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Abstract : Spectral computed tomography (spectral CT) is an emerging detection technology that acquires
more comprehensive tissue composition information by measuring an object’ s absorption of X-rays of
different energies. It plays a pivotal role in various fields such as medical diagnosis, non-destructive
testing, material analysis, and security monitoring. Material decomposition algorithms are the core of
spectral CT technology, aiming to decompose the composition information of different tissues from multi-
energy data. These algorithms are crucial for enhancing the quality and accuracy of decomposed images.
This paper reviews the data acquisition methods and mathematical models for material decomposition in
spectral CT. It focuses on discussing the research progress of spectral CT material decomposition
algorithms in four aspects: projection domain, image domain, direct iteration, and deep learning-based
methods. It conducts an in-depth comparative analysis of the theoretical advantages, technical limitations,
and current application status of various algorithms. The paper points out that the future research trends in
this field include hybrid decomposition optimization in the projection domain, fusion prior constraints and
multi-model data in the image domain, convergence stability improvements in direct iteration, and
transferability and high generalization in deep learning.
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Fig.1 Schematic diagrams of five common implementations of spectral CT

(a)multiple scans; (b)dual-source dual-probe scan; (c)kVp switching scan; (d )double-layer detector scan; (e)combined photon-counting detector scan

2 BEWE CTHEI Y BEHFEE TR ST |

=[]
X YR SEE GRS % e T ey 7 (J v
S0 L BB BT L 45 o RS B O o, 7T LA 1.2, e M (1)



Ho3E 11

RETE CT AR S 1 T 7 1 i 33

(@) X-ray «

Scintillator i E
(conversion of X-r?)gs
S

into optical signa
Photodiode

(conversion of optical signals ‘w’

into electrical signals)
Circuit

Image

X-ray

.

.
=g CdznTe
(conversion of X-rays
g into electrical signals)

&
2

Circuit

Image

P2 BB (042) (a) FOG TR0 () () 30 25 5 X o el

Fig.2 Schematic comparison of energy integrating (indirect)(a) and photon counting (direct) (b) detectors™

A En ME R, 73 B 2R 5 m A RE B lE T e E
B RS e /IME s ROE,, ) R 2 m A RE BRI 4%
Wil 137 BRI K5 SCE,, ) 2R 7R 2 m A~ BE BE A BE 1 15 B 5
p(l, E,) FRTEH m A REB ) o 9 e 2 3R KU B RE
it E AL HE 50 . B3 A e RS CT g 5 s
AT, B 3 RE S e (1) BBy S B

BN

- // \\

- f 3

T / \

Z - / \
i ! \
_-- ] \
Radiation _ -~ i i

- g

i h GE, b
'N \ 1
——— \ 1
~—_ — I
. S \ |

~d \ !

S \ /

~~< \ y

Object =l X 7
<\
Detector

B3 HERCREE CT g R 1Al
Fig.3 Schematic diagram of cone-beam energy spectrum

CT imaging principle

TEIRAT RETE CT AR i i, 32 B4E 55 B A FH]
BRI p, SR Ap 1 BEIN Hp  PA B R 14 Dk 2 Koy
i (L E, Do SR, o1 BT R 8245 31 (19 B 8008 AR
it (4, E,) X — i RESEAR B A 1Y, T 2 AT 20 fff Ak
58w AT LU p(2, E,) IR R A FE R
LA G

w(LEN~ N a(D)eE,) (2)

K (E,) RS RIS hn 3 PR A (1) RS
ke Bl 3 bR X A o 3 RE R T BRI B HR R i
/1(1, E,zz)/}{‘y‘?j{%aku)e

H A PG o B U BR800 3
AR TR 5 A 6L A0 AR AR L UL B AR N 4 g AR
R O L BRI, R, R 5 S A58 10 0 i A A 25 e, D

]

Tl(Em):ﬁ;h(Em),Tz(Em):fKN<Em),ﬁﬁ>kﬁﬁ=*ﬁmﬂ@
J FL RSO R B RIAGORI B 5 2y 2R B G, i o4
REAMG ZR A 1 S8R 3 BORDT 35 i 25 1 e AR
T FH AR, AFL 220 T it 1 ISR AE O s ek 1 B
R T LR AR )5 R Kalender 540/ 7€ 1986 4F:
PEH EBRLKG p1( L, E,) 3R R 45 T RO R i 5
IR R RS W o E,)=p(E.),
DA SR DG T MR8 A FR 43 850 0 A 5 A 38U T IR 8
X AT R A 1 0 R 5z b H s
PR A, B K-edge %0 YA REAT LT
JIXE 7 A Ak 1) 35 R B X P AR AR 25 51 X
(2)ir AU (D

e{ (e saa] Sande e

m=1,2,-+ M (3)
A(L) =] aydl (4)

RETE CT MR o3 ) 5 B 55 Ak R 2 BE R R %
W pm=1,2,---, M, K fif th 25 5 & B W 5 i
ai(l), k=1,2, -, K,iX— 7 BB A KM ) 8, 7E
Bt b2 M= K R85 FRL R A%, IS5 %
ETHBEEE W LT EE CT MR 4 M<K
B, LA B R BN TR R ECE B, 2 R T R SR A
X SR 22 R it 1 B () A, B AR AT L o
Pa G RIEE ST S Vs S (EN T RS
A BT IR RR I CT — kv L
ARG Z Re B2 B L O A D 2 (R T Ok TR Y IR
%5 M M > K, PUB B2 EOR TR B8 H | &t
Ty RRA SR A

3 BEECTHMHRISMEZEARER

T OO R T RR IO R BRI AR
fife FNRE TR 5 ) Ak M RTRETE CT MR 5%



34 FHRLT A2

20254E 11 A

BP9 B 18], DRI TR0 SR 4 A 745
& WA AT
31 BBEMRSRE®

B BB S i 03 7 R 575 31 1) 2 e R
U AR PR R R (4) g AL (L) B
TR (YT SRR AR L IO , BERE S
Wk (R 0 25 BB RE G RE T X 1 2
A AT (D00 ML ST, I 2 M H L i30T R —
BN, SO (3) T RIAR 4

P D[ S(E)T(E,)AEA(L)=

r=1" E

K__
ET/M;IA/Z(I‘> <m:1,2,"',M kzlvza"',K)(B)
k=1

Az, TR LFRHESS m BE B 1 INACT- 3 5
WCRE . BTG RE TS CT MR 3 3 0k T 5 R

R 2 e 155 B p., oK R BEORE Y B8 35T
A (L)

pl 1_'1,1 Z_'K,l A1<L>

PM fl,;w fl(,sw AK<L)

U

Al(L) fu f[\’,l o pl

z = ] (6)

AK(L) 2_'1,;\/1 z_'K,M pM

P2 Z B B BOR B AL (L) Je , BRI

The projection data at different energy ranges

Material
decomposition
algorithm in the

projection
domain

I
)
t
i

’ ’
I —

Material decomposition projection data

MCT BUR SR Ak e T H A, S B R S 1A
4 BT BOE B0 BE TS CT A ORL 3 i 35 1 it B2 R
.

RCRF L RE NS X 2 BEBC E AT Ml w4, O Hot
AR B . SR, O T BRI A AR, 2
RE 15 R 1) S AR AR T LA B AR A DR — 2, 75 0
22 U [R] E X B B0 Z 18] A VT BE 2 U, DA T D 32
BRI, L i FE AN E T 208 2 )
R AE VI AF BT CT Se a0, [l i I8k
it B R 22 REBUR Bl A AR L o0 i (R A, LR
JoHE: 14 22 ol BB RH S S R 2 Bk O T A A
B P RREU R T AR LT
ENAE SO T

BEXFT B o0 i R B AR Lk (R, T AR A A
HA B R R ROR, o B E R RS RE g 5
FERPRHE P D R I, S T e IR BE SO 5 H R
1] 1 R0t A 4R 3R, A R R B fe A e IR RE B TR I
A T B HE A RL 3 05, (EHORS B2 Bk T A 4R
RUGEML A . Zhang FF 3 H —FE TR AR AL
P T 2 4 i R AU AR Bk, R 1 SR B R
2 M N A A ) s 5 A58 25 2 S i ) 45 52 Kl A 4R
S RLAF B9 R AR B, A i S R A
o3k, FE R AT e 415 B R R A D IS Y e
PREL, T ARG B R, SR A5 R IR IE 1% 5
VEHAT R4 B R ACR

Material decomposition images
Image

reconstruction
algorithm

4 BETHOGZEREIE CT MR it Bk i AR =

Fig.4 Schematic flow of energy spectral CT material decomposition algorithm based on projection domain

HEAh , i A — LB 58 5 M IE AL 5 0P i) H
RAR PO AR RE . b, Ducros 2 R4
IR R S IAT AR PEAR SC A IE AR, IR

Gauss-Newton B EA IR CR i , e ng A st th v
P AP AL REZE R A A 5 rh A5 B 56 3IF 5 Zhao 251700
B L S8 Ea ST TR BEAL S &, TRk



B 534 A 111

RETE CT MR M S T i 35

USRI B, FE T T HA i G R 1 K BB S5 i A
T S AR 3B ) £ 9 20 SRR AR [ 8, I AE B Aa bR R
B AE R 8 ) B i o 22 5 SR A 1 A - m) R,
FAPEACHE e S BRAR AL 0] 8, 76 RETE 5 B AN I 0L T
SEP T BG4 . Cong 5558 i B AL UEE CT
R o 1 SR A I FE SR B AT BT IR R T
B —ANFTFREIA SR, ZHRAEMNGECT LT
SCH R ME— SR, EURS R R T IRMR A, K
YR, 3 A AR O A R B 4 ) SR A, S B U
T2 W 4% 52 A ff 0 Z2 30 = e R B AR AR A 1Y) 25
AR REHG N T AR A A M . Lu SR T — b
BE TR A RN AH AR I D) Ak 10 488 5% 85 e 2 MR AR
1Z 07 L AT AR /N 3, R RE B CT A
B S T G B EA A RHEG, B Bk &1
IR R DL B 5 45 35 AR AL 1) 1 D)k ok 52 B, g
5 A 255 M AR B RS A0 235+ R PR 30 %, (H I T vk R R
IE X AE B 45 52 A DU C M, 5 ) 2 78 R 251 A
BN, R B A A A MERRE . B 5 oA
PG AR AL ), Hor 1 2 50 I o N 4 PP R

I M B2 W R PMMA R POM ., R U 36 2 W
PTFE Fl8E Mg, AR 48 4 Bk} i+ %5 2 FLf 38U+ 7
B, 1+ PP A Mg J 91 1 A A 5 80 T (e e Ol A A
AR 495052 AL 6 Ay A R Y R R R el A R 4 AN (] B
Ak 43 Ml B vk 5 R HE R AT S R TR o e S A
BEEUG ) R FOR A

B5 Wy R e

Fig.5 Image of physical cylindrical phantom'*")

'....

P16 RFEDS (1) F i 88 (2) MR AN AL B RL - B0 485 2R 0 LL A
(a)FBP™; (b)DL™; (¢)PICCS™; (d)SBR™!; (e) LRSBR™”
Fig.6  Comparison of results of different material decomposition algorithms for low attenuation(1) and high attenuation(2) materials

(a)FBPY; (b)DLPY; (¢)PICCSY?; (d)SBR?Y; (¢ )LRSBR!M

25 ik RUEAS [R] E B 45052 Bl DT e P S
LI AR G BRI ik 2 8052 SR 8 23 A 140 X 5 R A
Mo PCD B BE 8 PR UE 22 RE 8¢ 52 B I 4R 4 LA
AR B — SOV (B el T I g o 1 — SO R BTk
F B iR 22 W52 0, o3 fifk TR A5 b 2 Hh B A 35 A9 0K
Do, DA™ F 5 M D 0k 1 o F A . LIt
RETE CT AR TE DO 52 1 BRAK SR 75 2Lk — 2 T 5

Fe 1R AR R BE TR W AR 1S CT A48} o i
BRI IIR
32 BE®iEMBo@mEE

MG IR AL A i B 1k S X Z2 e B Bl ., R4 T
15 A5 2 Z RE MG L, PR UG I800 R o3 i
Bkt Z R EIMR L, $EATRORL I3l , 15 B0 FE AR 3 i R
ap, BB (6)



36 BT R

20254E 11 A

®1 ETHRIERIREE

CT#H B BEEHRIAK

Table 1  Current status of research on projective domain-based energy spectral CT material decomposition algorithms

Time  Method Suitable task Advantage Limitation Ref.
2008  Based ona Dual-material It exhibits excellent reconstruction precision  Limited noise and artifact suppression capabilities [ 17 ]
lookup table  decomposition  and accuracy, coupled with strong practical
utility
2011 Dual-material It is easy to implement and facilitates parallel ~ The accuracy depends on the set step size of the — [44]
decomposition  computing look-up table, and the robustness of the
algorithm requires further verification
2023 Dual-material Tt does not rely on the system’s energy The calibration model and the test object need to ~ [45]
decomposition  spectrum or attenuation properties, and takes have the same material density
into consideration factors like scattering
2017 RWLS-GN  Multi-material It converges rapidly and is easy to parallelize ~ Dependent on the selection of regularization [46]
decomposition  for computation parameters
2022 Based on Dual-material ~ Does not rely on system energy spectrum Dependent on the selection of regularization [47]
blind decomposition  info, facilitating parallel computation parameters
separation
2022 Based on Dual-material It demonstrates high accuracy and robust The model is relatively complex [48]
univariate decomposition  stability
optimization
2024  PWLS- Dual-material ~ Effectively reduces noise levels while It is necessary to ensure precise matching of dual- [49]
LRSBP decomposition  preserving image structural edges energy projections, as the parameters within the

algorithm have a significant impact on the results
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(a)DL™; (b) TVMD!*); (¢)DLIMD! !
Comparison of results of different material decomposition algorithms for bone (1), soft tissue(2) ,and
iodine(3), and enlarged views of regions A-D(4)-(7)
(a)DL™; (b) TVMD™); (¢)DLIMD
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Table 2 Current status of research on image-domain based energy spectral C'T material decomposition algorithms

Time Method Suitable task  Advantage

Limitation Ref.

2013 Based on the noise  Dual-material

It has achieved good results in noise

Significantly reduces noise and achieves There are certain limitations in its ability to retain [55]

The algorithm has high complexity [54]

distribution decomposition  suppression and artifact removal
2019 characteristics of Multi-
the image material high-precision material decomposition

decomposition

2022  Measurement of Multi- Low equipment requirements and
equivalent atomic ~ material algorithm complexity, coupled with
number decomposition  strong robustness

2024 Multi-

material of equivalent atomic number and density
decomposition

2023 Multi- Exhibits good robustness and

material generalization capabilities
decomposition

2014 Iterative Dual-material

decomposition in decomposition

preserving image edge details accurately

details

The generalization performance requires further [9]
verification, and calibration tests and
measurement experiments need to be conducted

under the same conditions

Capable of rapid and accurate estimation The applicability to other complex materials [56]

needs further verification

It is affected by the number of energy intervals [57]

and base materials

It offers excellent noise suppression while The mapping relationship between multi-energy [58]

images and base material images is not fully

the image domain characterized
2017 Multi- It demonstrates a high level of The algorithm requires an appropriate initial [53]
material decomposition precision and accuracy value, and the selection of this initial value has a
decomposition significant impact on the results
2021 Dual-material ~ Exhibiting good noise suppression Without comparative experiments, the [60]
decomposition  performance and high decomposition practicality needs further verification
precision
2020  Dictionary-based Multi- High quantitative decomposition precision — The applicable scope may be limited by the [61]
learning material and accuracy diversity and quantity of dictionary samples
decomposition
2019 Multi- The introduction of multiple constraints It depends on the selection of regularization [62]
material has significantly improved decomposition parameters and initial values
decomposition  precision and accuracy
2023 Multi- While accurately decomposing base It relies on the selection of regularization [63]
material materials, it also exhibits good parameters and has high computational
decomposition performance in noise reduction and edge complexity

preservation
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Acquisition of spectral CT data P,,P,,...,P,

M

Reconstruction to generate initial CT images /,,1,,....1,,
Based on prior knowledge, an initial estimation of the

material composition for each pixel in the initial CT
images is performed

v

Establish an energy spectrum model to correlate the
estimated material compositions with their
corresponding energy spectrum characteristics

v

Using the estimated material compositions and the
energy spectrum model, back-project the energy <
spectrum information into the CT image space

v

Based on the energy spectrum information obtained
from the back-projection, update the material
composition estimates for each pixel

v

Based on the updated material composition estimates,
reconstruct the CT images anew

Convergence: Y/N?

( )
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Fig.9 Schematic flow of direct iterative energy spectral CT material

decomposition algorithm
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Table 3 Current status of research on direct iterative-based energy spectral CT material decomposition algorithms

Time Method Suitable task Advantage Limitation Ref.
2014 EART Dual-material It demonstrates good performance in terms of Low computational efficiency [24]
decomposition  image quality and artifact suppression
2016  ESART Dual-material It exhibits superior reconstruction quality and The success of this method relies partly on [ 64 ]
decomposition  accuracy, while enhancing convergence rates  data quality and preprocessing strategies
2021  IRM-MI Dual-material It can be utilized for monochrome image Limited artifact suppression capability [65]
decomposition  decomposition, significantly improving
convergence rates
2021 OPMT Dual-material It is applicable to inconsistent scanning The robustness in dealing with noise and [66]
decomposition  situations artifacts has not been thoroughly discussed
2023 SOMA Multi-material It can accurately decompose base material The influence of scattering was neglected [67]
decomposition  images, significantly enhancing convergence rates during method modeling
2024 Based on volume Multi-material It is suitable for inconsistent scanning The algorithm model is based on [68]
conservation decomposition  situations, effectively suppressing noise assumptions, and its robustness requires
constraint further validation
2013 Based on full- Dual-material It possesses high decomposition accuracy and ~ There is an issue of detail loss, and the [69]
energy spectrum decomposition  demonstrates robustness against noise and edge preservation capability is poor
bayesian material variations
2014 Based on Multi-material It effectively suppresses noise, stripes, and High computational complexity [70]
penalized likelihood — decomposition — cross-contamination artifacts
2016  Primal-dual problem Dual-material ~ To some extent, it addresses the non- The ability to preserve fine structures is [71]
with convex set decomposition  convexity of the data model limited, and the robustness of the
constraints algorithm requires further validation
2019  TV-+BM3D Dual-material It has good capability in preserving image There remains the issue of image edge [74]
decomposition  details and texture information distortion
2023 Iterative proximal Multi-material ~ While achieving multi-material The algorithm model is based on [75]
adaptive descent decomposition decomposition, it effectively suppresses noise assumptions, and its robustness needs
and beam-hardening artifacts further validation
2024 AST Multi-material It offers high decomposition accuracy and is The algorithm has high complexity and [76]

decomposition

capable of preserving structural edges while

reducing noise

requires a long processing time

Fig.10

Comparison of results of different material decomposition algorithms for water(1), muscle(2) and bone(3)

(a)EART'™; (b)OPMT!*/; (¢)DnCNN'"/; (d) TVI™; (e)vVCC®

E10 K (1) JULA (2) F 3k (3) fAS Rl MR R i 45 9 eI (@) EART™Y 5 (h)OPMT! ' (¢)DnCNNT" ;5 (d) TV ™ (e) v C! !
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Table 4 Current status of research on deep learning-based energy spectrum CT material decomposition algorithms
Time Model Suitable tasks Advantage Limitation Ref.
2019 VGG16 Multi-material It exhibits high decomposition accuracy and The applicability and scalability of the method [83]
decomposition robustness, with low training costs require further validation
2018  U-net Multi-material It is straightforward to implement and holds The method lacks noise suppression capability [ 84]
decomposition promise for application in various clinical and
research fields
2018 FCN-+FCL Dual-material It demonstrates high decomposition accuracy The improvement in edge preservation [85]
decomposition and efficiency capability is not significant, and the training
cost is relatively high
2019 Butterfly Dual-material Greater interpretability and better noise The generalization performance is limited, and [ 86
network decomposition suppression performance when experimental parameters change,
retraining is required
2022 DIRECT-Net  Dual-material The decomposition results exhibit high image The implementation of dual-energy C'T with [87]
decomposition quality and decomposition accuracy inconsistent scanning paths is difficult to apply,
and the training cost is relatively high
2024  GECCU-net Multi-material Good fine structure preservation capability The generalization ability needs further [88]
decomposition and noise suppression ability validation, and the training cost is relatively high
2020 PMS-GAN Multi-material Generating multi-material images in parallel When multiple generators operate in parallel [90]
decomposition can reduce computation time and improve simultaneously, the computational complexity
efficiency is relatively high
2021 DIWGAN Dual-material While effectively achieving material There are too many manually adjustable [91]
decomposition decomposition, it suppresses noise and beam- parameters, leading to high training costs
hardening artifacts, demonstrating good
robustness and stability
2023 AGC-GAN Multi-material While maintaining high resolution, it avoids The applicability and robustness of the method [92]
decomposition artifacts and blurring effects that occur in require further validation
traditional methods
2021 FLESH-DECT Multi-material It does not require dual-energy CT scanning, Depends on high-quality training data [93]

2024

2022

AT (2D U-net)

Improved-GAN

decomposition

Dual-material

decomposition

Multi-material

decomposition

reducing scanning costs, and has the
potential to simplify system design and lower

radiation doses

Without the need for a dual-energy CT
system, it offers high flexibility and ease of

implementation

It realizes the mapping relationship from
monoenergetic CT images to material
decomposition images, reducing errors in the

two-step synthesis process

The generalization of the method needs further
validation, and the selection and optimization
of parameters are relatively difficult

It is necessary to use lightweight models and
simplified parameters for large-scale pre-

training

[94]
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