 45 A 1 f5 1K, FLHICBE 48 Bl o, 156 5
T B0 M L T IR BB 2 T 1) W 5 3, AR I AN
%, RED-CNN J&3tF MSE i M 7 s, RS
T T4 PSNR I SSIM 45 5, {H &l 7 (49058 235 1
UESE, 7E40 3] LDCT IR, 2T MSE 5 i 4

Tt AR, RS WG R AR . CTformer
i 3 Jo 45 FH token2Token ¥ & W0 0 2% FE s #E 47 2
W, A TERREAREAS T B MGE . H5iX 3 A
PR L, AR SCEBE AR 22 ROBE RRAE 4 2k pR 4L
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fiE 71 M5 i 22 )RS 45 4E, PSNR I SSIM 7% 10 48
P g5 i, BUOBEHE B AL, ¥k 8 T RAERCR . B
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T 10.9% XF b 4 Ry vk i s 8 55, v LUE AR
SCBE X TR MR 7R ) I R B . AR B B
e mPEREAR R, A SCHIEAE LDCT W4T 55 ik
5T AR

F1 FAEEE LDCT BEGEELER
Table1 Comparison of denoising results of LDCT images

using different algorithms

Method PSNR SSIM SI
LDCT 29.4354 0.8660 0.3695
BM3D 31.8327 0.8992 0.3044
RED-CNN 32.6219 09169 0.2914
CTformer 343157 09511 0.2848
Ours 35.1838 0.9605 0.2845

% 8 BN A [R) S5 A AR S W P 2 0 b B R R
FRATRI TIHFAME S BAY, 75 LDCT E{& LA T
5L 1x10° BOTAFAME R . & 8 R T 4 Ik
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Fig. 8 Comparison of denoising effects of different algorithms under extreme noise conditions

F2 R T 4 FERL RSO B PSNR., SSIM
FIS B F- 248 bR, M2 2 v S [ B33 X6 IO ) A i
M s M R % 45 bR 0] LA F H, BM3D, RED-CNN
F1 CTformer %575 (1) 45 048 b5 24 47 Jr e 3, {FUAS )
RGNS SRR N i A TG B /N
SC A B9 MRD-GAMNet, H: 4% 101 45 b5 4 B A %
FE(E, M PEReE4r . ik, MRD-GAMNet 748
I b A B RS S R AT EE T, T DL 4y b S B
M, (i 2 Mgl SRR AR KRR B 4238 NDCT, il id 4
MF [7] — 58 35 X LDCT &A% F0 % oy W 7 2% 1 o
LDCT %Y LM gb 1, &M AE AR T, A&
FILE 3B RS A RS . SR, AR
SCOT IR NN [ 25 F 9 LDCT FEUR Y 2% ek g
RS, HA AR E AR A B T8 8RR .

R2 WIREEZFHTAREEERITENIER
Table 2 Evaluation indexes of noise reduction by different

algorithms under extreme noise conditions

Method PSNR SSIM SI
LDCT 18.0209 0.6932 0.5629
BM3D 18.5560 0.7313 0.4161
RED-CNN 18.9179 0.7643 0.3848
CTformer 19.7843 0.7358 0.3472
Ours 20.1060 0.7791 0.3102
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