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CT Metal Artifact Reduction for Restoration Network Sparse
Transformer Joint with Details
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(1. School of Information and Communication Engineering, North University of China, Taiyuan 030051, China;
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Abstract; In CT imaging, if there is a metal implant in the patient’s body, it will appear serious metal artifact in CT re-
construction images, reducing the image quality and affecting the doctor’s diagnosis. This paper studies existing metal artifact
reduction methods, analyzes artifact residue and fuzzy organizational details with a simple neural network model removing
metal artifacts. A joint sparse Transformer and detail restoration network is proposed, which consists of two independent sub
networks: artifact removal network and detail restoration network. The artifact removal network replaces the self-attention
mechanism in standard Transformer with the sparse attention mechanism, the mixed-scale feed-forward network is introduced
to extract multi-scale information, achieving better image denoising features. Additionally, the detail restoration network ex-
tracts both global and local information to clearly recovers the original image details without losing image resolution, and then
integrate the detail feature map into the above artifact reduction image through addition operation. The effectiveness of the
model is verified on the Deeplesion dataset. Experimental results show that the proposed method outperforms the existing
network models in metal artifact reduction, showing superior performance in peak signal to noise ratio (PSNR) and structural
similarity index measure (SSIM) metrics, which can effectively remove metal artifacts and recover most of fine structural
details.

Keywords: CT images; metal artifact; sparse Transformer; attention mechanism; detail restoration

RS EHHE:2024 -10-21; {EEIHHI:2024 -12-12,

ES TR L4 U525 3 (202303021211148) 5 11 1548 % F 55 46 & W21 5 H (202302006) ,

EEB /AT TR (1999 -, & B+,

BIEE AEEEA972 5, 58 1, #dZ .

SR AT AL X G E % 5 Transformer BCA 401 B JE M2 1 CT 4 )@ thig RBRIIELT ] TRSE AL & 55 42 il
2025,33(3):197 - 203,212,

¥R MU www. jsjclykz. com



« 198 - TIN5

933 %

0 35

HE N ZE HH (CT, Computed Tomography)
A X SPGB LB, 302 e 5% 1 X I 4R R 9 &
M &% . A A BRI THE DL X S 4 il 4
o o T2 AR ORI P50 . SRR — 7 Y
X FLHEVEA NGRS . ik CT geig fEfit s
17 BRI R . AT DA O S R A [ 2 21 0 R 22
5o BB R A2 W HER R . SR T RUR AT
B, BEENEEEAY (NFEAS BTN T
Voo AR OGN ) X X SRR AS A BE )2
TR B R BV S RO AR R R T, S EE
iy CT EG H H B0W S 7 S IR 55 2% SOR B 5 42 T8
UL SRR SR CT BHSAPLSE R &, 500 5 &2
BRI . DR A R DR B K R AT 45 Ok 2
RPN &R R 2 BRI B OF SRS 46
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BEXE XA ANIE 58 3 ()8, [ A AR T A R O R
% (MAR, metal artifact reduction) %8 ¥ B F 38 5
M TR RIFR T —E R . B TSR
o 1 2 By S AR B U Uk RN R T IR B 2 ) B GE T I
KK LGy, PN AR B D 3B B4 8 th
S ) SON, AT R AR R4 O . AR Ak
S5 SR B IR T A e A AE I LN AR ME IR B4 A
WM RN, W W A Oy kA A O B ET
P 1E 5% 1 v 52 4 Ja 2 Wil %) DX Sy s 2 5 R T AS [W) 1) 4
TH AR NP . e (. 20U E LA — 1k
PRUEBOR S AT R . %7 s A R H Y S, {H i
TIE X B A RS R 2 A — 2 ]
REAFEAN TS, SEEEERGHA RAE; EAE
LM R T A B T D A A 32 R e 1 I 5% 18] K
AL/ BOAE R IE5Z B h B CT K&, BT LHlE
) T ) 5 AR 3 N A A 2 AR AN R . T HLR AR
YRS BT, FOl R SE I PEZ SRS . B T AR 4R
MOBL RSE L 08 55 0 B e bk, TR — 9 MAR
PR ARMETE BT A 16 B0 T 4R 192 NI R s8R, R — st
WS DL AP E 3 R AR 7 kIR 5, filS & MAR
Tk AL s AT & R I BB .

VTR . TETR 27 > 72 B8 2 1R 3l F0 43 B 7 TR
BERKIWHEDT, WA TRZETREXIERE
JE 5 Oy T IR TOREE I RIOR . 2 B 22 ) 2%
(CNN, convolutional neural network) H. 7 il K 1 K 1%
FRAESREECAE 11, SCik [19] O3 F CNN R
2] 7 N BN 4 A R LB, I E SR CNN 5 4%
G — 4k & E & & IE R % (NMAR, normalized
MAR) %G, FIH CNN 02045 45 J8 Oh 5% 52 i i) 14

W I 20 T P R . DAE7E NMAR Z | 52 38 A0 19 A
IE . NI — 2 P R T i . 45 R R W R ) 2 5
W CT EHMR 4 )8 P2 ZBR IR T H . T IR 2% 2 AL
BT EMR G 2 T el Aoy g =2 B, Rl Ak
W, MBI RZ RGO 48 th i ok B & 4
X, ek [20] #2873 F CNN A9 izt MAR #E 42
(CNNMAR. convolutional neural network based MAR),
¥ CNN W —Fi {5 B A& T H, 7Y ki &2 o akok
B AN RS IE 7 2 145 BOF Rl Ak ey et sl A&k
J— 5K PR D 1 e B R . SOk [21] 4R T s
MAR M #& (DuDoNet, dual domain network), % M %
B UGE 3 E WU P 2 2 WS CNIN Sk [a] B 9K 215 5% B
CT Mg, 4558 R WA T TR IF 5% 181 3 3 140 4R 3 A~
B dlorb e BR A R O . SR FH AU A 114 O =X R A8 A
FHRRCR . WE. 2P EIFRE) TR E Ik W
WL, iR T MAR Wi B J7 v v 5 S 10 X0 £ 40 9 [)
SCHk [22] AJCHRE B i 88 s 7 B L 1 gt 28 il
Rt 25 0 th 52 B f M 2% (ADN, artifact disentangle-
ment network) , X & 45 it 7% F AR 55 4% 3 51 Ak 2 HE B X
Hr AP RZ RN N 25 43 B (0 G 05 RN A 05 . T thig &
I3 [ea) 7505 % 3R iy O 5 figp 2 1) A0, 38 5 7 V8% A 23 ) v fi
FERX WA 3 it LB 5 S A SV Y RN . JF HoE
WA Py i) CT B S b L Br. SCilik (23]
et TR 5 F 1 pCycleGAN W 2%, F] H Cy-
cleGANAE R W B & | % LB ML T,
M3 51— AN B S H B R A T R i 2 G A K P [
IANFERSIHUG 38 5 ST R AR AE R AL B A B
ORI B M RIRBE ). R IE RIR G T B AT
WEB PR L s, STk [24] #2487 2R R MAR
M 4 ( SemiMAR, semi-supervised learning for CT
MAR) . ‘B M T2 > EAR b T i &8 53, di AL &
& & h R 0 IR B A s & T i R 2 Db i sl i
8 11 22 A g it s R AP ) 05 R A 2 BRI T 0K, TR 3
D7 V6 R B Az R AT BT A 52 2 A0 B 4 . DT il /> A6
BRI IF By 1 T o M2 Z M & . ik TR T 2
AW E R LB RO )T ZU R, (HEA Bl
ARt 2 W B A AEA L . 40 CNN H R 5 #8 FR 1L 3
ATHRIC, HE DU PR R RO D¢ & . x4 R il AR B
WHERE AT 559 A TP 4% (GAN, generative
adversarial networks) S B4 AN Fa g . i B 0] %2
1 0 5
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Z R BE JR B R AR A0 Y B9 RE J1. AP X BLA & F Trans-
former i) CT 4 J& o5 B 77 % v 31 g B R 0 40 19 3
WA 2 I Y ), AR SR R A B Transformer B 41779
IR 4 1 Dy i AT A I s BB . BERB AL S A
MST I F P25, P s 25 BRI 45 %) 45 i Transformer f5 &Y
AT PR L DL 3E 4 ) R ER R AE . Bl JE A B TT LUHS B
D) 6% B 0 1 O v R P il I RRAE (S B, AT el &
PRZ AR s RIS 51 A — A B0 1% 40755 30 D o 2, e i o
I 4055 RRAE B il A B AR BB S R R, 1 B i
2K 1Ry Jo o 1 o R

1 Transformer #2 B} 3 5k 5 F1

1.1 Transformer 1% %Y

Transformer™ & [ SR8 & &b P45 58 o — F £ 52 H
T 4b B F 50 B ) b W R BRI T A AL Gl 4
SR AR DL I A7 0F 5 Tk DL B K B B R OE R Y )
B, Transformer f B FE F 45 15 2% — RS 2R AE 28, Ho&
D& A EEHLE (self-attention) , HiFE AR A
(D s

Attention(Q.K.V) = softmax(Q/lL Voo

L 3 A A B R A 91 R Bl A R ) e A Oy
T Attention (HT %0 Q. K. V M B, BIEE
T3 VRSB AE S 2% R0 A A ok A v ol P AR O g B
TR 5 e 91 v fi A BRI AH DG M, T i T X A DG
AR GG B . BT A% 2 AH AT 0 A B 0., 3L
P FH 2 X5 A5 43 6 B 6 A U9 — Ak DA A 5 11 2 ) 6 B AR
softmax MRECK 15 73 4 BF e e U AE [0, 1] Z (8] 9 A%
RO S VA, Xl A 5 A U 15 4D
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o, SECRL MR F S W s IR L, R T DL & fl
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SCHR (261 784019 34 J5t ok A% v 2% S8 o 5 5K 45 B K
B Z 02 RR e, P kSRR G, @l
T T 0180 45 B v 2 ) ke 1 IS A 1) S sz B, e A i
I BB 3 HES R 25 Y0 TR [R] et R e 2 B wl o
WA, BT KERT IIHERT, B TY KER
T 25 S U YRR AR ] 1 AR S8 R T2 B ACRRAE ] B
L X EAAE W, BB “MighEg”, XF
UG A T BAR R R A 1) 3 2 M A v I AT 55 b S X A
PERE RS2 . DR G AT DA AR 5k A B Wi A AT )

g o D A 53 AR N o1 UL P NN A
WANRE” Bt K 52
2 ERWEEREXRIT

ARSCEEH T —MA R B Transformer 4 J@ O 5%
B M 4% (STNMAR, sparse transformer network
MAR) , 32 o 28 HE B2 11 5 58 21 B AR 73 52 i B Transform-
er 3k (STM, sparse transformer module) , 7£{h% %
B = AL AR B SRR B o STM 25 188 {1 B i
H WA RS A TRIER AR topk B EFERF
(TSSO, top-k sparse select operator) FIHE R L K F
AE LA S 26 B 46 TR Bh 2 10 TR B RO I I 2% (MS-
FN, mixed-scale feed-forward network) ,

[, AR SCER 1 A 55 42 J 1R 7 B0 20 S 8 4049 38
J5 M 2% (IDRN, independent detail restoration net-
work) , XM AU T i KBRM%E £ T, D—ida
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LM He (SDCM, smoothed dilated convolution mod-
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g — J2 G i 2 R 5 A B O R E 1Y 25 (8] 23 HE R AL
WY, FER A STM f, 5% #E Transformer #5#
B EEARFE . A S0 TSSO S 52 30 FRAE A 51 . 338
Bf— SRl 27 2] 1Y top-k BERRT T B I N PR B O T Y
130 LA A7 st AT AR AE R A o I, T AR E Trans-
former 55 #Y v {1 Hij 45 ) 265 Y52 A %8 XoF T8 7 ¥ M7 1814500k A2
AN 2 R B @R, A STM 5] A MSFN 3k
B AR AA 2 REER .

GRS U—D DX, W ARRIE, RIS
STM 1E A H AR B ST, STM B4 i #2 n] LLE LR -

X = X +TSSOLLNL X, ]} 2)
X, = X, + MSFN{LN[ X/, ]} (3)
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: [Conv 1x1][00nv 1X1 Conv 1><1] |
Depthwise Depthwise Depthwise E
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K1 e hid BB IR

scatter PRENTE 5 B R ALK HAE R B ¥y 0, XA
3 50 VA A T DA A B R 6
T
SparseAttention(Q,K,V) = softmax[Tk (%)}V

(4)
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WE 3 s, ASCHE S LR SR IEAE AN Z R
VR B 4 BBE 12 ok i MSEN, 4% — N A X, .
Je Xt A RS AT 2 3 — L /E (LN, layer normali-
zation) s JHF 8 i ABOHE 09 4 A TS A0S SR
M2 Ab B, 4 FORMH 1 X1 HRY REEgEE, K5
W Hk AP FAT A0 3, 3X3 A1 5 X5 P B 4 B ok 44
2 RE R E B, RelLU 7% o852 —Fh % LAY
JE LR BOE R, A RS AR R, AR
KB A MR R . B fok B XM &K R
A ) ROBE B AE il & O F il — B BUZ M g R . W
It MSFN 3 AN RHE Al A S A2 R R

X1y = o foepmiecomans feomia LLN(X, D10 (6)
Xt = o{ foapmiseconses Sfeomna LLNCX ) 10 (D)
X% = o foapminccomas (X1 » X2 JTYT(8)
X = o foamieconss (X7 - X1 JTYT(9)
X, = feowva T Seoma (X5 X700
2.2 HFTIEIRE W4
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AR SR TAUE ] — A 333 BB R & 43 3. @it
EBRAER R AR LA B A 0F B R 2k 3 rp . (R R an
PHEVE AT, BSOS 3 X3 BRUZHATHE— 51
I RS B S A E A A a H RRIE

2.3 IRKEH
RECS 2 iNE O
I, = STNMARCI,,) +IDRN(I, )  (11)
L1 512k bR BT B 422 A i A i B 5 B s B Z 11 Y
BERZES, HENREEY TSR PR/NME, JFH
fEBCAITE Zy il 8, L1 JE 80400 2k R B8 o A lER
H b5 B Z 1] 22 16 1 46 % {5«

L= 2 [ Toa — I, H 1 (12)
i—1

Kb n WINGFEA R B, Loy AR ER. L1 ik
4 5K eR O] L2 AR AR R A T R 2 T R AR O
M 3 e /MBI AR K PR BTN G A A A PR i
T HRE B . L1 A5 5K o8 B T B 1 5 2 A8 A0 485 1] 2 [
TETR) X SR B A AR i . H S S R
It DLE e L1458 2% DLl B 02 22 90 R s 2 s, filE O 52

WA TR A T 1 5 R

3 XREERSH

3.1 EWiEE

A SCH IS Sk [19] AR B9 7 26 4 e h i %
Y B 04T R AL B IR A0 3. 15 4% AL DeepLesion Y
A TR Pl R I IR CT ER . SR 5 sk 90 3k ATl
4 JB I AR R B 00 T i AL S TR A, Gl A A
LG ST A I A W 7S O OR FH R B R BN (FBP,
filtered back projection) % % & # A4 BUR & K/N K 256
X256 W4 @ Oh S 1%, HEit 4 500 3K, O AR IE I 45 B
THRERY A R . K B B TR D R B AR o PR 4
Ho 80X FF I, 20% HF i .

AL MRAE Pytoreh BB 2 SJHEZRSC B, Il R ik
R (iteration) WEIXE N 300 K, HtatH &% (batch
size) WEN 8, RN H AR R A AL Adam f fL
RN Zhid #2 . B iR~ 2] % (learning rate) & HE Jy 1X
10", 92 K k&G FH A 5% iR KOr 3] 1X10 °
L1 $K REU AL B B AL =1,

N T BRI A B S AT . I Y A
TG AR SO AT b, XS X L B A
CNNNAR 42 3 . ADN 44 %% | InDuDoNet % 7 |
DICDNet 53" . ACDNet 535", & 5 2y B AL I 3
BRI 3 5K A Bl 5 R IR DA IEA T 3R X L
3.2 EMESWH

ANl MAR B35 %0 AL AT 3 5k & Thi 7 B JE 47
MR EE R WA 6~11 FiR, ATLAEH, Qi AR
EJG A JE th i ¥R 2 A Sl . HARk#i, CNNMAR
S BUE R T AR A SR TE DR . HAR KRR K
BT &R T MALEE . Bl TR R,
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(a) Ground truth (b) Input (c) CNNMAR (d) ADN

5 fRabEm -t R K

(e) InDuDoNet (f)DICDNet (g) ACDNet (h) A S8

B 7 Case2 SZI6 45 WX Hb &

(a)Ground truth (b) Input (c) CNNMAR (d) ADN

(e) InDuDoNet (f) DICDNet (g) ACDNet (h) A y: (a)Ground truth (b) input (c) CNNMAR (d) AND

[ 6 Casel 525545 Xt H &

PAZE R R e & sk B Db . TC B ) ADN Bk &
H A R AN T, PR B2 AR H CNNMAR 55

R, HARERSREARAE, HZgREmkE (e) InDuDoNet (£) DICDNet (®)ACDNet () AJCH I
Rogtk, S A —FRE FFEJ, InDuDoNet B ¥k B8  Case3 52H 45 54 1 [&]

B 11 8 (a) ~ (h AFREH ROT J& ok &l
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FTIRACH, FB ™ 5 4 R O 52 0 [ B do K 52 1 R 3R
SR AT, 5 ADN B AR LR T AR (H A AN BRAR
DICDNet Bk 3% LBRAMIE, HIE B ERK L, 155
4 At T e — S A S5 R I 00 Sk RN AR T R A A
ACDNet k36 T DICDNet 5535 17 50k . A5 2B AL
RA DICDNet HyEA THTF, HEARAIRE . HHALL
FPR R SE2& . (HAAFAE BT 505 o S G AR 1% DL
7 28 3 A SO R AR S 1 4 2R AR v LT B 3 P e
BHE RN, ARG g T i W, P T A
XF LT HAL T 1, SR B E LS E R A,
3.3 EESMW

TEE M3 B A 7] MAR 556 K OE T 52 8808 1Y 56 il
SRS B 3 TTR: LD UV =30 E = B R I N < B el LT U =
S, RS WAL S0 (SSIM, structural similarity
index measure) FIWE (A {5 ¥ Ltk (PSNR, peak signal to
noise ratio) XA [F] 55 ¥ 4% 1F 45 R AT 08 B PEAR

SSTM J&: i 55 19 Wi 45 25 K AR DA BE 19 $6 b, SSTM {E
MO O~1, BORACR BRIl an R 5k 181 R 58
ke, SSIMAE N 1. 45 5E Pk E & « fl y. SSIM
A

SSIM(zry) — Qs ¥ CO 2o, +C)

(L+ s +CHGE+6+C)
A p Mol 300 o BIERTT 2. p, Flol 23000
y BEMIT . o, o Fly WHBIT2E, C MG, AW
L

PSNR J&ffii £ K& & & K H I 48 b5 . PSNR {H 8
Ko FoRBEURM BT 8T. HaEMKEGR « My, @i
B Jyik2s (MSE) k5 X PSNR:

H w

1 .. .. 2
MSEZWZ;;[I(“])*%Z’])]" (14

(13)

PSNR = 1010gm< MSE
s i WEMRIE R . Ho W 4 EHE Y &
P95, MAX (o) ZRWER o PR R RBUE .
AHNE A EIEM e AR A 3R 1~3 i, I if 38 4n
TR . 5@ P BT — 80, A SO emn UM Bk i
PR bR B E T, RUIAR SO S 0 W SR RE I AE &
5 PA 2 1) [) P AR 4 3t O B DL A6 PR 0 2H 2L 254
# 1 Case 1 W 515

« 203 -
2 Case 2 WFM 4R AR
SSIM PSNR
CNNMAR 0.869 2 30.776 1
ADN 0.789 1 24,417 7
InDuDoNet 0.882 4 31.494 4
DICDNet 0.856 5 29.139 3
ACDNet 0.875 9 30.114 4
RIXB - 0.974 3 42.693 8
2% 3 Case 3 PEMM 3845
SSIM PSNR
CNNMAR 0.859 6 28.982 9
ADN 0.867 9 27.083 7
InDuDoNet 0.869 6 29.542 2
DICDNet 0.893 6 29.856 5
ACDNet 0.903 5 30.347 9
ASCH D 0.973 1 37.297 4

SSIM PSNR
CNNMAR 0.921 1 30. 9182
ADN 0.869 8 27.0958
InDuDoNet 0.925 2 31. 966 2
DICDNet 0.924 8 30.224 5
ACDNet 0.940 6 32.766 6
ARk 0.984 9 40.052 2

3.4 HRLEIG

AR SCHEH )RR B Transformer 156 & 4071 38 J5R X 45 119
T &R LB, A IDRN  E G & =24t T
WP ERAE . R T HFSE IDRN X L 3 fE 2 7 A 5
W, LA KRR A R TR RESS IDRN LA AE R, A
AT TR . 55— 4 M A% IDRN (48 th i
EKEBRFEE, 5 41 IDRN K& R 43 3 i) 42 )@ th 52
BRE .

V25 6 00 80 SR o A BB o An BT 12 Fn SR 4
iR, HE 12 W LLE T, BEARAS IDRN B 25 1 B3,
ARG B T KR Ay . (AR &R 1 E o & A8
. DG EOEE R AR . W IDRN HJ2 R & 7 3 4
SCHE, BEGAIREA T B ik, EA SR AN SR AR B
Mo MAERMIATEE RF 532 IDRN gL T . Bl
B RN H S A R, R4 BT LU BB
i IDRN B 285 5 2 e 1 .
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