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VEAT TIRABEFE . RIS A ORI AT 1 S350 IE, 43 BT iz AH K TJ7
PMERERIL S, BEERBIM A DECT EUEEEA DECT G Rk
I3 R FE 7R B R B O )
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RESEARCH ON DEEP LEARNING-BASED IMAGING
METHODS FOR LOW-DOSE DUAL-ENERGY COMPUTED
TOMOGRAPHY

ABSTRACT

Dual-energy computed tomography (DECT) utilizes data obtained
from two different energy ranges to perform material decomposition using
mathematical models, reconstructing material images along with effective
atomic numbers and electron density maps. Compared to traditional CT
imaging, DECT image reconstruction technology provides qualitative and
quantitative information about tissue composition and contrast agent
distribution. DECT has been widely applied in clinical diagnoses such as
characterization of kidney stones and iodine quantification, demonstrating
significant clinical diagnostic value. However, the current DECT material
image decomposition task faces two main challenges: 1. DECT requires
two scans of the patient, which may pose potential health risks, especially
for children, pregnant women, and sensitive individuals who are more
susceptible to radiation. Additionally, DECT scanning typically requires
substantial time and resources, including equipment usage time and costs.
2. The noise in DECT images can be amplified during the decomposition
process, leading to reduced accuracy in the reconstructed material images
and the appearance of noise-related artifacts, which can affect subsequent
diagnostic tasks. To address the issues of noise in DECT images and the
amplification of noise in DECT material decomposition caused by
insufficient projection data, this thesis will introduce and study DECT
sparse reconstruction and material decomposition techniques. The main
work and research innovation are as follows:

(1) A detailed analysis and discussion were conducted on the issues of
DECT image reconstruction under sparse views, DECT image basis
material decomposition, and related theoretical knowledge. In-depth
research was carried out on methods to effectively improve the accuracy
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of sparse-view DECT reconstruction and DECT basis material
decomposition. Furthermore, relevant methods were experimentally
validated, their performance advantages and disadvantages were analyzed,
and key issues to be considered in the process of sparse-view DECT image
reconstruction and DECT image basis material decomposition were
summarized.

(2) In sparse view DECT images, the level of artifacts varies
significantly, and a single image space prior constraint may not yield
satisfactory results. To address this, this dissertation proposes a DECT
sparse reconstruction strategy based on hybrid spectrum data generative
diffusion model. Firstly, wavelet transform decomposes an image into
multi-frequency components, and by incorporating it as a prior constraint
into the generative diffusion model, it can capture intricate details. By
leveraging the prior features of wavelet transform, a generative diffusion
model based on wavelet-space Stochastic Differential Equation (SDE) is
employed as a constraint to improve sparse-view DECT reconstruction.
Additionally, to mitigate inconsistencies caused by single sampling in the
wavelet space SDE, an auxiliary SDE i1s used in the image space. The
iterative process is then integrated into a neural network, replacing the
gradients of manually constructed constraint components with trainable
SDEs. During model inference, incomplete complementary sparse view
low-energy and high-energy CT images are used as inputs to leverage the
unique spectral data consistency of DECT images. Qualitative and
quantitative results demonstrate that the established network model
effectively suppresses artifacts and noise at various levels while
maximizing the preservation of the original image details.

(3) DECT can distinguish between different materials, but performing
material decomposition on low-dose reconstructed images may lead to
noise amplification issues. The quality and accuracy of material
decomposition need further improvement. To this end, this dissertation
adopts a dual-material decomposition method in the image domain based
on a multi-channel cross-convolution UCTransNet network (MC-
UCTransNet). The network is based on the UCTransNet architecture and
is designed as an end-to-end mapping with dual input and dual output. It

v
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employs channel cross-fusion transformers and channel cross-attention
modules to better capture complex channel-related correlations, facilitating
information exchange between the generation pathways of base materials.
Recognizing the unique distribution of CT image data, a normalization
method based on the sigmoid function is proposed to normalize CT image
data, thereby reducing skewness and kurtosis. The loss function is
composed of a mixed loss function using MAE and SSIM, ensuring the
accuracy of decomposition and the detail structure reconstruction of base
material images. Experimental results indicate that in the decomposition
tasks for bone-based materials and soft tissue 1odine-based materials, the
proposed method outperforms the comparative methods in terms of
accuracy and noise artifact suppression.

KEY WORDS: dual-energy ct, image reconstruction, base material

decomposition, sparse view, image space, wavelet space
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Fig. 1-1 Common Methods for Reducing CT Radiation Dose
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I, FERAGRAERE, B 5 IMERAESEHARF B X% h T
FEHWERE LR PAALE MR, A REEERG & RE N XKD, &
AHATERIBIE S, B U R IG IR IZ I T oK BRI RT WL, e 264 T
PRI E BRI EAKCE, CCAIZ U R A A U SR R MR

48 CT HAEF AR AEHE X 2R P3RBT R, 1X— 7 AE
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BURMZFAN RN X ST Re e, dhim s R EEZEERE. RalRER
FREBRMPR CrEseiS A BT, PN R, 25574
SHRBEA R, PRI ER. Ik, 55 CT RIGHATHIE 5 — A&
LR RWFRTEIER, BSR4 24n] BE S A [R) 10 B8 R 8. X —
LG G T ZRAE ) G RUIX 43, JCH R AE 75 B2 4 AR A5 FEAR AN [R] ple 43 4
MR sch, e S R HLIX 4. WEE CT X — & i 5t Alvarez
F Macovski T 1976 SEHEHH, HAZ O J 38R @ KA MO B &L X RN CT X
PEIEAT EERDRHEMG 3 i, T B 2 R R IR A U T 2 B A e - ]
Sor A EY, METHM CT Bif%, DECT FiARAMLBEMSHR LA Sk 4 At L
AT E A E BE R, B r LVE ORI R ] S AR AR R R S 2
FPATAE MG, M 5 SR B I I i T S A M . 7E DECT R 2+,
FERTR G A3 i 28 DG EE B — 5 B . 15 2 AR 75 AN AR /) i 2 X ) Bt £ 2
T ELE I AR ES FRSLE A B SE B A R AL 93 B LA K oM H Rl DECT
G T IE B ARG (1) B, WRRER AR TSR R, B
FRIEAT BB L o AR A S5 S 2R B AR (R S B e oy 5 T b i bR 1 A
KRR B 7 i, 8 E I R RS B AR 0 SR P AU T R S
T SEIRZH 2R RS0 B 2500 o AR 27 1R RE A A RAE AL RN, H 0 XUREFE R
KR U EORS P R, WG B B BRI . (2) B
RESRMF T IRV R E, FEE TR SR o0 o 1 BR B HexT S g ]
GIATAL R, AZ MBI EREMHIZ), BA RIGFIEENE, SO 2T DECT 4
FORM T R 00705 o SR, X526 i B 1) 5 R iR P D R B e ok 1 Bk
HARTMIE, BTGt 28 oAb 2N 1 S, B8 45 3 1 2 MR S Ik R BT e 2 th IR
2, TEEE FORIEM BRI B, X SR ZE T RE S BOR,  MITI R IA 3 fif 45 SR 1)
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FEMRRE . R, 76 B R @Bl LA T BAR i, R 8z iR 22 AR 4R O
PEFHAERERE, AN DECT R Atk i — A 85 B0 0 34 s RTHE R

i bRk, WICRET CT B SIS RSk, & AR TIKH & DECT
B L S5 M R R SR R . JE T DECT E 55 M kL R M BB AE S,
T 98 07 S SR F VR P 2 ) BT & DECT EUE BT BFME AL, 8 4 DECT
2 fie B U B 8] (R OGRS, RO DK 2 M s 3 J5 22 3 AL 7)== R ¥ DECT &
G, BJE, BFFCR SR U-Net M58 SIR AR R4, 78 BHEIR)Z
SEIL T HADRHER RS 7, A B TR T A5 Ge o i 752 P R R ZE TR 1) .
LS VAR5 A DECT SARHEHR M ks BE 3 i, % DECT MUREIA M
RIEIRE) T — & s .

1.2 EAIMNAFRIR
1.2.1 {&5E DECT E{& =&

XURETHEALIKTE AR —Fh BT R AT SRR, BAEY sy
GINT RIS RN TSR S 2 AU R L T BRI 7). DECT R4iA)
AR F R X LGRS m RGeS XMROGHE SR BA MK T 2%
P20 2 B Rl AR A IR, IO T X A AN RIS B 2 G A 28 o AR
HAl, CaHR T ZFE0E REMMER, WK 12 i, —FRE— XAt
MPHASAS A B X 2R B B, B AnXGE CT %248 (Somatom Definition,
PEITF) FiEE kVp VI CT £% (Discovery CT750) o 55— FhH g i i 4 F 5
— X SRS, T RE R HOSUZE PRI & BOG T TS PRI g 5
RS T, Ak, SRS AR R RS AR /& CT i i — A EZ A, Xk
T AT TREAR CT RS R R, R (RIREALED %L
] ARG R 1 dm A R 6 o SR, A P AR G0y vk AR i B R il 22 2 2
DysE = E 20 . 5T DECT R4uM S, EAERNE, KAEEM iR G
FITAM 2 RO ) 65 A 2 B0 5835 ) — B0 o T3P — B0 3R BA UG 508l 7 KA
AL A B o S S AR DA R P v o] 7 F 2 3 — B0, A PT Re A
Ft DECT Sfg i, JUHREMB i 5P,
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(2) (c)
ié\\ i‘ E "-" III"”‘
: }“I‘{{VI Low kV
t ﬁ r Il(i’gh kV
Kl 1-2 A[F DECT HiARK LK (a) Puid kvp PJ#e CT; (b) WE CT; (¢ BUZRM A%

CT.
Fig. 1-2 Geometrical Diagrams of Different DECT Technologies: (a) Rapid kVp Switching CT;
(b) Dual Source CT; (¢) Dual Layer Detector CT.
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P Pt Bt o S 1) PR A R o T e R 2 5 ) P AR o = 1 e B
RN, FRU TR 8 [ 20 R S5 A SR/ e 75 RO RO 5 o B2, Zhao SF5I N T —Fh
BT RE W E A E R, SHEAREREOCEIR CT Hrseiil 7 sl iy EE 5
M, BT T SR B R 7 R AR R AN R e 2 MR TR AR S D T 1A R
Semerci 2 Wi T — R AL Ik BV ROE ML IR EIRIZ, SR TR L
W CT HEMMERE, Li 5N T — M E-6iE e RME L R TE, %7558
F T 23 [l AN G 8 Y R TU A5 B 13), Zhang 2842 H1 T T G SRR B 244G
( Average Image-induced Nonlocal Means, aviNLM) JEJ %, 5 76 H At m il A
5 A AL RS DECT EME S 75 SR04 Wu S0 UG 9 Lo
TR 4 5K B 7 2% 3] (Tensor Dictionary Learning, TDL) 1, I TKFIEG
W CT S, WEME] T R PysgBEn-16l, Hu 852 H T — R T0%-BIHE
FEALTE 7k 2 S s AR e v g i, BERmMBALE 2 ReE CT Mg ik
FtENT), He 259ttt 7 —MIE T split-Bregman HEZ2 RIS, BHRARAH 2 E R
FNEERFFAESE A E R LI A SR8, SR, K2 MR E @Ikt 2 31 F L
TENA AR DG S Bk BRI R o BEAh, X7y 0 ey T H AR R SRR BEAT TR I PR
B AN L A T B

BT, IRES>] (Deep Learning, DL) J7ikrE MBS iifg A1 CT B H i
AR T SR PERE . B4, Chen SFEEH T —F A TR CT LM
TR W B HE 2% SJHEZR (Anatomical Supervised Contrastive Learning, ASCON) ,
FHESERN S T 3T EE A VLB U-Net 122 R AR 52 /25 0190, it o 45
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A RE R PER FE AR 2 I A A E Gr i kAR A S b, 48T T CT R P RE .
X et w] DA 7 1% AR B BORI TR 2R R Sy IE AL IR S B, B 1
AR I J5325, 4 e P A AP IR I8 1 AR 4 22 45 ( Convolutional Neural
Network, CNNO#FATH4U . He S48 BN AR 8 28 £ 77 171 3172 (Unfolded
Alternating Direction Method of Multipliers, ADMM) HEZErf, SZHL T EiE. 1%
FIE R CT EEPY, Chen &L H T —Ff LEARN HEE 7k, 12430 E N2 R
JFAR%Z CNN, DASEmfsn S B2, Zhang S5 F A4 I 25 35 4k A RHE 42
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UIZRIZ N L, 300 2 B 6 M IX a4 4 o [ A g #h 78 45 2 P 2% 202, Xiang 45181
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22 7] R, Zhang 554 TR 28 1E R Se 50 UG L R AR i BIR B AL 1) CT B 22 114
S 56 R 29 (Prior Image Constrained Compressed Sensing, PICCS) HEZE 4],
Wu S5l A4 o8 TR CT MR M2 25), Liu S50 7 —
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THAEEEMERA—E MBALEM R, (AT 5 DECT MR E B+
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Guan 548 H T —F7E IE5%Z I TAE M A et AY GMSD, F TSR B I B
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ANTRIZRE YL ZURIAS [F) 0 ) M 75 Dy 2, T 6077 95 ) I T e 2 32 3 BR )« bk
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SRR 3 i D3 1% S PN DI B B £ A BB B A H R R, R Rl
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T, FRABRERIES { £ (E),i =12 n} A REROAIR, RZEEBIL,
2 B N o SR Rl A R R AL AR T 5 o H R, A A2 100 B R B RE 2 A A
KRS R 73 AR AN FEA L R 73 i 2 PR A B BN ) V2 IR T %
2.3.1 M EG 57 =R

(2-13)

£ X R R, R, RS EUR B U R T
PEFILH . 55T 16 RIS 2% 4530 RE F 1 X S 4R e i 4E 7 7E 200keV AR, 1X—
RE F AP TE Rl AR T B I R A SR A, LR AN 25 8 . T H i s e
X M) BRI AR 3 2 B R S ORGP I R 2 o B T

b, S IR AR HO ' LRI 5 R N [ A B SRR A, H ARk
Rk (2-14) Fior:
#(E)=a e (E)+a,f, (E) (2-14)
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Hrp, f (BE) B REREAR. SMETRK BT BEEHEH, aIRRh:

1+a{2 (I+a) 1, 2-15)

-= l+2a)}+iln(1+2 a)- 1+—30{2
o 2a (1+2a)

Hrfa=

keV. f (E)FrREREAR. SHEILRIDEEEAE,
510.975

RN

fp(E):é (2-16)

X (2-14) e, a, 72 S HEEICKIN N SHIFA RIIYIEE, 7358 G WU
RN A RN R B, FIRIR

z
a, :Kl% (2-17)

Zn
ap:szA n=4-~5 (2-18)

ﬁ¢,Kﬁg%ﬁﬁ,p%@%ﬁ%%@%ﬁ,ﬁ$ﬁﬁgmhZ%ﬁ%ﬁ%ﬁ
FPE T ARIZPIRINE T BT CT 80K, XAE CT Wiz Ok
PRAE HRe % B A A 0T 008 R U F T B oA B, SRR A AS AS
[F) 4 o3 AT % - i 7 A b 2 Hp S T R 1 0 A X8, T S A2 5 1)
BRCEN . VBT 5 U RIE R
0. =2pZ] A (2-19)
AR G SR T PP Z, A HL T8 p, T R A AR A H
o i 2E0TEAS S, BAEFRWT:

a "
Z, =, {a—"} n=4-5 (2-20)

p. =2, (2-21)
o, L R (212) 1 (2-14) TR RSN R 4 A T B
ANGLE L ot

{ =In[S, (E)dE-In[S, (E)exp[-A fu (E)-A,f,(E)]dE

P, =In[S, (E)dE~In[S, (E)exp[ -A f,, (E)-A, T, (E)]dE (222
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Horp Py, P2l X PR B SR BB, S, S| R X I EE 7073
BEE R AEARBER SRS IIBE SR, AL A PN &, a, ITBOV RN 70
WA~ EUHEARR TR %, WFHEENEa,a,, BT ERYE
BOU B TR RS 2 AL A FRET A AEE — P RS I R S
FERC LA R T2 B, T S BG  J0 1) S 1 S S Al

2.3.2 EMREIG S RRIEE

55X BB oy A SR BN, DECT R A 298 A8 A nT B PR 254 R BB 52
IR B 2 AL B R RAL . R R s LR R I3 g e 2, DECT BRI 24T
FHEB A R W] LRI -

(qu:(ﬂlH yZHj[xlj 2.23)
o) e o )\ %
Horp, RN N LA H 2 BRREREE A = RSSO, N 1 2 RORPIR
ARBEER R 0 AR e, 2TERENE j e{L, H} FIVERIEREIR AR X, x, AW
ANFERABHE BUE A R AL B AR AR 8. g1, p, 9 DECT BIRIG X, B AR
INUEHCR 2N X 2N MR RAERE, Horb N 2 EHE I E R B 8. .
H=AX (2-24)
Horb g R — Al SR 4, gy 2L 2N 5. KON IS AR IR X,
X, FEE ) 2N [rl . M % @t X = (2-24) BHATHIPE AR 15 2], =k (2-
25) JiR:
X=A"% (2-25)
Horbr, ARORHI B R B S AERE, K | 2 —ANEECN NXN [ AL RE
Z A g e B (2-26) THEAFH:
A= 1 (_“ al to] j (2-26)
Hop = Mo\t Vo =ty
DECT EUGIRIEARL 7 0 B 1022 44 = 1K B 5 DX 1) T B 41000 I 1 ik 3
B AP RH A RS, i P B AR 7% B 5 R 7 P B 2
Fngb. Db, R UHEARE, BRI RARl AT v R BTG
SR, DECT = P4 rv i o A7 75 F S 28 3 ok 140138 280RE T 51 A Py e oA AL,
e, BELAMREIE MR AR (R R BR 2 . AW (2-25) Fiow
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) LR R SRR EAT A R R 0 it i iR 22 S D 2 B TBOK, 2 i S i e 2%
HISEARL R WA E o DRI, AR SCHE TR BE 22 S AR T 1 — M [ IR 75 &
DECT 2 FE R IR B 715, ARG AR N 25 1) 5 KR AR SE R S AL g
JI5E R R B B EA BHEMSR 70 i, N2 J5 DECT Byt — 20 BN R G HE S5 .

2.4 KREBING

TN DECT SR G AT HE GO B 34T 1 P4, B3 X O
ey X RS SV EAE I CAR X S ERAE N ot X S Dl A, 31y A
B R RO S 3 DECT EEHIAR . G E TR B A RO NE
M, WG 5 R EEEGHERENR . ENIMFEERGAE CT RIE &
MR A B HAR TS T AR R T F 8 BT FUSCR, SRR SURIE, IRAIR TR LTy
R NIRRT SR B A AT ELB T = A o DAL, AREEIE VRIS 4R 1 H T+
PR B FER, N S AIT R AR AL 1 HAMEN AT 748 . 756, X
XEE CT BB G IR B AT 7 A, FREE AN 7 PR A,
NAWFFUBE 1 S BRI
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£ 38 ETREAERIEERY =2 DECT HRER

DECT RERS G X 7 A A RL, e EUE H 5] —FE I 2 I AL, X 48
7~ 1 DECT EMRTEfe &30 A 15 EARBIME . O T R A X 2545 S AR BA I IF fif ok
DECT Jfg Hh 5k o i B A G e A Wl L, I AT $& 18 T AR AL DECT &
GAER—FIfRRTT . SR, PG T T RE 2 e B & . DRI, A4
H 7 — MR GG s A s B E @ AR (Hybrid Spectrum Data Generative
Diffusion Reconstruction Model, HSGDM) K4& = A% it & . %77 FIH DECT K
JCUEARAANE, 8 I ACHE A BEEAT MR A, LAIRAS BT AN 58 4 FLAMIL I R AR AR A
wife CT BUE . B, KCRE I A CT MLIEIZH SR 2 i@ 18 T8 AT I SR A 2,
(IR A B AR v REARFAE 22 1] PR JEL A8 Hhke, DT 5 i v 0 T PR () I e AT i 7 5
{E HSGDM ™, % 1 43 51 BUG 23 A1 AN /N i 2 (R 1 5 PO 7 i S B 7 s A 24
W, /NS T IR AR 3 R T O R IR 7 Tl RRUBERSAIE, P o 2 o 18 2 )
RO, R AREEERE S T —NMREEAWR. R, FERINERA N il
EHAETE SN BRI, TP R A s B H— S0 #si /12 DECT K
GEHE, SRR, VA CT RS 407 (R B RO RE I B 7 T R B
Mg 7). EHRSRE T, 8 R MR A TR L /N 2 (A S R AR G AR 1)
PUE R UL R e g i, it — B IR IR T AR A H TR A e 1 A Ak

3.1 ¥%EX DECT =8
3.1.1 XEAERmIMY

BT uilk BAMERREL DECT 3k 3-1 (a) P, Rzl
Hr, AE X B2 (Be) BIRIRa A B A —E A E WS . XM Wit 55
BEA 5 ST A B AR DR (R ) A AR A% 5 R D B U A 3 7 280 2 25 20 )
FRITEIRG 2041, AT SEIL 7 AN Al RE R SS A 30 18] 3-1 (a) JOR 1 ACHE A 4T
iy —Fh DECT i pr s, HAFIEREIEAE A e e bAh, HACH M H#
A AT T4, HAZ00 A R b 1 3N (e AR S R . 1B 341 (b)
Mt 7K 3-1 (o) P EAMAG s SRR PR . (EASTE R, DECT M
B EAE 80kVp (fiKAER) M 140kVp CEREED KOG TRERE THEATH, AA
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SERERIIERIL . BIANESEIR R 7y, LA 24 A BE R RRIEAT T oRAE, M5E%
R RO R (720 DMESEEIR M RS T 30 MBS EdE L. 1
ASTESZI AR, 6 HAT RN AN (R e B 1 4 A S R SR HEAT (R BE T R A SRS, 3R
& VAR BRI SO A R

(a) (b) 360 4 Rotation angle (°)

Interleaved angular scanning
trajectory

tramto ®
24 ° X-ray Sources

>
>

Low Energy High Encrgy
K 3-1 S8 R DECT K8k:  (a) ZZHEMEMmIRm M, (b)) ek
JE 5 YR BE B B s 1
Fig. 3-1 Interleaved angular sparse DECT acquisition: (a) Interleaved angular sparse scanning and
full angular scanning, (b) graphical illustration of the source rotation angle versus source energy.

3.12 BFEEEEE

P i i PR B A A R mT DA e 1k 308 ) R SR A i A, H RS S R e
BRAE SR I R P R R . DOy 1 SEEUX — F bs, ] AR IE R A 2R X A
BiALE DECT B AT #1410

T
PH o £

oo, ASELR AR LRI H 502575 (5 AL HOR #5 AL MR . P %R B DECT
RAERL T € (L, HY FROSIAROE SR . A 267 DECT Wb (% R G B A
X RFRE TR R ERRIG. & RoRTEAE R TR MR
i, A (3-1) FTLLRIAH P = AX + s . TP TR H 2k P 1 113 0, 7 v
BRI BN ek, T ORISR, SR 2 76 T A A 2 U

X =arg min%||P—AX||§+/1R(X) (3-2)
X

FOHR R (o) AN B AR, AR A T & B I . AL 250
FAUE PN (B AT EAER T, PO T 5 SRR AR S £ Fh 2y
I, MRS, BB e ST, ONNES Tk, i B
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N T DECT EUGE @S, KRS A BUEALZ) 5 B bref 07 fa b Ber Rk
RERWT:

X,_, =arg min%”P—AXt”z +ARY(X,) (3-3)
X,

o, RY () %R SDE fE EH& 23 (0] th il R BRI LRI X, SEAE S5 LCR A 3R
B EA.

INPAAE T TR R I 2R TR T B B, e N MR K LA,
BE AR T I MR A 7 0 BB 0 i 22 P00 o K /DR S N Y TR A
A DA RO 5 A TR R (VU RGE 1 o AT 100Rs P 2 T AR /D e 22 ] P )1 2 1) 7 A
NI B BNE R E A A, R RR G LR EE RS N:

X,y =argminZ [P - AYL + AR (%) + 1R () G4)
X,

ot RY (o) R RY () FARLIHI . 452 500 T4 B 200 75 5 b 8 o 3
HAR, eA o mAE R A R NE S 8] 22 S5 8 . S04, A g, RIEIIRUA T
FF BT 73 530 5K B G 2 T 7 BSORE 2R R /D g8 2 TR 97 IR 3 ) 79 > 20 PR

(@ (b) S \

{ Low Energy N

Wavelet | |

transform | ]

( 1

1

i

1

: !

Pl

—  RI() { b= —

High Energy ]

i

i

DECT Image DECT Image 1

. i

1

1

1

___________ ”

©
. Image space ‘Wavelet space
Sparse view A R Reconstructed
parse diffusion — diffusion — .
DECT image DECT image
model model

K 3-2 HSGDM HJEERE:  (a) BURASEY B R Rl Zad i, (o) N Ely”
HUSS RS AT Il Zid 72, A& (o) HSGDM ] B FLd 72
Fig. 3-2 Main process of the HSGDM: (a) Simple training process for the image space diffusion
model, (b) simple training process for the wavelet space diffusion model, and (c) simple test
process for the HSGDM.

HSGDM Wi B 8 g ik R an b 3-2 Fios. o, 72K 3-2 (a) F13-2 (b) 1,
N Zr T MG 2S R) T BB A RN g 2 [R) T B B g N IE AL T . BB 3-2 (o)
Froas R FE A, e B 1 3-2 (a) Hill 445 21 MG 25 0] 3 B 7Y FH 1 A
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B AR B R A G5 R (5 IR, 1 3-2 (b)) Il 2R B /N O 2L 0 i T
I AT A AR Ty B DAEE — 2D T BRI S AN O 52 o IR S AR VR A e |
SR VE 00 R BRI AS R I RFAEBEAT G, AT A el EL AR (R R B 4 2R, X Rb
JiikRee A R R AR R H IR S R .

3.2 HSGDM &8 R4 52

3.2.1 £F SDE R4 pR¥ s 8y

SCHR[681AN[69]H T 4R 2k T SDE HAE ild) RSS2 2 k- 0 B A i AL 45
S — S RSB, A2 AR )V N T B S AR DA R 5300 )@ . /£ SDE
R AL, AL P AT ARA N 2 9 BB T OF TN GRA e 2%, B9 T A i
Moy (EJE SR M Rk, AR o2 =) B DA B2 38 sk 7 5 i F) 54l o 2 PR i 2+
P, EAEFE RGBT ER 7 H50RRE fh TR AR RS, A RO IR E 1T E
TR & . XAMIEACH) M TR il AR, EAE BRI E B REAB Bule =
FREBRAE  § R RAE I G AR PR N S e RS, e AR E R 20 A A 5 B
F T AU S B AR b ] B L TR 7 o 2% Rt 7 ) Py A TR A b T AR e %o e
BEAT A TEATERASE, 1 AN o] S BRI DB A o BRIk, S BR A R e 2 AR R AR 4
PR A AR SR S HE T B 45 2R . AE AL E, SDE B9 B B A i 2 i)l
RGBT R, BAEA RGBSR R e[0T &5 — RIIKRHELE
{x(t)}:=0 o JTHGIFEH LN SDE #LE!*:
dx = f(x,t)dt+g(t)dw (3-5)
Forr, £ (x,t) FoRZViER R, H TE6 SO s E &S, T g(t) For
WEY RS, T EABENEE. FE w i iR KA Biasl, By oL+
HIBEHLA > . SDE i #2 7] AFRIR 9
dx:[f (xt)-g(t)’V, log p, (x)}dt+g(t)dv_v (3-6)
Horpdt Ron o535 /NRFER R . Oy 7l SDE e falid BB sk S BRI, &%
— MK T AR BV, log p, (x) 700 [Klitk, 3T %0 SDE #9'S, W) Lt
MUV 43 iR 25 K45 2]
0 = arggmin E, o x, {HSQ (x.,t)=V, log p(x| xO)Hz} (3-7)
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Forb, po(% %) FRINANREL,  ERHIARIRA 7S ) X, WS BIRBPIRAS 28] X, o
FESZBRIE L, HSGDM J5 12K FIR A& 2% KAl it SDE B ZSH 0™ . fi
S, N TIERLV, log p,(X) s FTRAIZR—ANREEMZ S, (%, t) » TEAZ (3-5)
i, f R g AN RIZE & AT DA AR 2 B8 AL SDE. g — X ARE I S5 & 50
Wi A= p SDE FIRFAE. 47 NFIEME . XFHTZ T 748k, FRAERIE SDE
(Exploding SDE, VE-SDE) , f #llg o] PLERN:

f=0g=,/d [o? () ]/ dt (3-8)

Fort, o (t) S B IS (b 4R 7 R 6
322 BAEBIEE R BrE

AN OB TR B R B R B 0z AL, (R, 72
HSGDM J7i%H, AL G UG A AT T 9 0L R, IR/ 2 (]
HEAT T A0, J9 T 7645 DECT BIHBSMRAPI AN RIS CEiR RN Y, AR
REFTRMUSAE D I GRRE TR R AR, AT VR B BN i (DWT) BTG

Sh. DWT 80 T BRI A B R, B ARTE 2 S S B AR G
AERARLER. BHREGE=AIFINHE OF (h) o EHE (v) FH
(d) ), RESAME AR IR T RS B ACR AL 5 . DWT it A2
LAFR -

W(X)—){WL,Wh,WV,Wd} (3-9)
FRW (+) 78 DWT, wh 3R HUa RS, Tiw', w'flw! X BT 47 7
(). EEEXAMRIERE, CT BUR x 28/ MR I R 4 DT RIB. H
TR BRI, JREH 5 R RIS 75 X kR B i1 CT
(%, FAaEHHTA TR, X = ww,w'
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(a). Image space model Sy,

Denoise &

B 3-3 o B 7 BG 2= T RN 2= ) ) it R s R
Fig. 3-3 Schematic of the training processes of the diffusion models in the image space and
wavelet space

GRIE J4 I ZEAF RO BTFI R SDE (P& A N2 ) B ¥ DECT i gk
HEAE b T RO L0 T 1G5 B R S TR, T[40 R 05 442 ) SDE 3
Yk, RGO VRINE] DECT B . SORh ST o) M i R 2ot
NG A AR N SIS 5, WATT ARS8 R 7 B o 0 7 A5
e, P33 (a) R T R ZR M BB 5 . DECT PGS il Bk
S, (A, t) T LA . b B kA7 25

* . 2
6, =arg9m|nEXt|X0yX0 {”Sq (X, t)=V, log p(&, |X0)||2} (3-10)

PN T OB S, (%, ), AN o 48 T 4 X i
FAPEREAKRAR, W 33 (b) Fis. (ARRERIRE, 407 A N B
BRI BT DU TR IR0 A T4 RO B ME A 55k, 5
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TR ORIRAR L, 207 0E 8B W T A s Hk, BRIIA T4
PR 43 ST B A N D, (RS AT b LA T 35 R P FURE A, 3 th
AU T B G — B (& R PRI, T e e, MR SR I B A
ANBS R, KR TR B GO BRI R . MR, TED R
S,, (A, t) (RHER I ik Refr, MM v o LA AN R 1 T T R . 3
P LA AT M T SDE S (7 ORI, (R (RN TR
AR S, (A,t) WL 75T 205y

|ss, (%°.)-V, log p (251 25°)

MREEE TG

g, =argminE
a

z} (3-11)

Horpwe 2R 5 oA T IR AE S CRBE IO, Horhoe{Lhv,d), p(w! | w)
For M owg B we B B 4 — MR — MBS, (WEt) L AT AR G-
1D R FRRER SR (AL AR AT LU L wf SR 2040V, log p(wf )
A AR L 45— MR SRUBOR = A T 10 B S B RRAE, AT B T 3 7E
DECT B/ B (RS . UEh, FRBRAIE CT BRI PRI 5 2 A
BORI AT [0 3 A PRI, A5 B S B P 2

323 BRI ILETE

N3 (3-4) HE E b R B0Rs A DR B RE T PR 45 1) 20 SRR /N 38 22 ) 241 AR
WAL & )R A AR SR P o IZAE SR ) DL I A 5 A 2 8] o A R IAAR RS B (e
ARG R SEIRAE . (L2 — b, H R IE I B ] R A 1A O R R A
K%, H R G i A s R U . fEIEZ )5, 5 P R R
B /N2 BT SRR AR v B R R s — o B X RN R B
HE I 5 IG5 SR PE— 250 s O B i B G e Rf H e Db 52 . XA B BT L
HEN:

X,

t

1
s =arg;n|n§||7?—AX|||§+/11R,d (X)) (3-12)

.1
Ay =argmin— [P AX; + 7R W (%)) (3-13)

Hrp, X s Ronail (3-12) e EE K. ERmAK (3-12)
I [l RN, SR AR & )7 1F 0y SDE A2 B AN S ORI B AT 1B 207K
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.1
(X s ) =argmin [P AY [+ 4R! (V) DAL 619

Horr >0 R Hisk B H o, A0 (3-14) R H B ILAk in) @] DUEE A A2 5 e /IME
THEA R B E AN 5 T A7 . R IS A AR R A L
TERETT, FevPRt AR BT IS .

1
hg:ampméwz—yﬁ+4Rng (3-15)

1
X, os =argmin 2| - AYE + 21 -2, 310

I HOE R (0 2E G FEGA T R # SDE S 3IH) SCBUE MR . 5 $E
SDE R fift #5842 BOFE AR AR AEMIE AN, & B TR FH T -2 1E. (Predictor-
corrector, PC) SRFEAS, X2t 7 — M B A H W] B SEAR I fig Ry 2108, %
J7 V2R AE AL SDE B A A0 R S0k SR ik F2 1 Rk i B R

FETRMIN B, B Sex T — /RSP RP AR WG T R AT BE)S,
TERIERT B, R /R AT KA S RE <% (Markov Chain Monte Carlo, MCMC) 5
PR — AT O, TR R R R v A BT & U MR EVE, i
W 2525 BRASE PR 1) PG 5 IR B ZY S, S0 SRRE A5 B ¢ o 10 A PR PR AT B
(CRE

K1=2X+(0f —07,)S, (X gsit)+4f(0f =0y )n (3-17)
Horb o, >0 /& — MEX T RAE D BRI I s A n~ N (0,1) R MARHEIERS
S AT I R AR A . BRI, TR RTE 0 ), TR DU RS I AP R R
Ptk it Eg
Ki=K,+e,S, (K1 t)++/264N (3-18)
Hie 25 t—1UCRAEIN B K S50, 6 PC RAEARH, T 38 5 BRAL 1E 4525
IR B IAT T B ARREL,  DLIK SIS B AR
AJ DL N L BB (Conjugate Gradient, CG) Bk R A (3-16)
L A M) R AR X, o Bk, @it 5IN—A REBOEHRE, I
K ah ezt AR (3-16) I EREET IS T

X, o5 =argmin-_[(4, ~1) AY (5,8, ~ P (3-19)
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5 AT DR IR AR X o = )+ ap, ERTEIR X, FoP K o R,
B HE 75 04658 p, o py B AT LU Sk 6 A2 240 3 6 T = 0 ke, FLob
(=(f DAY (BAR,-P).

g 2 AN T R AR AL AT G B, 5AR (3-12) %4,
AR (3-13) IR LU 3 BAE B F AR R R Bk S8l . 3% it FE i
o 47 KR 5 S A, SRR AR AT/ e R 4 B B 1 — B
B2k, T DWT 44 X, BN S 2, F TN g OB, 0 R i

N
W (X, o5) = {5 o5 W05 K05} = Hios (3-20)
Fek, RN ETE b /N T R 0006, 5 384T 00 55 T 5 AR IEBY BLA /S
WS (A R AY . AR UL, T ES I Bi i ( F VIZR A O BORAL s, #2HE L
T IRIAT:
I =5 +(07 = 02)S,, (Mosit) + (8 =0l )n (3-21)
B, AERCIESRIY BO 0% AT I N R A
I =+ 6Sg, (MH5) +4/26.4n (3-22)
RESEHA P EGIE, BT X, ME. &2, L8 MY DWT
(Inverse Discrete Wavelet Transform, IDWT) , 81 &/, =W" (X, ,), #3554
BT X o BeAL, WT (o) R IDWT #4F. @447 IDWT, BUEA ) H %
P — B B 5R,  A TR JR AR AN R B 1 /N 23 7] SDE A BB S SR AU AS— Bk
GEOTRIE N RSV APEN S 45 (Filtered Back-Projection, FBP) IR 14,
i3S FBP A A (i )i 72 46 AT SRR MR (3-13) , AT S s Se Sk L3R AT EE
ff) DECT EHE. Bk, ¥ K IR e/ b i) T DU DR 588 i 5k
fiff- iR -
Xy =&, —a,FBP(AX), - P) (3-23)
Hp FBP(+) /8 FBP BEHE, o RAMERESHL.
i th i) HSGDM E g R W& 3-4 s, KA R MBE LI 5 BIE X JF
o FERASEEMBL, EEEG A E N B GBS, BT R, R
JE B I A B R B CG A B g KR . He, S i EE S DWT
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BEATAREE, FFAA BN AU S, TR SRS AUE IDWT
elnl B2 0m], BRI A RGEAER FBP D ER . Bk
FOPBRART I BARRERERA, .

_______________________________

First '

sampling ! [

step ~~1-°°

______________________________

T sampling steps
3-4 F1T DECT 4] HSGDM J5 ik g it f2 ]
Fig. 3-4 Flowchart of the HSGDM method for DECT imaging reconstruction

3.3 LSRG S

33.1 SLERE

(1) sLIRHIEE

FITHe tH AR AL AE RIS R 9T I A IR 2 w2 AL R B B B EAT I ZR AT
fitic DECT K421 H uCT 960+ % KA (1) CHUE AR A b B VMY AR ML 1R
PR AR Ol oAb, fHENLA: BIARIC L R BT, fibHES 2015-01, B A HIW:
2015 4F 1 H 29 H) o BIMGER I Sl m 4T EOR SR, B RIRICE DY 533mA,
XU LR 43 5l 80kVp Fl 140k Vp. ASHIFFT H 3 I BUIE SR 45 13 44852 WAk
PR, 35T 4,420 5KY) v AEIX I 7T, BEALEEE 10 44 54 1) 3,400
skUIA R FUIER, R4 3 4EER 1,020 5K EENLIESR T 600 7K H Tl
e AT AERGAT 30, 60 190 BRI B HAE R F 55 1 T R 4%
R N X SRR B e O B BE B 2N 1200 mm, RN BE 29 e f:
Hr 300 mme fEH] FBP 5%, M X S EUE R E: — Bl 720 MRS M B P A s
B, MW Ate MR CT B (b5 « MRS MEERGE T, ikt
HPRER 30, 60 A1 90 ffi FE4dE LIE @ DECT FE%. It4b, 7EiEid DECT M%)
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T SR B G 7 i A B B R £E I, DAAZ B 5 =03 ) i e AR BE 1 3 % T Bk
B 0% ' T B0E B A 58 4 BAMNR A5 R) 45 M) SO 3, IX M isCE B )T
ot DECT HE .

(2) WIS HLE

JITA (525649 7E Pytorch 1.12.1. Python 3.9 LAK E4F N 24GB (] NVIDIA
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Fig. 3-5 Visual results of different methods with 30-view data. The first row is the reconstructed
result at 80kVp, whereas the second row is the reconstructed result at 140k Vp.
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Fig. 3-6 Difference images relative to the reference image obtained via different methods. The first
row is the result at 80kVp, whereas the second row is the result at 140k Vp.
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Fig. 3-7 Probability density of different Hounsfield units between the ground truth and
reconstructed CT images
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140kVp, 90views
(a) Ground Truth (b) FBP (¢) PWLS-CSCGR (d) LEARN (e) GMSD (f) ASCON (g) HSGDM

K 3-8 ANFEIHEXS A B R B 45 2R . 38— AT 138 AT 03 o 7 80kVp A1 140kVp
60 MAEEHRRISE R, M2 =ATMENUAT R 1 90 M EEBIR 45 R
Fig. 3-8 Reconstruction results of different methods on the test data. The first row and second row
show the results for 60-view data at 80kVp and 140k Vp, respectively, whereas the third and fourth
rows depict the results for 90-view data.
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o

Fig. 3-9 Difference images relative to the reference image obtained via different methods. The first

row and second row illustrate the results for 60-view data at 80kVp and 140kVp, respectively,
whereas the third and fourth rows depict the results for 90-view data.
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Fig. 3-10 The 30-view coronal and sagittal results of the different methods. All the images are
displayed in the abdominal window [30, 300] HU.
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Table 3-1. Quantitative results (PSNR [MEANs + STDs], SSIM [MEANSs = STDsx10"1]) and
FIDs of different methods on the test dataset

30 views 60 views 90 views
Methods PSNR? PSNR1? PSNR1?
(B) SSIMT FID| " SSIMT FID| SSIMt  FID|
FBP 23.25+1.84 0.39+£0.60 349.01 26.74+1.74 0.51+0.73 311.13 29.02+1.51 0.58+0.72 256.69
PWLSCSCGR 30.36+2.40 0.82+0.19 235.26 35.13£2.26 0.91+0.10 123.02 37.81£1.92 0.94+0.06 115.90
LEARN 34.64+4.39 0.84+1.51 182.73 37.95+4.37 0.91£0.79 122.98 41.12+£3.93 0.95+0.38 60.24
GMSD 35.65+£3.23 0.92+0.23 138.66 39.01+2.47 0.94+0.14 88.84 40.43+£2.50 0.96+0.12 71.92
ASCON 35.79+£5.30 0.93+0.24 126.54 38.77+5.83 0.95+0.11 76.19 39.46+6.09 0.95+0.12 57.67
HSGDM 39.30+2.05 0.96+0.05 52.07 43.05+1.89 0.98+0.07 44.34 44.09+1.62 0.98+0.05 33.70
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Fig. 3-11 The Hounsfield Unit value profile passing through the red solid line. (a) 80kVp, 30-view
data. (b) 80kVp, 60-view data.
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Fig. 3-12 Convergence analysis of the HSGDM method for 30-view DECT reconstruction
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Fig. 3-13 Quantitative results associated with different numbers of iterations in the CG algorithm
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(a) Ground Truth (b) Wavelet space model (c) Image space model (d) Hybrid-model
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Fig. 3-14 Axial reconstruction images obtained for the different models on the basis of the 30-
view dataset. All the images are shown in the abdominal window [87, 300] HU.

# 32 RRIZ AR EREL R (PSNR [STDFH{E AT SSIM [STDFHIE x1071])
FID
Table 3-2. Quantitative results (PSNR [MEANSs =+ STDs] and SSIM [MEANs + STDsx10"1]) and
FID of different constraint models

Methods Wavelet space Image space Hybrid-model
PSNR (dB) 1 37.61+1.64 38.90+2.37 39.30+2.05
SSIM? 0.9340.03 0.9540.06 0.9640.05
FID| 60.83 55.24 52.07
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Fig. 4-1 Network architecture of MC-UCTransNet
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AR SR B B HOAFAE, DA ORAT SUZIRA — B0 el R, 4 s PR 28 00 1 SOZ A —
B R AL FE DA B AR RN RE
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CCT BidR&it: WAl 2 REFHE#R AN (Multi-scale Feature Embedding)
R EMEEAF R E R ERRT (i=12,34) , #iLZH—4k (Layer
Normalization, LN) ACFRAGAKFAEREATIH—1L, B @l iH 8 — 2 105N
B RS (B AN J7 22 K 3AT A — A6, FExHIE— 105 I AT 4 ORI, LUK
SRS AR50, IR B A (RS e MR SSOA R, A A 2 Skl A8 )k
& (Multi-head Cross-Attention, MCA) AT HIER /I . £ MCA 1, RHEE]
B APUA kL (head) , BASKERA HOAKE®R (Q) - 4 (KO FME (V) 48
B o E i VHA AT AN B[R] AROARALLRE , 49 BIRRAE I 13 S U RUE, R E 2R
TARNEIE N F B I W E . KRR I BCE N TR, DO @A AN E

T8 ARFAE R R, DT A6 $EAS [ I8 2 (8] (A DG 1, e M3 2 2 Ik
(Multilayer Perceptron, MLP) %:>]— R FIAEL MBS, Hrdr, % MLP li— 1M &
PR A AEREH, P RAERIERHEZ M E R R

CCA BEHLZ5H): M4544 Transformer H)¥H O, S5 A& R E D, 1E 4 CCA i)
wN, R4 R (Global Average Pooling, GAP) A N JERLE, 45/
SR TR NRFIE ], BT IR SR AE AT T, 13— AR
TEAEIZARFE B R T S o 5505 XA R ROBERRAE O, #EAT IS 2 O, i35
s B T RS B
413 REMKEH

W28 I st K P T S 4a 5t iR %2 (Mean Absolute Error, MAE ) F145 f4) AHALUM:
B2 SSIM K41 i& H -+ DECT 2E44 8EEUE 7 il R A 2k e 207701, Horf MAE
PR E AT

LMAE

(v, x) = Z]M—xl (4-3)

Forbr xRy SRR TI0 1 F AR R AN B IAR 25 R . m IR RIS HL. FhRi &
NFIAMER . SSIM Fr ¥t H W

u, u, +¢,)(20o, ,, +C,)
(1 + py, +C)(0 + 05, +Cy)
Her, pFoREGREE, o REBNITE, o RPN EBRIHITZ. oM
C, /& 5 UG A T FE AR O IBC K B 2. 3X I SSIM 12K ] 7R A

ESSIM (X11 X 2) = (4-4)
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LM (y, X) =1- Essuv| (y’ X) (4'5)
AL, HIR SRR BT T
L=q- L™+ B. 15 (4-6)

H, o F g ABATFEEE S H.
42 BIEHES
42.1 EMPEIEFES DECT BigFEE

SEG T 80kVp A 140k Vp & L N K/ 512X 512 [ CT ERHEAT AL
BBME D ESAF I R o DLHIE B SN UM R G A B, I R 4 551
TN AR T HEABET IR R N NRRAN, & THEABRET, MR EN
DR, AL T AN B E A (AR 2 T DR R R A, AR SR
FAEIR T I AL 5 R AE

N T BN R CT #5865, 5 ZA0E X SRS AR € A B B, seihrh ]
BE— PR X SRR R A M SRR B, I TS SR LA ) R
CTH#%, &KHEm (m=1,.. M) MREEGH (AE, =E ,-E ) HE X4
Ligiele (1=1 .. L) BT, RS ERRA:

2y =] Im((E)eprrd—,u(E, r)dr}dE 4-7)

HP R R w(E, r) NBEE E TALE r LRI R AL |, (B) Roas A X S5k
PR R R E B JEUR G TR o T B AN RE PRI R CH SRR L 40D

L(E,r) AT LR R T
H(E,1) =4, (E)p, (r) +4.(E) (1) (4-8)

H, ¢,(E) M4, (E) 2heE E N EMBRARKE LA, Z AR50 Usd ks
2% 56 [H H K b 5 H R (National Institute of Standards and Technology,
NIST) ##5 (Hubbell & Seltzer, 1995) H IRk KM E B p, (r) Fl p,(r) ForE
AR AEALE r b b X ERIE T &1 Q W BLR RN

Em+1
1© = J’Em |_.(E)dE (4-9)

B (4-8) Mk (4-9) RARIZESX (4-7) , FTLAAER:
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ew = [t ®)ep[ [ _ 4 E)p(N+A(E)p (N [dE  (@-10)
He, e, =2, 119, r,(E)=1_(E)/ 19 I~ X FF2&58 RN =5 R B p))H—
(LREEA T, fR, SRS RPN TR EOE S, EIREE CT (AR,

P = [ 1 (B)exp [ (E)py () +A(E)p (N [OE (4-11)

X-ray Spectrum
0.040

0.035F

—— 0030
i
z
JF o005t

FBP

"o 00201
e e 0015+
£

{ | 0010

0.005

00

bone 0, (E)=1,.(Byexp| [ _4.(F)p,(r)+ . (E)p, (|

! tissue

tissue

20 0 60 80 100 120 140
Energy /KeV

4-2 DECT B e A
Fig. 4-2 Flow chart of the DECT image generation

HAT, fE4 8RN CT BURMENL T, ATRAZI (4-11) AERiAEE CT #2
52, SR 5 M Ge 1348 2 8 1K (Statistical Tterative Reconstruction Technique, SIRT)
HEER. B 42 NEEE CT BERBINRRARE . W] LR B4 i A B 2 2 h] L
TR B B ER SRR BEIE R AL B A1 R E A . Se3e Hf DECT
P BEAT BB 731 AR UG 2 FOFEADRL MR, s SR 2. SR)E, HdE X 5
LR R A FIA R IR R, A RES CT S 8di . Jn, R E @R
W CT ST EE, MBS S 7 AR M R B aeiE K, 1 80kVp,
140k Vp ) DECT El{%.
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422 BHIEMALIE

%182 CT BBAR R HU {HE BB FEBORIX Rk, 48— A 1 Min-Max
TR, ATRE s B E I R R BRI AL, H AR
e R AR AR U, SRR I ZRAN T o R B, R, sege R A
Sigmoid PR EHEAT BicdiE (07— AL AL EE, KRR MU B DN EUNIVEE A, XA
DAFEATRES I P i 32 RUEE ok it B 423 AR 2570 A, i/ B0 1) RURE 72 e A A 2R
XA ECE R BUREE, SER R RS A ARoR AT

1

—x/c

y= (4-12)

e
Her, x AFEGEEGESE, y AR EEGESE, oo vEE, iR E
N 1000, FHF4a/ NG, Pk NEUE G XU
43 LWHERS DR

4.3.1 EMREGR S ESIRER
(D B-RAREMEHEB O RLRLER

SEHGAE TensorFlow 2.6+ Python 3.8 LA A7A 24GB 1) NVIDIA GeForce
RTX 4090 b, A T EIER SCHT 1K MC-UCTransNet W 2% 7 B AR EHR 73
AT S5 A sk, S8 0% FH AR RS S (Matrix Inversion) B, 3& AR5 7772

(Iterative Decomposition) B, 2#HFM %% (Fully Convolutional Network, FCN)
(541 WIS FRY X 2% (Butterfly Network, Butterfly-net) 551 DIWGANP7 R fi 7 35 i3k
ATRELG, P B e AR AR Ay 8 7 V2 A Ge R B LB 43 fi# J5 1%, FCN
Butterfly-net fl DIWGAN IR E 23 J5k . NEMES o EE R E, K 4-3 f
B 4-4 hH T AEAL (Group 1 Al Group 2) AN[FIJTVE MM KRG 43 il 45
R, B S — 5B B AR SUEM RHER 1 B SRR, VR0 il 5 1225 R
58 A ELBRE M S A B FE AT RHEMR, W BUER AR ) R G R RO W
URZINEA R & T ok A SRR MR, 80T M KT IITBOR . 28 =51
RIERIT RIS IR, AT UG BIHOPDREE MG i 75 A Dy s A9 3 7R L g4, (3
TP IE I LI, 3o A2 2R UG A s R SO 25 i L T ™ 5
L5, HBLT IS, NSERas REEIF, FTRURIL FCN J7ik B8
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RN SEOUIE AR BRI 0 i, (H 0 iR 45 RL G A SCERAR IR ANETE I, B4R A
PR TP . AR RS AR R 2k 25 Rerh, R ER 1 BE ik,
B AL A MR I R B T (B A SR B AR A D K R R A
FOLGRER LG . 555109 DIWGAN J7ik 0 i as B, ooy fift o B AR AL T )
WA IR 28 B — 2 (IR T, (BRI AL G AN D BT R R Kl 4-3
A 4-4 LN ITA N A A, w] U 328 B AT S R AL
WROR L SARHEEBARLL, SXFLCIEAR L, ) i BB SN TE i AR
KGias, HPSEERFFIERE A, HW¥RMOsRED.

Label Matrix Inversion Iterative Decomposition FCN Butterfly-net DIWGAN MC-UCTansNet

(a) (b) (c) (d) (e) (f) (2)

K 4-3 A[FJTEAE Group 1 RS F I ARER, HA S AT B RHA, 5 AT K
MR RHEL
Fig. 4-3 Decomposition results of different methods in the Group 1 test set, where the first row
represents images with bone-based material, and the second row represents images with soft

tissue-based material.

FCN

DIWGAN MC-UCTansNet

44 A7 Group 2 IHRSEH IO ARSI, Fooh 817 B SRR, 48 /7 4K
S BUERPRIE.

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

tissue-based material.
ANFITTIES R TG BB FPR AL 26 RS, A4 RANER 4-1. 3% 4-2 FioR.
ME R LLE 1, MC-UCTransNet 1E-F- ) 4%} 1% % (Mean Absolute Error, MAE) .
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$) )% % (Mean Squared Error, MSE) . PSNR Al SSIM _E )R B ER 0 H1 T 3
BTN, BA B ERSEREG R E . SIER, fEaiRl R L
IR R BEALTT E BN, ERRYIFTT R B A E M

K 4-1 AFREEFREME (Bone) 7rfifrsh e 1N S5 R

Table 4-1. Quantitative scores of bone-based material decomposition with different methods

Matrix Iterative MC-
Methods Inversion  Decomposition FCN Butterfly-net  DIWGAN UCTransNet

0.7676+4.13  0.7953+2.83  0.2218+2.40 0.1299+0.88 0.1022+0.65 0.0924+0.59

MAE
(meanx10-2+£varx10%)
MSE
(meanx102+£varx10-)
PSNR
(meanzvar)
SSIM
(meantvarx107°)

% 42 REFEHLAFARL (Tissue) 2 ffss B e m 45 5

Table 4-2. Quantitative scores of tissue-based decomposition results with different methods

0.0479+£2.26  0.0434+1.89 0.0366+1.66 0.0115+0.30 0.0108+0.22 0.0098+0.22
32.6585+0.21 33.0787+0.20 33.8317+0.24 38.8924+0.47 39.1308+0.35 39.5849+0.46

0.9701+4.02  0.9851+0.88  0.9807+0.94 0.9926+0.77 0.9934+0.54 0.9939+0.65

Matrix Iterative MC-
Methods Inversion  Decomposition FCN Butterfly-net  DIWGAN UCTransNet
(meanXII\(/)I'IZAi]::JarXIOJ) 2.7783£2.05 2.49214£2.30 0.5653+0.15 0.2742+0.06 0.2468+0.04 0.2650+0.04
(meanXIIE)/{ZSﬂEJaerO'S) 0.2662+0.83  0.2719+£1.03  0.0315+7.06 0.0116+0.008 0.0089+0.006 0.0062+0.003
(mzigtléar) 23.6462+0.02 23.5547+0.03 32.9346+0.14 37.2569+0.10 38.4406+0.13 39.9546+0.13
SSIM

5 0.8589+1.41 0.9321+0.18  0.9574+0.13 0.9871+0.03 0.9888+0.03 0.99040.02
(mean+varx10~)

K 4-5 53 BIAANR G il JEE AN RIS B FIZH 236k PSNR R,
Casel. Case2. Case3 1 Case4 73 AR IYNIALE, MEHAIE WL, K
OUT, IREESE IR T AL G5 i 715 RE AR BE {5 e B, T MC-UCTransNet 7£
MRS g5 R T X L BENE, X —E A LU — D UE B 2 E R A & ek

60|

Matrix Inversion 0
Iterative Decomposition
FCN
Butterfly-net
DIWGAN
MC-UCTransNet

Matrix Inversion
Iterative Decomposition
FCN

Butterfly-net

DIWGAN
MC-UCTransNet

PSNR /dB

20

Case 1 Case 2 Case 3 Case 4

Kl 4-5 DYZHINAEE RN R TR E bRl (72D AR AR () 43 fif4s i) PSNR
ff. Hr, Casel. Case2. Case3. Cased FnPUAAN[H HIMIREE .
Fig. 4-5 PSNR values of bone-based materials (first left) and soft tissue-based materials (first
right) decomposition results of different methods in four sets of test sets. Among them, Casel,
Case2, Case3, and Case4 represent four different test sets.
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'Case 1
I

ECase 2

ECase 3

M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M6 M1 M2 M3 M4 M5 M

'Case 4

10.0003

M1 M2 M3 M4

M5 M

ECase 1

MI M2 M3 M4 M5 M
Kl 4-6 DULZHINASE P AN R B H AR (D AR SUIERRL CF) s R

MAE/MSE/SSIM fH. HH, M1, M2, M3, M4, M5 1 M6 4}l {3 Matrix Inversion.

Iterative Decomposition. FCN. Butterfly-net. DIWGAN. MC-UCTransNet.

Fig. 4-6 MAE/MSE/SSIM values of bone-based materials (up) and soft tissue-based materials
(bottle) decomposition results of different methods in four sets of test sets. Among them, M1, M2,

ECase 2

M1 M2 M3 M4 M5 M

ECase 3

:Case 4

M1 M2 M3 M4

M5 M

10.0020

MI M2 M3 M4

M5 M
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MSE mm

10.0002

10.0001

0.0000

10.0035
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M3, M4, M5 and M6 represent Matrix Inversion, Iterative Decomposition, FCN, Butterfly-net,
DIWGAN, MC-UCTransNet, respectively.

4-6 73 9 AN TR o i U7 VA AE S TR IR R Bl A AL 2R ORI

MAE/MSE/SSIM &I, XS LT LA, ANFE 5 R B AR B R RIS
T AL R IR, AR5 A T 15 LU S R FON A S8 47 1 45 M (R R R
H1, 5440518 FCN #EL, Butterfly-net. DIWGAN 7EH S M4 237 it 1% L
] MAE. MSE #1 SSIM 47 & # 27+, 1l MC-UCTransNet ££2H 2 7 i 5 1 &%
KBS T 5 DIWGAN HHIEMZE R, 80 EEBIRIEMR T Butterfly-net
T o XM R WG ST R ITVELE T BHEUR I3 i 1R o & Je 450 e B IR T 8L
FIPERE o
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80kVp Image FCN Butterfly-net DIWGAN MC-UCTansNet

(a) (b) (c) (d) (e)
K 4-7 AEJTFEERIR R R REEEEE . F—F NS ERREEEIE, £ 2E 1Y)
4359 FCN. Butterfly-net. DIWGAN 2 MC-UCTransNet [ 5 2 &4 .

Fig. 4-7 Low-energy reconstruction plots of the decomposition results obtained by different

methods. The first column is the reference low-energy image, and the second to fifth columns are
the reconstructed images of FCN, Butterfly-net, DIWGAN and MC-UCTransNet, respectively.

N5 T LR T 5 SI TR IR 2 R B2, SIEBR PR AN [RI R 2 27 20 O 14y
ARG E N CT BIME, K RWE 4-7 ix. B 4-7 1 (a) R
ke (80kVp) CT K&, K&l 4-7 (b) N FCN Jikarfif i p b 5 B 25
FTLVE RGN L T — o2 TR0, HJ2 GO T 7, FESCAIGE S 454
BRI HAFAEA L . B 4-7 (¢) Jy Butterfly-net 7> HIFEN BHEG BE R L5 HR, 7]
LLEBIEEA TIEMMSERRgEYT, CaBoNBnEmmitee CT Bg. K 4-7
(d) 2y DIWGAN Zr i 5p kL M E i 455, 4G T 55 Butterfly-net J7VEAH
fgh R, HEEE PR RN ME 4-7 (e H{f A MC-UCTransNet
oIt E AR R EUR, Bk EE 5L T Butterly-net 71 DIWGAN J7 i ()
i, EEEMEAHIRR, BHEGHA T RERL. K48 () - (D A
Xf N7 v R R FIR IR MG 2 M 2 R - o NZE R B AT LB 3, FON 757
TR B EAEBOREUT, (AEE M EHE FIEG B/ B, Butterfly-net J5
NP g TR MRS RO, KRR/ 1 40 il 1 B 5 SR R R 2 )
[f1 75, DIWGAN JjiEfEH MR — 2 NI FAAE R 7 e, SRR IZIX
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R R AR, TASCI Y MC-UCTransNet HUfS 4 (IS 451, &I
HEARE AR R SRR R R Z R 2 57 b

FCN-difference Butterfly-net-difference DIWGAN-difference =~ MC-UCTansNet-difference

(a) (b) (©) (d)
4-8 ARITTEAR BN iR RISRE R &2 B 5 2 E R R i 2w B 55— 2580
514374 FCN. Butterfly-net. DIWGAN & MC-UCTransNet [t 5 & B % B ) 2 57

Fig. 4-8 Difference between reference low energy images and the decomposition results obtained

by different methods. The first to fourth columns show the difference image corresponding to the
reconstructed images of FCN, Butterfly-net, DIWGAN and MC-UCTransNet, respectively.

(2) B-RAREMBEBR I HLRER

NIRRT LTS IVELEA 7] 3 fRAT 25 IO T e, St — P B0 IE T HAE 50
TFNER L ZABE AR MG o3 R R, 1] 4-9 IR 4-10 AN 7VE S i ) R 45
BB Bl 4-9 FIE 4-10 35— F bR IR, 58 58 =41 73 ) R R S s Rk
AT SAFWOR R H LI ADRL MR, T DUR I i 5 i B AR B B T B
R ER, HLERPR T R BOS R X I BRI EANE . 18] 4-9 AT 4-10
DU FCN PRI R R, BARIBOGER X e BT i, (R aEE R
[ Sk ML T KA E G, IR, ARG Bl 7 — R, B
514 Butterfly-net J5 % 1/ il 45 F, Bl = MOk G R EE T HE NI,
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BHDGAAAE R . 55755108 DIWGAN JriAN e R, BRI
#T Butterfly-net J7 15104 B iE M , (EAT5AF4E — LERF R S5 4 . B 25 -6 51 D9 MC-
UCTransNet J7ikHI 0 B4R, AT LAE 270 il 5 S AT RL B R0 S 25 0 e TE I
BB L

Label Matrix Inversion Iterative Decomposition FCN Butterfly-net DIWGAN MC-UCTansNet

(a) (b) (c) (d) (e) () (g)

4-9 RIFJIFEE Group 1 WREEH /MRS B, FOR 35— 47 HUERDRIE, 45 =47
LT RHEL
Fig. 4-9 Decomposition results of different methods in the Group 1 test set, where the first row
represents images with iodine-based material, and the second row represents images with soft
tissue-based material.

Label Matrix Inversion Iterative Decomposition FCN Butterfly-net DIWGAN MC-UCTansNet

(a) (b) () (d)

K 4-10 AFT7VELE Group 2 MR P R EE IR, P 88— A7 MR RLEL, 55 — AT 93K

AR RHA
Fig. 4-10 Decomposition results of different methods in the Group 2 test set, where the first row
represents images with iodine-based material, and the second row represents images with soft
tissue-based material.

ANFTT 5 S (B R U RHEMR , B IR R 4-3. K 4-4 R
MEEHF L H, MC-UCTransNet [ A ZEMU R 1K) SSIM RIS KT Butterfly-
net UL &% 7 MAE RIS T DIWGAN, 7 MAE. MSE. PSNR #1 SSIM _I-
RN T HE M ik, B T 1 53 ks BEAT MU & o ZERIURDRL & 4
U oy fi sl R AL T Z BN, RPN A B A AR e
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*® 43 AFEFEBES R (Todine) 73 fil4h R g B VFIN 45

Table 4-3. Quantitative scores of iodine-based material decomposition results of different methods

Methods atrix Decléf;‘)té‘;iion FCN  Butterflynet DIWGAN | M-
(nmanxﬁﬁziapqo%)]40684i7129 1.0729£77.35 0.2807+322 0.1634£051 0.115740.95 0. 1427043
(mean 112)42$fvarx10-9) 0.0613£326  0.0649+3.87 0.0322£1.04 0.0042£0.04 0.0052£0.06 0.0040::0.01

(nézifiﬂ) 31.6845£025 31.4407£0.26 34.4763£0.25 43.3787+034 42.3866+0.33 43.55260.13

SSIM

6 0.9667+6.22  0.9793+4.38 0.9753+£1.89 0.9948+0.10 0.9940+0.22 0.9947+0.14
(meanzvarx10°)

K 4-4 AFGIERAHLIAEL (Tissue) 70ff4s FoE BV 4R

Table 4-4. Quantitative scores of soft tissue-based material decomposition results with different

methods

Matrix Iterative MC-
Methods FCN Butterfly-net DIWGAN UCTransNet

Inversion  Decomposition
(meanxll\é[zc]iaerOJ) 2.3850+6.30  2.2024+5.85 0.6133+0.43 0.4009+0.17 0.3295+0.24 0. 3466+0.16

MSE
(meanx10-2+£varx10%)
PSNR
(mean=var)
SSIM
(meantvarx10-)

4.3.2 MZIZITIHRMSELE

0.2148+1.96 0.2202+1.98 0.0313+£0.04 0.0115+0.08 0.0125+0.02 0.0112+0.03
24.5465+0.08 24.4386+0.08 32.9122+0.08 36.3110+0.58 36.9219+0.22 37.3843+0.37

0.8732+2.19  0.9317+0.47 0.9539+0.23 0.9807+0.19 0.9814+0.11 0.9815+0.15

AT BT R R, SRR P @ E T AL K R BRI —
WTRAEFE =AM BERGEAT T 90 . SERRF T JCVE R I U-Net J7 R0 IE I8 18V 5
JI% T DECT FEARHEME 4 fift vl REIFDE F 14, (8 FAUEL B MAE 1945 5% iR 200 UE
ZE R AR SR T 23 R 25 SRR R EVE Y A i R e /N — A B E B2 HH g A —
WITERT o3 it J5 G5 & ISR T 3AOR

AR HA B IS IE 45 R LR 4-5 FIR 4-6. MR 4-5 FIFR 4-6 HI5H
ZHIRTLAE H, FEBCA SINIETETE R AL, R 0 TR 4 RS2 IR TR E SR A
FRHERE AL, S EUE SRS UG 2 I 1015 B As e FaRIMAEE, REI R 2453
R I B TE R SR, M5 NIBEE R VLG, o AT SRR HE IR AT
RREREGr, AT SRTS SEVER I A R L e o ik FE NN SSIM [AIVR 7451 2K bR 41
AR, I LR 4-5 F15% 4-6 IS =FI 8, W LAE A RIA
B, IXRAE TR A % R BE S BHEUG  ARAT 55 TP 1 3 - il 25 S MAE
TARAN SSIM 5%, Rets TEAFRIRAIEAL, 32 m B kMG o il 45 R A HERR I .
B, SERYERAIE T e KRN — A B AT TIAL B 5 A A, i bR
4-5 15K 4-6 FEEIUFIAE FA MR LR, 7T LUE IR oK /N — 1 Tidb
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HI7, Hor i R R R 1) PSNR HHIL 1 W38 R R, XGRS SR 3
T Sigmoid HJH— AL ITIER A R, BB E, AR R R
X0 AR RIS

45 AFEBB IR (Bone) 73R4 R E BN

Table 4-5. Quantitative scores of bone-based material image under different models

Methods (w/0) Attention (w/o) SSIM Max-.er.l MC-UCTransNet
normalization
(meanx 11\(/)1'2:]3/arx 10°%) 0.1271£1.09 0.1772+1.56 0.0933+0.65 0.0924+0.59
(meanx l(l;{lzi}\z/arx 10719) 0.0129+3.09 0.0123+2.51 0.0085+1.55 0.0098+2.17
PSNR 38.3890+0.37 38.5899+0.34 35.413240.50 39.5849+0.46
(mean+tvar)/dB
SSIM 0.9912+9.33 0.9917+8.66 0.9932+8.35 0.9939+6.53

(meanEvarx107)

* 4-6 AFEI R ERAHLGIERRL (Tissue) 70 A4S RIS B PFOY
Table 4-6. Quantitative scores of decomposition results of soft tissue-based material image under
different models

Methods (w/o) Attention (w/o) SSIM MaX‘.Mu.l MC-UCTransNet
normalization
MAE
(meanx10tvarx10°7) 0.3258+0.13 0.4766+1.11 0.2369+0.07 0.2650+0.04
(meanxl(l;/'lzi}\ifarXIO'lo) 0.0159+3.10 0.0278+6.91 0.0069+0.41 0.0061+0.27
(meal;iljg)/dB 35.9114+0.22 33.4747+0.17 29.9182+0.16 39.9546+0.13
(meansﬂzsvlzi\r/lx 10°) 0.9832+0.91 0.9826+0.92 0.9859+2.02 0.9904+0.15
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Fig. 4-11 PSNR and SSIM in the test set for the loss function under different combinations of
hyperparameters.
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PSNR #l SSIM 4514 39.5849 dB F1 0.9939 (Bone) . 39.9546 dB F1 0.9904
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Table 4-7. Quantitative comparison of model decomposition results under feature combinations of
different scales

Models Bone Tissue
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 359114 0.9832
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Fig. 4-12 Convergence of loss on different network in training and validation sets
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Fig. 4-13 Convergence of PSNR on different network in training and validation sets.

% 4-8 NFASIE A DU T
Table 4-8. Comparison of the complexity of different models

Methods Parameters(M) FLOPs(G) tin}:gi?in) 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

4.4 KRB
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