%44 % B 5HI/2024 &£ 3 B/ SR

T ZmERE X EMUCTransNet YA HECT
B OB E ) RS

xR eELESEL BRA &Y KEHR
VBT R RIS E BB, B I8 241000
AL RE BAEMAE W E A LR E (KR KF), TLH F A 210096
IRE R AR R S E AR, VL) B At 210096

E N — R T £l 8 3¢ XA UCTransNet (MC-UCTransNet) 8 & 4% $8 8k BE 20 % 97 2 . 3% B 2% LU
UC TransNet by 3 At 284, 5% 3 385 48 YRl 15 e 4% 13 18 28 SCTE 8B B ofe 318 v 56 b4 Rl 20 it 1 B, 5 90 XUy A U o 71
ity 1) i L I X % P A S A A BRRIT S A8 ST AR B ] B A b A I AT A G T R S A SG M DB T 0 AT A
TE$2 B Al G, S 3056 b RE 2B Bl B 2 2 180 0 15 I8 38 4 o O i — 2 4R o AR AU G LA 1 BE L I 45 DI R SR TR A R I
Sigmoid FRELIIH — b 7 o SE 45 R WY, 76 B LB R B A SR b R A3 AT 45, T R O Tk REFRAS UG I 0 S5

BHENR , 55X L5 A0 L, o0 fife S 60 22 A e TR 457 ofi 32 e g s Eh B2 o) b e BT 4
KR HLaRALE s WRETH R HLIZ R s B Rt 2B ER RS A M

RESES TP391.7 NERES A

1 5 5

FHT, XURE T3 HLITZ R (DECT) 2 8
Z T S A RAE UE G AR I R I2
AT LA S B R fifk LA B RE i 6 R M AR, BAT B
Il R I2 5 0 A 1 DECT b kL3 J5 i 7T
oy 326 HARE R L B TR B 2 i 5 1
HE T RS 43 i T v o B A R T R R R
MPIAS X5 2R BE 1% b Wi 4 Mool ofe 32t Sk IR 4R, (Hi% 26
TR R, B A R SRR R R
B T B U 73 1% T7 75 RE NS U s AR B Sl B
figp izt A VP ) AR LoV ROV, I BE B L 1B T B 2 R AL
P (E vy JEE AR T 00 e 5 52 9 5 R L AT — B, 1
XCPE AR 3 U] 4 (10°V 5 2, Hovh vV, oy i (L )
DECT &5 i i 8 R i — Pkl o 2 T IR 7
fifk 7 ¥ B S DA I e KA AR B eI A O OURE
G IR A R R AR R R R, B
A RIEE R . YHT DECT £AR % i 77 76 1Y
] B2« 52 e R AR CT RGeS, 4 ik S 1)
BB 22 i — 2L TR, S B0 A LT e, R
RGBS W R A S A DO R AT 52 0 Jis 5232 i
5 .

B T VR B0 S B RL O3 il T e G Y R I R B

DOI: 10.3788/A0S231715

6 T I A PG M ORI A A R
EIZ 5 M L R, Zhao 285 1 6 50 45 5 0
% 5 R o W R L R R B A A A (R
IX T 43 i BRI e 7 /K F- o Heo &5 I Bk DT fic #1
3D U P 2 M Bk ST o i AR A R Lee ST
W 478 4y 2 Wy vk N T 40 i 1 AL BN S A B
R, LK B 0 0 A s . Xue 2 1 51 A 6
B, SR T 0 2k PR 1 W) 4k ok 38 TH I A R 3 il JE 1 1
% . Harms 85 F) FH BG4S 2 22 18] 04 48 811 1F )
A St - i PRG3R R 5 3 e R B O A i I
BIES T S =N A & S B Ry st Y N |
A 11 S SRR AE A8 SR 361 56 2 00 B8 T 3 4 L 43 it I
Mo BRI SRR o B 3] AR R 2 4 5 R = )
) i 0 1 D DG I, DA T — 25 B AIG S A ) 1 M s O
5. Ding 55" % 18 3 K% WA 7 B RS B 3L ]
o BN I 2 e A 8, Bt — PR B 1E AR s L
F XA R AT AR . B ISR TN IE
Wk B 7 2 A 0 it ok R A ok AR RSt R s K A i i R
G, M DAV B i 3R S b B R Z T B e e &R . B AR
P22 W 25 B % R Sl DECT B4 8E 2 it 0F o8 #2445 17 37 19
WA, Lantz 57" — Fh 3L T 2 8 7 Ik
(ADMM) 9 32 A I 05 ¥ B il 22 I 25 1 R w0 1R 4L )2
FUIE A28 3R A5 T 5 i () 3R M R A RS . ol

KRB 2023-10-31; {EEIHHE: 2023-12-11; FRABAHE.: 2023-12-14; MEH X BHH . 2023-12-23
ELWB: EEAMKRBAIL4(61801003) \ZHA B 24K B # 05T H (2022AH050968 )

BE1EE . livjin@ahpu.edu.cn

0515001-1


https://dx.doi.org/10.3788/AOS231715
mailto:E-mail:liujin@ahpu.edu.cn
mailto:E-mail:liujin@ahpu.edu.cn

SO AL G 3 AR 0 A 00 SR L P B AR R 8 I 4%
(CNN) Y 1 W) A 150, 0] A %4 i 43 i I 1l 1% 1 g
P o LU bR T 1S 0 IS A RS R A R
AE P 1Y 22 S 1 Ry e 96 33T, AT XoF Sl i A i o 0 A I o
R %07 A RO D T AR L SN (R S
BEOME R ) ) A Xou AR S — A R 45 R 4
T2 )2 41 R A it 2] i o3 A OBL I 245, AT S R X i A g A
1815 S50 3 B4R B, (H 78 358 4 100 % 45 0 14 4 45 7 T 3K
BORAE . Zhang %57 4R H — Fifr i) sk 700 [ £ 25 4 12 0
YR — A U5 38 o 5k 2% 5 ) 10 A8 SR A SRR
fif 3 5, 0] B2 4R TE gy 0k M R BIIR T &
Kawahara 2" Fl I DECT K44 8 & i 2530 kV =
% CT HAE AL A DECT IR Jg £k 10T 47t 10 2% 114
B N Sk 58 I B RE A0 o 5% 1R ) £ () )R %, Shi
ZEPHLH —Fh DIWGAN LR 32458 70 4 FH 9 4~ U-Net
VE Ay A B 2R 43 i 2 BURRAE | I 76 A= Bl 25 B0 05 )2 L)
B 255 2 O LB £ )2 AR A Bl A E 2B R 7 R4
AU fit AT SR A AE /D B 0 i R R o

LR B 24 2] B FE AR 3 i B R 3 T AR Y
VAR SCHRE M — FF T £ 18 28 W L UC TransNet
(MC-UC TransNet) i [ {5 $sk XU B4 o0 1 7 o 1% M
25 SR FH XU A KU 2R A al S B — P 3RS R TR Y
Lk R &2 . BT 4R W 4 DL UCTransNet' ™! 3 3 filh 28
4, R FH 38 18 28 XA A Transformer 1528 F1 18 28 X E
TR P T AT AR ) 3 1 S A O, AR 47 M it
FT R A 45 55, 52 0 L b R A i B A2 22 ) 10 13 L
LA, SUCIRIEE, oA T E S Y CT BE Bod /9 4
SR FE 4 I 2 B 2 T Sigmoid e IH — 1k
J7 15 R A T 2% oA B0k $it v A5 B Ae IR B R A e 1
Hlf 5% 45 B WA, T 4R 1k 1T A SE i DECT #1438 44 R 43
FRAT 55, I BEAT 200 i 3k PR e 75 R O 5% | 2 5 4 R
RS BE, 500 ey i AR b BT — e A .
2 F %
2.1 BBER o R

FEDECT 1, CT IS A9 80 2 80n] fr 3448 CT

Pl 19 58 0% KA 22 M 4 45 o A7, I 3 L 12
SRR AT 1L 34

R
My Mg Mon [\ X2

b AR AR AR LA H 23 01 2 7R AR BE 1% AL R 1 4L
P, T AR LA 2 s WA W] A 38 A8 KL 1, ol bR
ie{1, 2 B je{ L, H} T R Lk Il R H 20 2,
Sy T A R B ORETE P A TR AR [ 2 B Y U — b A FR )
B0 0 I DECT BUR BB RN . i A RN 4ERH
2N X 2NN A PG b B4R 2R S0 BRERE 7 il 56 1, )

I a1
AV“ ”‘) (2)
/111—11 ,UZHI

& 44 3% E5HI/2024 &£ 3 B/RFEEIR

K TR RGEFCRH NN AR, R (D) Tk
Fp= Ax, i p R i mAREE EASR o e ) 2N
Wi x o fE AR RS x ) xe, 2[R 2H B 2N W)
o K, AT DU i AR B R v N DECT & s
B ELAORLEIMR o 38 F BRE o3 i i o B SR A R R I
THE A AN 35 (1) R 1 SR i 2ok B 302 PR R A 12 W X 2k
AE T 0 [ N, P b AR Y XURE LU g /e TR 035 22
SR EUR M B ARSI BUR R, B SR R T AR
B B bR RS 5 5 4G CT IR AR A5 e AR, K44
FEE R ALY AN X — o i i B A2 R DECT B
W B S WA R o S T R IR G — S, SR FH E I Ak
PR 249 SR 7 3 R A i) 3 it s v ARG R L ik
B, G B %) 35 A L 43 ik [) AT 375 S an T H Am R %K

mxin(fo*I,u)T(x*A*I,u)Jr/I-R(x), (3)

A R(x) S50 2 oIt H] T 29 o 43 il Jm 5 b L
R 4 15 B o R(x) 53 78BS JEA1 8) o3 i
U h 2 OCHE H . BOARE W AR 2 2R A i O s e AR
R MR AR AR B SRS R
JE e A B R) A R B N A 2 S O R e M 22 A
F) A, BRI T AR I R b A R E DL FE o R
(RIS
S BN DECT B & 3] 5 b1 R EIAR 3 — 43 fiff 2o
T, RIS H b pR B (3) R A, TR 2 2 2] (DL) J5 vk Al
DUKE HCTRT AL R SR i T H s R 2R
mwion—M(/l)Hi, (4)

KRB M (¢) F R M DECT FE 3| 3 44 6L B 1% 5
WS o X I o B M (o) 78 B B S SRy 0 4 g R
Ao Rl TR EE A2 2] 1 DECT B ORL 53 fi# AT 55 7]
23R Ay 3l 3k B4 9K 50 1 J7 2054 — A1 LA 308 4k 1
FEL R R B, AR IR A 2] J7 5 T A R TR 2
B i) B —F RS, SAEG TEM L AT
DIt S 1 P B8 R S P f b TR BB, 48 A2 B BOR B2 1Y
KiE . 78 DECT EIME 43 i 535, TR BE 2% > A5 7Y A 3 5
il AR A5 1 J2 R AU SR d s L2 S N iff S M 7S 43 AT 1Y) e
J3, AT R0 3 AT e P S A W 2 B v R R RO i
HE 1 B A R
2.2 MC-UCTransNet

DL UCTransNet Sh JE fify () 26 855 7Y | DL [ i 53 %)
g5 WO A 2 R N T A B 00 5 IR AR R PR B2 AR
ERBER TR (S ARSI NI R R A
DECT B AR IE A5 B 38 B o A& F 51 2l ST i A4
W 245 5k 3 1 42 B v A i C T RIS AR AE 1Y 5 32, T 3R 7
125 e 0% T 4 i R T RCRE A5 S, , DA T A5 3 55 A o B AT
SEM A . UCTransNet fff FH 4 i #% - i i 4 42 4, JL
o G i A 2B AR 3 9 R IR AR RRAE A 55 8% R R AE B
FHE B FEM RS . T B Ik g RS AR O R
FEAEAR B & K, 76 9 1 &% F0f 6% 4% 22 [a] 39 38 &
Transformer 45 ¥ , & L (L=4) Rk LI W & L 2

0515001-2



a4 % F 5 HI/2024 £ 3 B/EER

Transformer, fix 255 L JZ A9 4 /™ @ o TR A2 5
5om s dn FEAE AT AR 22 i WM N 0,.0,.0, 1
O,, il it 5 Mg 5 1F D, . D, D, D5 REN
&% AT MRS 0,.0,.0, 0., #5515
W FEE D, D, D, D, EAT 90K, TS B g A 5 R
fIE RN fi B 2% 47 AE Z ) B9 REAE @l A o an B 1 TR,
UCTransNet #& 7£ U-Net i 3 it I 2 #8452 59, U-
Net H A i 3K £ 2 R AR IEA5 B 00 3, (0 3 40 74 2%

F g 1 2% 22 0] AF AE B P e, o fA PR Bk BR O
23 5 AR ) B AP BB . UCTransNet fiff H i 8
Transformer( CTrans ) B 48 5 B G U-Net (19 Bk 2% %
Bz, UL 4 b @l 4R 05 25 R AE o 3 8 Transformer H
2 AN B H A A - 38 3E 22 Xl A Transformer (CCT) 5
Yo, T 2 ROBE % i1 2% ¥R AR Al & 5 38 8 52 W iFE &
(CCA) BEH, J T it 1% &% 45 AF A1 3G 58 CCT R AE 1Y

(LS

reconstruct dual-

multi-head E, J P o
cross-attention A
i Ql Qz Qa 4] //'
w0
!

MaxPool+Convs ===® embedding

LN LN E5 ERH/ISXW/ISXC
I

energy image

|
L@
-
ak
=
8-

1x1xC 1x1xC
—"
1x1xC 1x1xC
G

|GAP
’ HxWxC

0, D, l UpSample+Conv

HxWxC Di

soft threshold
segmentation

tokens

o,

reconstruct+ .
channel-wise cross attention

Concat+
UpSample+Convs

El1 MC-UCTransNet 4514 &
Fig. 1 Architecture of MC-UCTransNet

v 92 B DECT KR 1y A 8% 43 L B il i
UCTransNet @ 4 AR RUEE 58 14 ROBE B9 FR1E &
E, Rt R 512 pixel X512 pixel , ill {8 800 64555 2 1R
FE R RRAE B B, RST980IN S5 R 0 1/2, 38 18 5038 i A
JEOR B 245 5 55 34 RUBE AR AE 1 E 5 RS itE— 2030/
SRR 1/ 4 8 TE B0 0 oh JEOR B A4S 5 A R
B R E RT3/ R s o 1 1/, 38 18 £ in ok Ji
K1) 845 o AE G fith 8% i, A [A] RFEFRAE R H CCT
Yok ik R s miE s B, LM RE L F XS5
HEE SRS ST BEAEAE I RO o L2200 . FEfR G5
v, CCA B il & 22 RUBE R AF F AR5 25 B B 1)
FEAE , DA D3 SCJZ RS — S50 ) B, 458 95 I 28 X i L
JZ AN — 0y A 38 GE I R0 H A Y IR R

1) CCT B de g Hy

JIr 4 W 45 4 22 RUBE R i dix A (MFE) 38 B
FEAT ROE FRReERR T.(i=1,2,3,4) i@ )21
— Ak (LN) 4b B R AR AT 0 — 4k . 20—k 238
T — 2 W S A BCE B S0 R O 22 R AT 0 — 46 Y
FF R — 1k J5 00 BCHE 2E 4T 48 R A DA 5 8RB

JE G 4 A, DT 5 o A 25D 1) A e R I s I
P Z ki s iEE(MCA) T A EE i E .
1E MCA H  FRAF B 950 R 443k (head) , B4 Sk #6 A
HC AR Q) i (K) M (V)M M. @it B
VLR B 22 [0 B AR ARLRE |, A5 2R AIE 18] 0 1 2 AR, v
LR 3 7R A A 308 T8 At 3 % M L O TR A
0 T B, LIRS 5] 38 38 0 FRRAE R, A
T A7 2 A (] 3 0 22 (8] B A5 5 A DG e s il 22 J2 gk
HEE (MLP) 2% ) — RAHEL e g . Hob iz MLP
H— A T J2 I — > A i 42 )2 1, T i — 20 B BORD
FEARFRIE Z 0] 1 52 242

2) CCABLH &1y

JIT $2 P 25 4% Transformer i % 1 O, 5 fiff i1 4% R Ak
D £} CCA iy A, 75 F 42 7 F- 21t {1k (GAP) 4
B RBEE AT, 4 JR S Xt Ak B A R i ACRRAE R R
B A AR R AR HEAT 3, 45 8] — A 3 — P (E AR iz e
fIE L b Ak B 1 o B S5 X AN ) RUBE R AE O, #E 4T A
BE O, PE— 00 P8 TR S SRS

ZIN o

0515001-3



23 HMKEH

ZSCHk [ 34-36 1A IS &, W 25 )11 Gk Aot SR FH S 2 4 %
25 (MAE ) F 25 ¥4 AR M 45 20 (SSIMD) K 44 185 38 T
DECT 541 BL 53 fiff 1 18 & B 2% s 4. Hovh MAE #5128
HIHREA R

‘ e
LM (g, x)=—> g — x, (5)
i=1

Ao Ty IR T Y JE A ORE G RO I A A 2 1]
Bm HBFEB BB ThR i RR B MRER . SSIM 48
SR R RN W]

(2t e, T 1 (204, + C5)
(p, +pa +c)oi + ol +c,)
KA p RORER B ME 0" ROREB I T 22 5000 35
7~ PR AR B 08 7 2% 5 00 e, e m 5 BB WA TS B AR
KM H B, X SSIM 45k i R ol

,(6)

Essm(x,, x,)=

LSS]M(II,J"):I*ESSIM(y’x)o (7)
X T REAS M 4 R A R R s
Ilza.IlM;\E+ﬂ.LSSIM, (8)

Ko Mg HMANFhENBSE
3 SCER RN
31 HiEEE

1) D % AR 2

SRR A IR B R T R A R 4
M A B 2 AR 15 4 5 o uCT 960+, % HH 4l 1)
FH 7 AT SR AE B B K/N A 533 mA L H
JE RN 91 80 kV A1 140 kV, U1 - JEE E 4 0.5 mm,
5 B A5 2% (9 FE B Ky 1118.36 mm, J5 B HEFE bt (1 B
B 600 mm, % Z A 5  0.98 mm, F & KR F R
512 pixel X 512 pixel, 25 Hxf 80 kV Al 140 kV 45 Hi
JE R KR 512 pixel X 512 pixel f CT E 4 347 fin 4
B 53 R AR AR BE ARG o DA B Sk R 20
ARG A 61, AR 2R 8] A 330 ok 1 5 it ol A Oy < AR T
BB TR RN R AL, & TR B T,
R R A T WA A ] B4R 3R AT DL AR
N AR AR RNIR A iR IZ SR R IR T Sk
U (5 AL .

2) DECT B # % &

T AU [F RE S A9 CT #0575 B 118 X 4 4k
RETG PG BB L BL . SR b Al i — AR ik X i 2k fig
T J 43 B MAS RE R B X B S R LA R
BB CTHREERBAE m(nm=1, -, M) HERE I
(AE,=E, —E) & XHEBL/ (,=1, -, L)
MG FE TR R T R R

E,
ZW:JEW I,,,,(E)eXpUre/*/x(E,r)dr]dE, (9)

st [ B[ argeme AR, W X 02

r

a4 % E5HI/2024 £ 3 B/EER
AR /RS s IR R B w(E, ) e E R AL b
2R PE Ik R B L, (E ) s I X G 26 5 & 59 1) AE &
EMEGE T B . o F AR 5 A0 3% & W Fh A4 R
CH AL, u(E, r) Al AR A
u(E,r)=¢,(E)p,(r)+ ¢ (E)p,(r), (10)
K, (E)M ¢ (E) 55 R ag i E T 8k F ik 41
149 I R U AR B, % AR BT LG i K R 5 T R A o
5 £ R #F 58 B (NIST) # 45 (Hubbell & Seltzer,
1995) " rf i) AR KA E 5 00 (r ) Fl o, (r ) 53 0 268 1 3k
FVEA ZUFEA B A H . XS 2R IE D Tl & 1) 7]
I,EI?:J:” 1,(E)dE, (11)
B (1O A= (1D A9, 7] LIA5 5

ew=] rtEren[ = [ _aE)er+

¢S(E)p5(r)dr]dE, (12)

Xve,=2,/L) r, (E)=1,(E)/L) 75 &% X
S5 £ 5 2 AN g% R BUE BT — AR RIS A . B
it 5 o 3 (12) WA R A7 X Bz 5, 15 B RE I CT iy %
R -

D= an " (E) eXp[ - J’_G/qﬁb(E )y (r)+

¢S(E)p,~(r)dr}dEo (13)

B, 7e 245 8 CT BB ECR A S &0 T, nl DL 4% 1
A (13) 4 L hE T CT B8, AR5 R 42 7 s AU 4
AR(SIRT) TR R K254 A CT B B A2
Bl o TR 3 A O AT LA G334 B B« B b
FHE G ARI BE I B A R eI R R . SR gk
B A DECT PEHRIEAT B 53 81 LLAR A3 45 5 1 JE 41
FHE G, I ds RBRAL S . SR MR XA 2 e i
IR R E 0 RBL, AERE I CT B B . S A
BB AR T CT 5058 Mg AT B L BEALLAG B
AN [r] 514t BE Bt B 19 HE 1 I, 0 8010V, 140X 10"V,
() DECT P&
32 HEBALE

I8 H] CT BRI HU {8 8 F B85 15 50X — F Ak
P, Bl FH— M A9 Min-Max 0 — 675 3 7] i 2 5 804 —
5 B B R 2% B0 B 93 A R AE L L i A B A9
SRR R S T MR AL VI SR B A B
PRI, 52 3 v R T Sigmoid o KE £7 K0 (1 )9 — 1L b
B, 5 WS 8 — AN B/ A TR A TR T LA A1 R
A B O JS£ e 2 S SO 00T T 25 5 A BT 0/ 2
A g RO 22 S5 VAR iy A 808 1 RO 4R o A6 Y
. H— s a0y

1

S E— (14)
Y exp(—a/c)

0515001-4



a4 % F 5 HI/2024 £ 3 B/EER

0.040
0.035
0.030
0.025
0.020
0.015
0.010
0.005

Phontons /(10" mm?® - mA - s7™)

X-ray spectrum

100 150

\J

1.0 N

Linear attenuation
coefficient /cm™
—
(%]

0.5

R | O @1, (Dexp[-]

RN A 3
E)p (M)+,(E)p,(Mdr|  —
1
— —-bone
—— tissue

20 40 60

80 100 120 140

Energy /keV

B2 DECT EH& A i e
Fig. 2 Flow chart of the generation of DECT image
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Fig. 3 Decomposition results of different methods in the Group 1 test set, where the first row represents images of bone-based

material, and the second row represents images of soft tissue-based material

label Matrix Inversion Iterative Decomposition FCN

Butterfly-net DIWGAN MC-UCTansNet

P4 AT D5 AE Group 2SR i) 23 S 45 8 TR SR — 47 S B AR R BRL I 28 AT AR U RHR

Fig. 4 Decomposition results of different methods in Group 2 test set, where the first row represents images of bone-based material,

and the second row represents images of soft tissue-based material
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Table 1 Quantitative scores of bone-based material decomposition results with different methods
unit: mean - variance
) ) Tterative
Method  Matrix Inversion . FCN Butterfly-net DIWGAN MC-UCTransNet
Decomposition

MAE 0.7676 X 10 *+ 0.7953X 10 *+ 0.2218X10 *+ 0.1299X<10 *+ 0.1022X10 *+ 0.0924 X 10 *+
4.13x10°¢ 2.83x10°° 2.40x10°° 0.88x10°* 0.65x10* 0.59x10°*

MSE 0.0479X 10 *+ 0.0434 <10 *+ 0.0366 <10 *+ 0.0115X 10 *+ 0.0108 X 10 4 0.0098 X 10 *=+
o 2.26X10"° 1.89x10 7 1.66<10 7 0.30x10 " 0.22x10""° 0.22x10"°

PSNR 32.65854-0.21 33.078740.20 33.831740.24 38.8924+0.47 39.1308+0.35 39.58494-0.46

SSIM 0.9701+ 0.9851+ 0.9807 4 0.9926+ 0.9934+ 0.9939+

o 4.02x10°° 0.88x10 " 0.94X10° 0.77X10 ° 0.54x10 ° 0.65X10 °
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Table 2 Quantitative scores of soft tissue-based material decomposition results with different methods

unit: mean -t variance

Iterative

Method  Matrix Inversion . FCN Butterfly-net DIWGAN MC-UCTransNet
Decomposition
MAE 2.7783X10 *+ 2.4921X10 *+ 0.5653X 10 *+ 0.2742X10 *+ 0.2468X<10 *+ 0.2650X 10 *=+
2.05X107 2.30X10 7 0.15X10 7 0.0610 7 0.04x10 7 0.04x10 7
MSE 0.2662X10 *+ 0.2719X10 *+ 0.0315X10 *+ 0.0116X10 *+ 0.0089X 10 *+ 0.0062X10 *+
0.83x10 ¢ 1.03x10° 7.06x10 ° 0.008 <10 * 0.006 10 * 0.003x10 *
PSNR 23.6462+0.02 23.554740.03 32.93464+0.14 37.2569+0.10 38.4406+0.13 39.9546+0.13
SSIM 0.8589+ 0.93214+ 0.9574+ 0.98714+ 0.9888+ 0.9904+
o 1.41X10° 0.18x10 ° 0.13X10° 0.03x10 ° 0.03x10 ° 0.02x10 °

O o RS BE R R 4F oy R BT & MC-
UCTransNet 7F ‘B #% M AH L0 oy i a5 R b i = 4k o7
AL /N, B I 1R T I 4% A U HL AT B A ) AR
15 BT 7R 43 ) R A 8] 2 i O 5 6 A Tl 4R 1 Y
B H% R R L SO R i 45 SR 1) PSNR, Case 1.Case 2.,

Case 3f1 Case 4 3 J Fm 44 . WTRLEH, K
BRATEOL T TR EE 5 2 2503 it i AR T AR 58 )7 R e
ARAT T B AMF M L, 11T MC-UC TransNet 7E 4 4~ 42
WSS IR T L o X — Ak R — 2P R
TR LA R B R

60 | () ==Matrix Inversion
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mmFCN
50 s Butterfly-net
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mm MC-UCTransNe
40
m
=
= 30
7]
a

Case 2 Case 3 Case 4

Case 1

60 (b) ™= Matrix Inversion
== [terative Decomposition
mm FCN
50 = Butterfly-net
wmm DIWGAN
== MC-UCTransNet
40
m
z
a5}
= 30
[79)
s

[\
(=

—
S

Case 4

Case 1 Case 2 Case 3

PS5 4 dUUAR oA [ 7 vk 00 B AL B RE A AL SUSERTRE O3 i 45 SR B PSNRAE o (a) B A% BE BB 5 (b) A1 BUHE R R

Fig. 5 PSNR values of bone-based materials and soft tissue-based materials decomposition results of different methods in four test sets.

(a) Bone-based materials; (b) soft tissue-based materials
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& AR AL 4y fi AR B9 MAE  MSE il SSIM #1 47
B FE i MC-UC TransNet 7F $% 20 23 43 fint & 14
B T 5 DIWGAN AT /Y 45 3, 7 8 8% 2 it KR )
F I EAL T Butterfly-net J5 ¥ o ixX th 3 B BT $2 05 I 16
FERA B i 1 o i S S AL AR R L B BT R PR RE

R iE— 2 LR B 2 ) O VR R Ay FR RS B F AN TR
TR BE 22 2] ik oy g A5 Bl R S g 0 CT BG4
RAE 7R o B 7(a) s b RS R EE (80X 10°V,)
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R . B 7(e) B R fifi HH MC-UC TransNet 53 fif If:
A AT B 0 B R L T & L F Butterly-net Al
DIWGAN J7 ik (W #2453 F A WG h %A a5k
thsg , B MG A0 0R B cdr . 18 8(a) ~(d) S X v
mHREBS ARG Z P 2ZERE ., NESE
DL £ . FCN J7 260 B4 S0 B A RICR B 4T, (B %
BB AR LA B AT T R B Butterfly-net J ik i — 20
W TR B R S LG RIOR s N T o
A EMR 5 R s KR Z B 22 5 s DIWGAN 5 ik 788
AR — /N Xk AR I Bk 22 S, SR I LR i X Yy
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M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M6

P64 ZH I AE v A [ D vk 1 b R 20 U R 43 i 45 2R 1 MAE \MSE \SSIM {H, Hf M1, M2 . M3 . M4 M5 Fl M6 53

4R F Matrix Inversion  Iterative Decomposition \FCN \Butterfly-net \DIWGAN MC-UCTransNet. (a) & # 341 F 5 (b) #4141
AR

Fig. 6 MAE, MSE, and SSIM values of bone-based materials and soft tissue-based materials decomposition results of different

methods in four test sets. Among them, M1, M2, M3, M4, M5, and M6 represent Matrix Inversion, Iterative

Decomposition, FCN, Butterfly-net, DIWGAN, and MC-UCTransNet, respectively. (a) Bone-based materials; (b) soft tissue-

based materials

@) ®) © (D (e)

F7 AT J7 45 20 R 20 i 25 R iR RE AL IE L (a) 2 F Y ARAE 18115 5 (b) FCN A9 2 €44 5 (¢) Butterfly-net B9 5 4 |54 ;
(d) DIWGAN fy s 1% 5 (e) MC-UC TransNet i # £ [€] {4
Fig. 7 Low-energy reconstruction images of decomposition results obtained by different methods. (a) Reference low-energy
images; (b) reconstructed images of FCN; (c) reconstructed images of Butterfly-net; (d) reconstructed images of
DIWGAN; (e) reconstructed images of MC-UC TransNet

0515001-8



@ ®)

E44% £ S5HI/2024 F 3 B/ HEER

© (@

8 AMFTEBRM oM RNMEEEAERSSHMERBGZMMN2ESE . (a) FCN; (b) Butterflynet; (¢) DIWGAN ;
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Fig. 8 Difference between reference low energy images and decomposition results obtained by different methods. (a) FCN; (b) Butterfly-
net; (¢) DIWGAN; (d) MC-UCTransNet

3.4.2 el R AMHM S M EIRER

Sk 95 T £ 5 iR AR ) A3 AT S5 T i e L F —
A 55 IE T A i S AR AR 4 20 3 b R RS 43 i R
R o 9 RN 10 BF7R i AT J5 3 4 ff Je i 25 5, 3L
W B — B bR A A 5 B VB 8 3 ) Ok R i
326 AR 43 it 1 3R A A TR A 2 20 35 ) R4S, AT LA
KI5 A e 0 SR RE S BB B A R K
20 ZURE b v (1 J 2 B DX R A I S O 2R D 51 o
FCN J5 35 1 50 fff 25 5% | B AR B4R DX 3 11 8 86 45 R

label Matrix Inversion Iterative Decomposition

WA, (L HG 5 R PRI 1% B Sk o B R T AR R 2K TR
PR 2L IE AR ER et B — e R 5 A 5 B
Butterfly-net J5 ¥ 1 43 fif 45 5, H o3 f B R ot i 8¢ i
3PTEA TR AR SRR — o R
BOM 5 265 75 %1 S DIWGAN J5 2 10 7 i 25 5, 3 SR AR %
T Butterfly-net J5 ¥ i K& 321 4 T8y 1 W , (A5 47 7
— SRR Z5 4 5 58 - 91 5 MC-UC TransNet J7 % 11 43
fif 25 R, AT LLE B, 53 i Jo 0 B 04 Rk R i 2 45 10 ¢
T8 W, GO B
Butterfly-net

DIWGAN MC-UCTansNet

9 AETJ5IEAE Group 1K o B9 70 MR 5 50, FErh 55 — A7 D9 LR RHIAL 35 — A7 W B U R K]

Fig. 9 Decomposition results of different methods in the Group 1 test set, where the first row represents images of iodine-based

material, and the second row represents images of soft tissue-based material
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Fig. 10 Decomposition results of different methods in the Group 2 test set, where the first row represents images of iodine-based

material, and the second row represents images of soft tissue-based material

AN T3 53 At U PR IR L 2URE BHATMR g 32 MSE . PSNR F1 SSIM | 9 3 B L T HoAth 5 05 i%
g RN 3. F4PiR. FTLIEF :MC-UCTransNet  H A 5 & (9 4 K B2 A E 4f i B 4% 5T & 5 MC-
B T AR AR | B SSIM 26 B T Butterfly-net LA UC TransNet 78 B b1} K2 120 2010 4y fife 45 S vh it 4k 7
K AE MAE B9 3% 3L K T DIWGAN, 78 MAE, 220/, RWIFT BT 00 25 450 8 HAT B4 i) A2 0

F 3 ATy kX BLRE A RL ik 45 R 04 R T
Table 3 Quantitative scores of iodine-based material decomposition results of different methods

unit: mean= variance

Iterative
Method  Matrix Inversion . FCN Butterfly-net DIWGAN MC-UCTransNet
Decomposition

1.0684 X 10 *=+ 1.0729X 10 *+ 0.2807 X 10 *4 0.1634X 10 *4 0.1157X10 *=4 0.1427X10 *#+

MAE -8 -8 -8 -8 -8 -8
73.29X 10 77.35X10 3.22X 10 0.51X10 0.95X 10 0.43X10°
MSE 0.0613X10 *+ 0.0649 <10 *+ 0.0322X10 *+ 0.0042X 10 *+ 0.0052 <10 °=+ 0.0040 X 10+
o 3.26X10" 3.87X10°° 1.04<107 0.04x10"° 0.06 10" 0.01x10"°
PSNR 31.684540.25 31.440740.26 34.476340.25 43.3787+0.34 42.3866+0.33 43.5526+0.13
SSIM 0.9667 £ 0.9793+ 0.97534+ 0.9948+ 0.9940+ 0.9947+
o 6.22X10° 4.38X10°° 1.89X10 ° 0.10X10° 0.22X10°° 0.14X10°°
A AR TT IR ARSI B il 25 S 0 R TR
Table 4 Quantitative scores of soft tissue-based material decomposition results with different methods
unit: mean - variance
. ) Tterative
Method  Matrix Inversion . FCN Butterfly-net DIWGAN MC-UCTransNet
Decomposition
MAE 2.3850X 10 *=+ 2.2024 <10 *+ 0.6133X10 *+ 0.4009X 10 *+ 0.3295X10 *+ 0.3466 X 10 *=+
’ 6.30<10 7 5.85x10 7 0.43x10°7 0.17x10 7 0.24X<10°7 0.16 X107
MSE 0.2148 X 10 *+ 0.2202 <10 *+ 0.0313X10 *+ 0.0115X10 *+ 0.0125X 10 *+ 0.0112X 10 *+
) 1.96x10 1.98%x10° 0.04x10* 0.08x10* 0.02x10* 0.03x10 ¢
PSNR 24.5465+0.08 24.4386+40.08 32.91224+0.08 36.31104+0.58 36.9219+0.22 37.38434-0.37
SSIM 0.87324+ 0.9317+ 0.95394 0.9807+ 0.9814+ 0.9815+
o 2.19X10°° 0.47X10°° 0.23X10°° 0.19X10°° 0.11x10°° 0.15x10°°
3.5 #HBESMH W JI % F DECT 2 44 8k 43 i ] 8104 18 FH M 18 H
3.5.1 WM&t il ek sk 1AL B MAE (945 2% oA B 3% 1F 25 #4 AH L P 453 2% XF 43

TSR BT R 7 I MR AL E— B X T WA R A fe SRR T, OF A A R d /D VA — AR B8 HIE B
BHUED 0K PR O — A AR B 3 S BEH BEAT BRI A B — A J5 R T o iR e TR R g B2 O
THAE . SRR CERE DM U-Net FIERIEEE SOk
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AN BE A R B TE S R WL SR 6, KD
L6 A 3 a] LA, %A 51 A B E FEE AL
il IS, A Y T 45 2R 32 R TR A B2 BORITRR AIE fil 5 1Y
AE ), T BOZAR B TE m AR BB Z 1) 19 {7 B sg 4 3R
A, 52 ) de 28 03 il PRV A i A FE B, 51 AT E U
E AL AT LUAT 880452 JRURF AR I 2E 4T R AE A, DT 2R
13 S HERR 0 O i 25 R . BE— 20 M A SSIM IR &
5 2% R BB A AROVE L I LA AR S AR 6 TP Y S = A1 4
i, T DA Hh R A a R A I T R X IR TR A

#5
Table 5

KR EAE LM B AR S A R . B A A
MAE i 25 Fl SSIM 45t 2% , 68 % 5 47 Wl f fL A2 A, 42
SR A R R HERR T . e, SE IR IR IE e K /D
VA — fb 9 A 3 5 3 A RO o DN S RN 6 A I 4]
FEE G ) AL 45 R 0T LUE 3, d5 K/ 3 — 4k fit b
P74 ff O 0 350 REIEMS B PSNR & 25 F R, X
Y5 UE T 2R F 2 T Sigmoid (15 — 1k 5 2 10 B RchE | 18
1o R A B 5 v R A AR AR S BCE X O i 4
) 5% 1)

IS T BTS2 SR B9 R T A

Quantitative scores of decomposition results of bone-based material images under different models

unit: mean= variance

Model (w/0) Attention (w/0) SSIM Max-Min normalization MC-UCTransNet

MAE 0.1271X10 °+£1.09X<X10°°  0.1772X10 *4+1.56X 10 °*  0.0933X10 *+0.65X10"°  0.0924 X 10 *40.59X10"°

MSE 0.0129X107*43.09X 107"  0.0123X10*+2.51 X107 0.0085X10°£1.55X 107" 0.0098 X 10 *4+2.17X 10"
PSNR /dB 38.3890+0.37 38.5899+0.34 35.4132+0.50 39.5849+0.46

SSIM 0.991249.33X 107 0.991748.66 <10 " 0.993248.35X10° " 0.9939+6.53 X107

6 AN [FRBIRLT P UL RO i 45 SR E =T AN
Table 6 Quantitative scores of decomposition results of soft tissue-based material image under different models
unit: mean variance

Model (w/0) Attention (w/0) SSIM Max-Min normalization MC-UCTransNet

MAE 0.3258X107°+0.13X107"  0.4766X10°4+1.11X10"" 0.2369>X10*£0.07X10""  0.2650X10°+0.04X10""

MSE 0.0159X<107°+3.10X 107" 0.0278X107°£6.91 X107  0.0069X107°40.41X107" 0.0061X107°£0.27 X 107"
PSNR /dB 35.9114+0.22 33.474740.17 29.9182+0.16 39.9546+0.13

SSIM 0.9832+0.91xX10°° 0.9826+0.92X10"° 0.9859+2.02X10°° 0.9904+0.15X10"°

R T E AR A UK B E B S A G
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i, PSNR 1 SSIM {8 # #5 o
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Fig. 11 PSNR and SSIM in the test set for the loss function under different combinations of hyperparameters
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B ARAE RS R E(IC N E, +E,+E,+ E) 1M
Al RL R A f £E M BB, L PSNR R SSIM 43 il A
39.5849 dB 1 0.9939 (H #% ) . 39.9546 dB Al 0.9904
(B 2y) e T A A b i de i . M B 25 e iR
ROEE I FRAE Bl A (ED B, PEREAE 6T [ . A0 Ml 58
TR S HBENURIEmMASREGENE, +E +E)
i, PSNR F1 SSIM 43 i 4 38.0509 dB H1 0.9922 (&

a4 % E5HI/2024 £ 3 B/EER

%) .35.6849 dB 1 0.9857 (FR 41 41) o M AL FH ¢ &=
RO R AE R G (38 h E, + E) B, 8 AL 35 bR AL 0% %
T A RE R 8, 2 PSNR F SSIM 43 51 35 %)
39.4329 dB 1 0.9934 (‘& #% ) . 38.8624 dB #1 0.9892 (%K
L) o AN A R P R R R
FEBEA R R E BT, PSNR F1 SSIM 4351 4
38.3890 dB A1 0.9912 (5 #% ) .35.9114 dB 1 0.9832 (¥
M), LRSI EE R R, Il 0 R AE Al A RO
I 45 45 3 18 T R S AR B AT DR A T A 0 AR ) i
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Table 7 Quantitative comparison of model decomposition results under different scale feature combinations
Bone Solft tissue
Model
PSNR /dB SSIM PSNR /dB SSIM
E,+E,+E;+E, 39.5849 0.9939 39.9546 0.9904
E,+E;+E, 38.0509 0.9922 35.6849 0.9857
E,+E, 39.4329 0.9934 38.8624 0.9892
(w/0) Attention 38.3890 0.9912 35.9114 0.9832
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Fig. 12 Convergence of loss and PSNR on different networks in training and validation sets. (a) Loss; (b) PSNR
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Table 8 Comparison of the complexity of different methods

Method Number of parameters FLOP /10’ Train time /min Test time /s
FCN 49 448 92 24
Butterfly-net 3 1702 106 20
DIWGAN 19 1905 128 43
MC-UCTransNet 67 354 94 110
" A mutual-domain material decomposition network for quantitative
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Abstract

Objective

Dual-energy computed tomography (DECT) is a medical imaging technology that provides richer tissue

contrast and material decomposition capabilities by simultaneously acquiring X-ray absorption information at two different
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energy levels, and it is increasingly widely used. In DECT, based on the energy absorption differences of different
materials, the scanning objects can be decomposed into different base material components, such as bone and soft tissue.
However, accurate decomposition and reconstruction of base material images remain a challenging problem due to factors
such as noise, artifacts, and overlap. Therefore, we aim to improve the quality and accuracy of base material
decomposition in DECT imaging. Current base material decomposition methods may have some limitations in complex
scenarios, such as the failure to accurately decompose overlapping materials, vulnerability to noise interference, and poor
image quality. To solve these problems and improve the properties of base material decomposition, a new base material

decomposition method is proposed in this study.

Methods We aim to improve the quality and accuracy of base material decomposition in DECT images. To achieve this
goal, we propose a method based on the multi-channel cross-convolutional UCTransNet (MC-UCTransNet), which is
performed by fitting the mapping function in DECT. The network is designed to be a double-in-double-out architecture
based on UCTransNet. During training, with the real decomposition image as labels, a pair of double energy images as
input, and its concating into the form of multi-channel, our multi-channel network structure aims to realize the information
exchange between two material generation paths in the network. The channel cross-fusion converter and channel cross-
attention module are used to improve the decomposition of base materials, realizing double-input-double-output and end-to-
end mapping. Further, the channel cross-fusion module and the channel cross-attention module can better capture the
complex channel correlation to more fully conduct feature extraction and fusion and realize the information exchange
between the generation paths of base materials. To improve the model fitting performance, the network is trained using a
hybrid loss. Meanwhile, in order to better adapt to the particularity of CT image data, the model uses the normalization

method based on the Sigmoid function to preprocess the network input data and improve the model fitting performance.

Results and Discussions In order to verify the decomposition accuracy of each method, we not only compare the base
material images decomposed by various methods but also reconstruct the base material images to the low energy image,
and we compare them with the original low energy image. By obtaining the difference map to intuitively feel the
decomposition effect of each method, the experimental results show that the proposed method is able to obtain images of
water and soft tissue. Compared with the contrast method, the decomposed images perform better in accuracy and noise
contrast suppression. Meanwhile, the results of the ablation experiments also demonstrate the attention mechanism, the
mixed loss, and the effectiveness of the Sigmoid normalization method in this task. The introduction of the attention
mechanism enables the network to better capture the information of key features in the image and improves the accuracy of
decomposition. The mixed loss function of mean absolute error (MAE) and structural similarity index measure (SSIM) is
used to improve the network decomposition effect and performance. In addition, the application of the Sigmoid
normalization method can better adapt to the particularity of CT image data. On the premise of maintaining the distribution
characteristics of the data, the interference of abnormal data to the model can be reduced, and the stability and accuracy of
the model can be improved. The loss and peak signal-to-noise ratio (PSNR) values of the proposed method are superior in
both the training and validation sets, with fast convergence and good stability, as well as a good decomposition effect on
different test sets, showing strong generalization ability. This indicates that the dual energy-based MC-UCTransNet
method has high utility in the base material decomposition task of DECT imaging.

Conclusions We aim to improve the quality and accuracy of base material decomposition in DECT, and remarkable
progress is made by proposing a dual material decomposition method based on MC-UCTransNet. Our study innovatively
adopts the MC-UCTransNet network to integrate multi-channel cross-convolution with cross-attention mechanism
modules to better capture the correlation among complex channels and realize information exchange between generation
pathways of base materials. Moreover, the multi-channel cross structure avoids the use of multi-network for high and low
energy information extraction, which makes the network model more convenient. In addition, we further improve the
fitting performance of the model by the use of mixed loss and normalization methods based on the Sigmoid function. The
experimental results show that the proposed method can ensure a promising improvement in water bone-based material and

soft tissue iodine-based material decomposition tasks.

Key words machine vision; dual-energy computed tomography; base material decomposition; multi-channel cross

convolution; attention; noise suppression
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