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Background: Dual-energy computed tomography (DECT) is a promising technique, which can provide 
unique capability for material quantification. The iterative reconstruction of material maps requires 
spectral information and its accuracy is affected by spectral mismatch. Simultaneously estimating the 
spectra and reconstructing material maps avoids extra workload on spectrum estimation and the negative 
impact of spectral mismatch. However, existing methods are not satisfactory in image detail preservation, 
edge retention, and convergence rate. The purpose of this paper was to mine the similarity between the 
reconstructed images and the material images to improve the imaging quality, and to design an effective 
iteration strategy to improve the convergence efficiency.
Methods: The material-image subspace decomposition-based iterative reconstruction (MISD-IR) 
with spectrum estimation was proposed for DECT. MISD-IR is an optimized model combining spectral 
estimation and material reconstruction with fast convergence speed and promising noise suppression 
capability. We proposed to reconstruct the material maps based on extended simultaneous algebraic 
reconstruction techniques and estimation of the spectrum with model spectral. To stabilize the iteration and 
alleviate the influence of errors, we introduced a weighted proximal operator based on the block coordinate 
descending algorithm (WP-BCD). Furthermore, the reconstructed computed tomography (CT) images were 
introduced to suppress the noise based on subspace decomposition, which relies on non-local regularization 
to prevent noise accumulation.
Results: In numerical experiments, the results of MISD-IR were closer to the ground truth compared with 
other methods. In real scanning data experiments, the results of MISD-IR showed sharper edges and details. 
Compared with other one-step iterative methods in the experiment, the running time of MISD-IR was 
reduced by 75%.
Conclusions: The proposed MISD-IR can achieve accurate material decomposition (MD) without known 
energy spectrum in advance, and has good retention of image edges and details. Compared with other one-
step iterative methods, it has high convergence efficiency.
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Introduction

Dual-energy computed tomography (DECT) is a promising 
technique, which has been increasingly applied in medical 
imaging (1), security inspection (2), and industrial 
production (3). Compared with traditional computed 
tomography (CT), DECT can obtain quantitative 
properties of different materials, which can be exploited by 
using the attenuation information under different spectra 
called material decomposition (MD) (4). However, it is 
difficult to obtain accurate material maps due to noise (5), 
scatter (6), beam-hardening (7), and so on (8).

Research on MD can be divided into three categories 
including image-domain-based reconstruction, projection-
domain-based, and one-step iterative reconstruction (9,10). 
Since the image-domain-based reconstruction carries 
out the decomposition on reconstructed CT images, it 
is convenient in clinical application (11-14). The main 
problems of image-domain methods are the magnification 
of both noise and beam-hardening in material maps from 
reconstructed images (10). A common way to deal with the 
noise is to introduce prior information (5) of material maps. 
However, the imaging model is assumed to be linear in 
these methods, which does not fit with reality. Therefore, in 
theory, the image-domain decomposition methods cannot 
completely eliminate hardening artifacts.

Compared with image-domain-based methods, 
projection domain-based methods and one-step iterative 
reconstruction directly work on the transmission data. 
Projection domain-based methods first decompose the 
materials in the projection domain and then obtain the 
material maps by classical reconstruction methods such 
as filter back-projection algorithm (FBP) (15). These 
kinds of methods (16) can process the projection of each 
view independently, which can not only help to solve the 
nonlinear effect but also improve the calculation efficiency. 
The projection domain-based approach was proposed by 
Alvarez and Macovski who laid down the basic principles in 
their pioneering paper published in 1976 (9). This approach 
was further explored by the Hasegawa group, which 

developed several DECT prototypes in the 80s and 90s. In 
particular, the Hasegawa group was concerned also with the 
systematic bias of DECT arising from the polychromatic 
X-ray source (17), and how to correct for the systematic 
bias, for example, using the basis materials transformation 
method (18), so that the errors propagation when used in 
conjunction with other image modalities, such as single-
photon X-ray CT, will be minimized (19). However, the 
geometric consistency of different transmission data and 
the requirement of accurate spectral distribution hinder the 
application of projection-domain-based methods. 

Different from projection domain-based methods, one-
step iterative reconstruction methods establish the imaging 
model based on transmission data and obtain material 
maps directly. These methods are not only flexible for 
scanning conditions but also have the potential to eliminate 
nonlinear effects, which has received increasing attention. 
However, a primary problem for this kind of method is the 
estimation of accurate spectral distribution information. 
Common approaches to estimating the spectrum are 
based on the physical phantom with known attenuation 
information and geometry, which is called indirect spectrum 
estimation. These methods transform spectrum estimation 
into finding the solutions of linear equations. Research on 
indirect spectrum estimation mainly focuses on tackling the 
pathology of linear equations. Designing and optimizing 
the regularization terms is the main research direction (20).  
The adoption of expectation-maximization (EM) is a 
widely applied classical method (21), solving the equation 
iteratively, and often the early stop is utilized. Recently, Ha 
et al. (22) proposed to transform energy estimation into an 
optimization problem with Kullback-Leibler divergence. 
It is convenient to incorporate prior information in this 
method and the effectiveness can be comparable to that of 
the EM method. Another research direction is to use a few 
parameters to fit the spectrum with a set of basis models. 
Zhao et al. (23) proposed to use weighted known spectra 
to fit the estimated spectrum. Since the known spectra are 
simulated according to the conditions of actual scanning, 
these spectra are close to the actual spectra. Thus, it is 
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highly stable with the potential for broader application 
(23,24). However, since energy spectrum estimation and 
MD are independent of each other, spectral mismatch may 
seriously affect the decomposition accuracy (25).

Referring to the reconstruction of material maps, 
many methods  have  been deve loped in  the  pas t 
decades. Extended algebraic reconstruction technique  
(E-ART) (26) and statistical iterative reconstruction are two 
classical methods (27). To suppress the noise and artifacts, 
statistical dependencies in channels (28,29), and a semi-
empirical forward model (30) have been proposed and 
incorporated into material image reconstructions. The 
construction of regularization terms with sparsity is another 
way to suppress noise and artifacts. For example, Cai  
et al. (31) proposed a full-spectral Bayesian reconstruction 
approach with the Huber function as a regularization 
term. Liu et al. (32) developed a total image-constrained 
method with non-local total variation (TV) regularization. 
It utilized the high signal-to-noise ratio (high-SNR) 
reconstructed CT images as a reference to construct non-
local TV as a regularization term achieving impressive 
results. The similarity between the reconstructed CT 
images and material maps has also been applied in ring-
artifact correction (33) and obtained promising results. 
Additionally, considering clinical application, convergence 
speed is an important research direction. In related works, 
E-ART was modified with the simultaneous algebraic 
reconstruction technique (ESART) (34), oblique projection 
modification technique (35), and the monochromatic images 
guided iteration method (36) in succession and obtained 
improved results.

Recent ly,  research  on the  jo int  es t imat ion  of 
spectrum distribution and material maps has attracted 
much attention. In 2020, Chang et al. (37) proposed to 
simultaneously recover the spectrum and reconstruct the 
image. In their work, a muti-variable optimization was 
established and solved by the block-coordinate-descent 
(BCD) algorithm. Further, Zhao et al. (38) followed this 
framework and developed a spectral CT imaging method 
based on blind separation of polychromatic projections with 
Poisson prior, which improved the accuracy of narrow-
energy-width projections. Similar frameworks have been 
developed by various modifications and applied to broader 
application scenarios (39). These methods eliminate the 
extra workload of spectral estimation and show emerging 
potential in alleviating the negative impact caused by errors 
from spectral mismatch. Despite the progress achieved in 
previous works, the capabilities of noise depression and 

convergence rate cannot fully meet the requirements in 
various medical imaging scenarios.

Deep learning is a promising technology, which has 
received increasing attention from imaging communities. 
For image domain-based methods, it is an effective method 
to compensate for the nonlinear effect. For example, in 
2019, Zhang et al. (10) designed a butterfly network to 
realize end-to-end MD and performed well in clinical 
datasets. Subsequently, various improvements for network 
architecture, and loss function have been proposed (40,41). 
Recently, to overcome the large demand for data, the semi-
supervised (42) method has also been used in this problem. 
For projection domain-based and one-step iterative 
reconstruction methods, it cannot only realize end-to-
end mapping (43) but can also combine with the model-
based iterative reconstruction (44). Despite the promising 
results, deep learning methods are data-driven with a strong 
dependency on data scale, meaning that they are difficult to 
apply when lacking datasets.

In this paper, we propose a material-image subspace 
decomposition-based iterative reconstruction (MISD-IR) 
method with spectrum estimation for DECT. Despite the 
promising results of previous works, there are more factors 
to be considered in clinical application. In clinical practice, 
convergence speed is a key criterion in considering whether 
a method can be applied. Besides, the noise is complex and 
needs to be taken seriously. In this work, model spectrum 
and ESART were introduced to improve computational 
efficiency. To avoid noise accumulation, we explored the 
similarity between reconstructed images and material images 
based on subspace decomposition. To further enhance 
the stability, the proximal block coordinate algorithm was 
introduced and weighted by adaptive weight. The proposed 
method was validated by numerical simulation and practical 
experiments. The experimental results showed that the 
proposed method can obtain accurate energy spectrum and 
material images while improving the convergence speed.

Methods

Forward transmission model for reconstruction

Assuming P  represents the transmission data of DECT, the 
forward transmission model can be modeled as

( ) ( ) ( ), exp d dk L k i iL
i

E E x l E = − 
 
∑∫ ∫µP s F  [1]

where , , .kL k High Low∈Ω =  L  denotes the transmission 
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path and kΩ  denotes the collection of x-ray transmission 
path indexes corresponding to -thk  spectrum. ( )k Es  

represents the -thk  normalized spectrum. It is the product 
of the emission spectrum of the X-ray tube, the material 
and thickness of the detector scintillator, and the sensitivity 

of the detector (23). e  stands for X-ray energy. ( )i ⋅µ  and 
( )i xF  stands for the mass attenuation coefficient and the 

material maps in spatial x  for material i . ks  is the product 
of the emission spectrum, the material and thickness of 
the detector scintillator, and the sensitivity of the detector. 
Bones and water are the two basis materials we studied.  
Eq. [1] can be transferred as

( ) ( ) ( ) ( ) ( )( )( ), exp d dk L k b b w wL
E E x E x l E= − +∫ ∫ µ µP s F F  [2]

where ,b w  denote bone and water, respectively. To facilitate 
numerical implementation, the discretized representation of 
the Eq. [2] can be written as

( ), , , ,
1

exp
kN

k L k E b E L b w E L w
E

δ
=

= − −∑P s μ A F μ A F  [3]

where kN  is the discretization number and δ  is the step size 

of discretization for each spectrum. ,k Es  is the short form of 

( )ks E  that means the value of -thk  spectrum in energy E .  

, ,,b E w Eμ μ  are also short forms for the mass attenuation in 

energy of bone and water, respectively. LA  is the projection 

operator of path L , ,L xa  denotes a component of LA  in 
position x . ,b wF F  are material maps of bone and water, 
respectively.

Spectrum estimation with model spectra

Inspired by Zhao’s work (23), the normalized spectrum 
can be represented by weighted known spectra. Assuming 

,k ms  denotes known spectra, the -thk  spectrum can be 
represented as

( ) ( ), ,
1

kM

k k m k m
m

E c E
=

=∑s s  [4]

where ,k mc  denotes the weight coefficient and m  denotes 
the tag of different model spectra. Thus, the transmission 
data ,k LP  can be written as

( ), , , , , ,
1 1

exp
k kN M

k L k m k m E b E L b w E L w
E m

c δ
= =

= − −∑∑P s μ A F μ A F  [5]

where , ,k m Es  is a short form of ( ),k m Es . The model spectrum 

can be obtained by simulating the spectrum of different 
filter thicknesses under the same voltage and current 
conditions. Given material maps, when the estimated 
spectrum and material maps are consistent with the real 
spectrum and material maps, the estimated data is closest to 
the transmission data ,k LP . Thus, the solution of spectrum 
and material maps can be expressed as:

( )

( )

2

, 2, ,

,1 , , ,
1

1arg min , , ,
2

s.t. , , , 0, 1

b w

k

L k b w k L
k

M

k k k m k m k m
m

c c c c
=

−

= ≥ =

∑

∑





c F F
c F F P

c


 [6]

where  ( ), , ,k L L k b w=P c F F , ( )⋅  denotes  the  forward 
transmission function along the path L and kc  denotes the 
set of weight coefficients of the different model spectrum. 
Considering the physical meaning, ,k mc  is non-negative and 
the sum of different coefficients is 1. More details can be 
found in the Appendix 1.

Extended simultaneous algebraic reconstruction technique

ESART (34) is an MD algorithm with fast convergence 
and certain noise suppression capability. For calculation 
convenience, the forward transmission model is expressed 
as:

( ), , , ,
1

ln exp
kN

k L k E b E L b w E L w
E

δ
=

= − − −∑Q s A F A Fµ µ  [7]

According to ESART (34), material maps can be 
expressed as:

,1
, , ,

,
,

0

b L

k

k

n
Fn n b

b j b j L x J
LL x

L jL
j

λ+

∈Ω
∈Ω

=

 
 
 = +
 
 
 

∑∑ ∑

e
F F a

a a
 [8]

,1
, , ,

,
,

0

w L

k

k

n
Fn n w

w j w j L x J
LL x

L jL
j

λ+

∈Ω
∈Ω

=

 
 
 = +
 
 
 

∑∑ ∑

e
F F a

a a
 [9]
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where x  is the pixel in the material maps. a is the projection 
matrix. ,b wλ λ  are relaxation parameters. e represents the 

estimation error, and , ,,n n
b L w Le e  can be expressed as:

( ) ( )
( )

( ) ( )
( )

( )

( )

, ,
, , ,2 2

, ,

, ,
, , ,2 2

, ,

, , , , ,
1

, , , , ,
1

,

,

exp ,

exp

k

k

n n
k L k Ln n

b L k L k Ln n
k L k L

n n
k L k Ln n

w L k L k Ln n
k L k L

N
n n n
k L k E b E b E L b w E L w

E
N

n n n
k L k E w E b E L b w E L w

E

e

e

δ

δ

=

=

Φ
= −

Φ + Θ

Θ
= −

Φ + Θ

Φ = − −

Θ = − −

∑

∑





P
Q Q

P
Q Q

s μ A F A F

s μ A F A F

µ µ

µ µ

 [10]

where ,k L
Q  is the negative logarithmic transmission data and 

,
n
k LQ  is the data calculated with n th−  estimated material 

maps in Eq. [7].

MISD-IR with spectrum estimation

In this paper, the spectrum and material maps needed 
to be estimated simultaneously. For stability, the model 
spectral-based method was used. Considering the noise in 
the transmission data and the errors in estimated spectra, 
prior information was introduced into model , which can be 
written as:

( ) ( )

( )

2

, 2, ,

,1 , , ,
1

1arg min , , , ,
2

s.t. , , , 0, 1

b w

k

L k b w k L b w
k

M

k k k m k m k m
m

c c c c

αφ

=

− +

= ≥ =

∑

∑





c F F
c F F P F F

c



 [11]

where ( )φ ⋅  denotes the regularization term and α  is the 
parameter to balance the fidelity term and regularization 
term. In previous work, Chang et al. (37) introduced TV 
into the iteration and achieved certain effects. However, 
TV is suitable for piece-wise constant images, and medical 
images cannot simply be considered as piece-wise constant 
images, which can easily lead to blur or loss of image 
edges or texture details. It is necessary to design a new 
regularization term to suppress the noise.

The regularization term is designed based on the 
similarity between the reconstructed images corresponding 
to different spectra and the estimated material maps (5).  
In image domain-based decomposition methods, the 
reconstructed images can be considered as a linear 
combination of material maps, which can be written as:

High HighHigh
bb w

Low LowLow
wb w

µ µ
µ µ

    
=     

    

FI
FI

 [12]

where  ,High LowI I  denote  the  reconstructed  images 
corresponding to high and low energy spectra. k

iµ  denotes 

the mass attenuation coefficient of material i , namely, 
bone or water corresponding to -thk  spectrum. ,b wF F  are 
bone and water material maps, respectively. Thus, it is a 
natural idea that there exists similarity between material 
maps and reconstructed images in structure and texture. 
According to the above idea, the regularization term was 
constructed based on the correlation between material maps 
and reconstructed images which are called prior images. 
In addition, the self-similarity of material maps was also 
introduced. In this paper, the exploration was conducted 
by subspace decomposition. First, a matrix was constructed 
based on material maps and reconstructed images, which 
can be expressed as:

4, , ,

s.t. 0, 0

THigh Low n
b b w w

b w

β β

β β

× = ∈ 
≠ ≠

y F F I I
 [13]

where ,b wβ β  are constant scalars to distinguish different 
materials from each other, and T  denotes matrix transpose. 
In y , for computational convenience, the combination of 
material maps and reconstructed images were transformed 
into a one-dimensional vector. n  denotes the total number 
of pixels for material maps. According to Eq. [13], material 
maps can be expressed as:

( ) ( )1 2
,b w

b wβ β
= =

y y
F F  [14]

Further, according to the similarity, y  has sparse and 
low-rank properties (45). Therefore, it is reasonable that 
y  can be represented in subspace with a lower dimension. 

Assuming a 4 a×  dimensional subspace 4 a
a

×⊂ s  with 4a ≤ , 
thus y  can be expressed as:

,
s.t.

a
T
a a n

=

=

y H Z
H H I

 [15]

w h e r e  [ ] 4
1: , , a

a a
×= ∈ H h s  c o n t a i n s  t h e  b a s i s  o f 

subspace as  with orthogonality. n n
n

×∈I denotes identity 

matrix. ×∈ a nZ  contains the eigen-image of y . As a 
low-dimensional representation of y , Z  provides an 

opportunity to exploit the non-local similarity of y . Thus, 



Ren et al. DECT with subspace decomposition and spectrum estimation4160

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2024;14(6):4155-4176 | https://dx.doi.org/10.21037/qims-23-1681

the regularization term can be expressed as:

( )2

,

1arg min ,
2

s.t.
a

Z
a F

Z

T
a a n

α ϕ
α

− +

=

H
H Z y Z

H H I

 [16]

where 21
2 a F

−H Z y  is the fidelity term to ensure that the 

subspace is learned from the transmission data. ( )ϕ ⋅  is the 
module to exploit self-similarity of eigen-image such as 
BM3D (46), EPLL (47), or self-supervised methods (48,49). 
α
α

Z  is the parameter to balance the two terms. In this work, 

the BM3D framework was utilized as the regularization term 
in the above problem, thus, a stable solution for Eq. [16] could 
be directly used in the subspace decomposition algorithm 
proposed by Zhuang (45). Combined with Eq. [11] and  
Eq. [14], the objective function can be written as:

( ) ( )

( ) ( ) ( )

( ) ( )

2 2

, 12, , , , ,

2 2
2

2 2

2 2

2 2

,

1arg min , , 1
2

1 2
2 2 2

3 4
2 2

s.t. 0, 0, 0, ,

b w a
L k b w k L c k

k k

T b w
a b bF

b w

H LH L

k m b wc m k

λ

γ γα α ϕ
β β

γ γ

β β

− + −

+ − + + − + −

+ − + −

≥ ≠ ≠ ∀

∑ ∑

c F F y H Z

Z

c F F P c

y y
Z H y Z F F

I y I y



 [17]

where ( )2

1
1k

k
−∑ c  is normalized constraint. 1

⋅  is the 1L

-norm and λc  is set to be ∞ . Considering y  is constructed 

by material maps and reconstructed images, 
( ) 2

2

1
2
b

b
b

γ
β

−
y

F , 

( ) 2

2

2
2
w

b
w

γ
β

−
y

F , ( ) 2

2
3

2
High Highγ

−I y  and ( ) 2

2
4

2
LowLowγ

−I y  are 

added. , , ,b w High Lowγ γ γ γ  are parameters to balance different 
regularization and fidelity terms. To fully utilize the prior 

information in reconstructed images, ,High Lowγ γ  are set to be 

∞  to make sure the effective information in reconstructed 
images not lost.

Optimization algorithm

Considering that the solution of the Eq. [17] is nonconvex 
for all the variables in the equation, the proximal 
regularized block coordinate descent (P-BCD) (50) was 
introduced and modified. Due to the influence of noise and 
errors in spectra and material maps, the iteration became 

unstable as the convergence speed became faster. Compared 
with BCD, P-BCD was more stable for iteration. Despite 
multiple variables that needed to be solved in Eq. [17], it 
could be divided into four blocks, namely, spectral weight 

c , material maps ,b wF F , regularization term , aZ H  and 

auxiliary variable y .

BFGS-based estimation of spectra 
Assuming when estimating the spectrum, material maps are 

fixed as , , , ,
b

n n n n n
w aF F y Z H , removing the terms not related 

to c , Eq. [17] can be written as:

( ) ( )2 2

, 12

,

1arg min , , 1
2

s.t. 0, ,

n n
L k b w k L k

k k

k mc m k

λ− + −

≥ ∀

∑ ∑

c
c

c F F P c
 [18]

At thn  iteration, the objective function is a convex 
subproblem. On account of the noise and errors in material 
maps, a variant of BCD, namely, proximal regularized 
BCD (P-BCD), was introduced and modified to improve 
the stability of the algorithm. When a proximal operator is 
introduced, Eq. [18] can be expressed as:

( )

( )

21
, 2

2 2

1 2
,

,

1arg min , ,
2

1         1
2

s.t. 0, ,

k

n n n
L k b w k L

k

n
k k kn

k c k

k mc m k

λ
η

+ = −

+ − + −

≥ ∀

∑

∑



c

c

c c F F P

c c c



 [19]

where { }n
cη  are positive scalar quantities. When the spectra 

is more accurate, it will be more sensitive to errors in 
material maps and noise in transmission data. Thus, we 

modified P-BCD based on the value of { }n
cη  to control the 

step size. In this paper, the value of { }n
cη  was determined by 

the difference between the estimated data and transmission 
data, which can be expressed as:

( )
, 2

, 2
, ,

n k
c k

n n n
L k b w k L

χη =
− c F F P

 [20]

where kχ  is a positive scalar quantity. Referring to the 

solution of Eq. [19], the main consideration in the design for 
the solution of c  was the rate of convergence. The quasi-
Newton method has the characteristics of fast convergence 
and low computational complexity. BFGS-B (51) is one of 
the most popular quasi-Newtonian methods. Its validity in 
spectrum estimation problem has been verified in (37).
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The solution of material maps based on ESART and 
proximal iteration
When other variables are fixed, the solution of material 
maps can be expressed as:

( ) ( ) ( )2 2
2

, 2,
2 2

1 21arg min , ,
2 2 2

s.t. 0, 0
b w

n n
n b w

L k b w k L b w
k b w

b w

γ γ
β β

λ λ

− + − + −

≠ ≠

∑ 

F F

y y
c F F P F F  [21]

Note that the theoretical exact analytical solution 
for the above problem is difficult to obtain since the 
forward transmission model is not linear. Moreover, it is 
more valuable and useful to obtain an approximate but 
computationally efficient solution in an iterative algorithm. 
To get an approximate solution, a two-step method was 
proposed by dividing the Eq. [21] into two subproblems. In 
this method, ESART and proximal iteration are utilized to 
efficiently solve each problem. First, the material maps are 
updated by the fidelity term, which can be expressed as:

( ) 2

, 2,

1arg min , ,
2b w

n
L k b w k L

k
−∑ 

F F
c F F P  [22]

In this paper, the scanning sets of different energy 
spectra are consistent. Under such conditions, ESART has 
a high convergence efficiency and accuracy (34), which 
has been widely used in medical diagnosis and industrial 
testing (52). Additionally, ESART has good noise 
suppression characteristics, which is conducive to dealing 
with noise during MD (34). Thus, ESART was chosen to 
solve Eq. [22], which can be expressed as:
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where x  is the pixel in the material maps, a  is the projection 
matrix, ,b wλ λ  are relaxation parameters, e  represents the 

estimation error and , ,,
b w

n n
F L F Le e  can be calculated by Eq. [10], 

and 
1
2

n +  denotes the transition state between n  and 1n +  

iteration.

Second, the material maps are updated according to the 
proximal terms of: 
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and the final solution can be expressed as:
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where 1 1
1 1b w

b w

ρ ρ
γ γ

= =
+ +

， . As ,b wγ γ  increase, ( )1n th+ −  

material maps would be closer to n th−  material maps.

The solution of regularization term based on subspace 
decomposition
In the solution of the regularization term, Eq. [17] can be 
rewritten as:

( )2

,
arg min

2a

T n
a F

α α ϕ− + Z
H Z

Z H y Z  [27]

For the solution of Eq. [27], the main consideration was 
to fully utilize the information in reconstructed images 
and improve the computational efficiency. Considering 
the similarity between reconstructed images and material 
images, subspace decomposition is a useful tool. In this 
paper, it was solved by the subspace decomposition method 
proposed by Zhuang and Bioucas-Dias (45). It is a fast and 
stable solution for eigen-image Z . However, we believe that 
with the development of deep learning, it has the potential 
to be improved by self-supervised methods. The application 
of the self-supervised method is described in the discussion 
section.

The solution of y based on the stagnation point
Having updated , , ,b w aF F c H , and Z , the solution of y  can 

be expressed as:
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( ) ( )3 , 4y y  are forced to be close to reconstructed images 
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according to the definition of y . Thus, Eq. [28] can be 

expressed as:
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Assuming that function G  is defined as:
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Considering Eq. [30] is convex, the minima of this 
function can be taken when its derivative is an all-zero 
vector, which can be expressed as:
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̂  is obtained by estimated eigen-image. Thus, at n th−  

iteration, y  can be expressed as:
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Considering that Eq. [29] is the sum of quadratic terms, 
it is easy to prove that G  is a convex function. Thus, Eq. [33] 
is the solution of Eq. [28].

MISD-IR aims to reconstruct material maps and recover 
spectra simultaneously with fast convergence speed and 
obtain accurate results. Three techniques were introduced 
to improve the convergence speed and noise suppression 

capability. Firstly, to improve the convergence speed, 
ESART and model spectral were incorporated into this 
method. Secondly, subspace decomposition was adopted 
to explore the similarity between material maps and 
reconstructed CT images to suppress the noise. Finally, 
the idea of P-BCD was introduced to stabilize the solution 
and suppress the noise propagation. The numerical data 
obtained by Siemens SOMATOM Definition Flash CT 
scanner (Siemens, Erlangen, Germany) of our university 
and the real scanning data obtained by Thales Hawkeye-130 
(Thales, La Defense, France) and Varian 4030E (Varian, 
Palo Alto, CA, USA) were used to verify the effectiveness 
of the proposed MISD-IR. This study was conducted in 
accordance with the Declaration of Helsinki (as revised in 
2013). The study has been granted exemption from ethical 
approval and patients’ consent by the Ethics Committee 
of PLA Strategic Support Force Information Engineering 
University due to not involving human trials, clinical 
diagnosis, treatment information, sensitive personal 
information, commercial interests, or causing harm to the 
human body as well as the retrospective nature of this study.

Results

In this paper, numerical simulations, real scanning, and 
ablation experiments were conducted to evaluate the 
proposed method. Direct inverse, dual-energy methods 
based on iterative reconstruction (DE-IR) with FBP 
images (5) and spectrum estimation-guided iterative 
reconstruction algorithm (SG-IR) (37) were considered for 
comparison. All the calculations in the experiments were 
conducted in a workstation containing an Intel® Xeon® 
Gold 6226R Processor (Intel, Santa Clara, CA, USA).

Numerical simulations setting

In this section, preclinical data of head and abdomen were 
used to evaluate the performance of the proposed method. 
These data were obtained with the help of radiologists. 
They corrected the material maps with Syngo.Via 
equipped in Siemens SOMATOM Definition Flash CT 
scanner. Under the constraint of confidentiality, patient 
information was treated confidentially. For every dataset, a 
representative slice was chosen to apply in the experiments, 
and shown in Figure 1.

For simplicity, a fan beam geometry was applied and 
the geometry was kept consistent in dual-energy scanning. 
The polychromatic X-ray spectra were simulated with 
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Figure 1 The slices used in simulation experiments, the normalized spectral used in numerical simulation, and the linear attenuation 
coefficient of bone and water. (A) The slice of head and it is displayed in [−300, 1,100] HU; (B) the slice of abdomen and it is displayed in [−400, 
400] HU; (C) the normalized spectrum; (D) the linear attenuation coefficient. HU, Hounsfield unit.
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ImaSim (53). As shown in Figure 1, the X-ray spectra were 
simulated with a tube voltage of 80 and 140 kV, which 
was filtered with 5 mm aluminum and 1,000 mm air. The 
model spectra were simulated with different thicknesses of 
aluminum, which can be seen in Figure S1. The sampling 
interval was 1 keV for all the spectra. Bone and water were 
used as basis materials. The mass attenuation coefficients 
were from the National Institute of Standard Technology 
(NIST) tables of X-ray mass attenuation coefficients (54).  
The scanning configuration was set as follows. The 
distance from the X-ray source to the rotation center 
(SOD) and the detection center (SDD) were 300 and 
600 mm, respectively. The detector was composed of 
512 probes and the size of the probe was 0.124 mm. For 
each spectrum, the scan angle was 360 degrees with 720 
projections. The size of reconstructed images and material 
maps was 512×512. To verify the noise suppression 

capability of the proposed methods, three different levels 
of Poisson noise were added and the photon number was 
set to be 1×106, 1×105 and 5×104.

To verify the generalization performance, two more 
different sets of kVps were set under the photon number of 
1×106. The tube voltage of the two sets was 70/120 kVp and 
60/100 kVp. The rest of the experimental settings remained 
the same as before.

To further quantitatively evaluate the proposed method 
and estimate whether the CT number [Hounsfield unit 
(HU)] of the CT image is preserved by the sum of the 
images obtained by MD, virtual monoenergetic images 
(VMIs) were introduced. First, the ground truth and the 
generated material images corresponding to different 
methods were used to construct VMIs of 40 kVp. Second, 
the value of these VMIs was converted to CT number. 
Then, the mean value and standard deviations were 

https://cdn.amegroups.cn/static/public/QIMS-23-1681-Supplementary.pdf
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calculated based on VMIs.
Additionally, to verify the application range of the 

proposed method, we further tested the proposed method 
in experiments with different sets of materials. In this 
experiment, considering the practical application in medical 
detection, contrast media-5% iodine and water materials 
were used with a newly designed phantom. The spectra 
and scanning parameters used in this experiment were the 
same as those used in the previous numerical experiments.  
Figure 2 shows the VMI in 40 keV of the phantom used in 
this experiment.

In numerical simulation, structural similarity (SSIM), 
and peak signal-to-noise ratio (PSNR) are used to evaluate 
the performance of different methods in material images. 
PSNR can evaluate the distortion degree of the generated 
material images compared with the ground truth, and 
SSIM can evaluate the structural similarity between the 
generated material image and the ground truth. Root mean 
square error (RMSE) is used to evaluate the accuracy of 
the estimated spectra. To verify the convergence speed, the 
running time and iterative rounds for SG-IR and MISD-IR 
were recorded and shown.

Real scanning setting

Practical experiments were carried out based on real 
scanning data with laboratory dual-energy CT. An 
anthropomorphic head phantom (55) was used to be 
scanned under 80 and 140 kVp. The X-ray source and 
detector were Thales Hawkeye-130 and Varian 4030E, 

respectively. The distance between the source and the 
object was 623.09 mm and the distance between the source 
and detector was 865.05 mm. The detector contained 512 
bins and the size of the bin was 0.83 mm. The sampling 
interval was 1 degree, and 360 angles of data were collected. 
The size of reconstruction images was 512×512.

Ablation experiments setting

To evaluate the performance of different parts in the 
proposed method, we modified the model based on these 
parts and carried out experiments. In this part, the head 
dataset with 1×106 Poisson noise was used to validate various 
parts of the proposed method. The results were evaluated 
by PSNR. The proposed algorithm was divided into three 
parts, namely, spectral estimation, regularization term, and 
ESART. The regularization term and spectrum estimation 
were eliminated in turn to verify the performance of these 
two terms. When spectrum estimation was eliminated, the 
spectra were given as the initial value.

Numerical simulations results

Figure 3 shows the reconstruction results by different 
methods. The results indicate that direct inversion is much 
more seriously degraded by the noise compared to the latter 
three methods. Besides, the edge of DE-IR was significantly 
darker than the center of the image, which resulted from 
beam-hardening artifacts. Compared with the image-
domain-based methods, SG-IR and the proposed methods 
had a remarkable effect on noise suppression and beam-
hardening artifacts. However, the proposed method showed 
advantages in detail preservation over direct inversion, DE-
IR, and SG-IR. To further clarify this point, two regions 
of interest (ROIs) were selected and marked with yellow 
squares. They were enlarged in the lower left corner of 
every single image. It is obvious that the edges became 
blurred and tiny structures were missed in DE-IR and SG-
IR. Using the proposed method, the edges were sharper and 
the structures were preserved to a larger extent.

Figure 4 shows the difference images between the ground 
truth and the results for different methods. To better show 
the performance of different methods, the difference images 
were displayed in the JET color space. Compared with 
image-domain-based methods, SG-IR and the proposed 
method were closer to ground truth as a whole and their 
difference maps were more uniform. Compared with SG-
IR, the difference between the proposed method and the 

Figure 2 The virtual monoenergetic image in 40 keV of the 
phantom used in this experiment. The display window is [0, 1,000] 
HU. HU, Hounsfield unit.
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Figure 3 Reconstruction results of preclinical data by different methods. (A1-A5) Bone images of the head, their displayed grayscale is [0, 
0.9]; (B1-B5) water images of the head, their displayed grayscale is [0, 1.0]; (C1-C5) bone images of abdomen, their displayed grayscale is 
[0, 1.0]; (D1-D5) water images of abdomen, their displayed grayscale is [0, 0.9]. (A-D) The results of ground truth, Direct Inverse, DE-IR, 
SG-IR, and the proposed method, respectively. Regions of interest are marked by yellow boxes and enlarged in the lower left corner. DI, 
direct inverse; DE-IR, dual-energy methods based on iterative reconstruction; SG-IR, spectrum estimation-guided iterative reconstruction 
algorithm; MISD-IR, material-image subspace decomposition-based iterative reconstruction with spectrum estimation. 
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ground truth on edges was obviously smaller.
To quantitatively evaluate the decomposition accuracy 

for different methods, SSIM and PSNR were calculated 
and are listed in Table 1. There were two different levels 
of noise added in the experiments. In different data sets 
with different noise levels, the quantitative results of 
the proposed method indicated obvious advantages over 
the others. Compared with the image-domain-based 
methods, SG-IR and the proposed method had higher 

precision, confirming the findings verified by Figures 3,4.  
Compared with SG-IR, the proposed method also showed 
better performance. In the head dataset, the SSIM and 
PSNR of the proposed method were 0.01 and 3.02 dB 
higher, respectively, than those of SG-IR in bone material 
with photon number of 1×106. For water material, the 
proposed method was 6.23 dB higher than SG-IR in PSNR. 
In the abdomen dataset, the proposed method was 0.03 and 
2.95 dB higher, respectively, than SG-IR in bone material. In 
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Figure 4 Difference images between the results of different methods and ground truth. (A1-D1) Difference images of the head’s bone 
material, their displayed grayscale is [0, 0.2]. (A2-D2) Difference images of the head’s water material, their displayed grayscale is [0, 0.4]. 
(A3-D3) Difference images of abdomen’s bone material, their displayed grayscale is [0, 0.2]. (A4-D4) Difference images of abdomen’s 
water material, their displayed grayscale is [0, 0.2]. DI, direct inverse; DE-IR, dual-energy methods based on iterative reconstruction; SG-
IR, spectrum estimation-guided iterative reconstruction algorithm; MISD-IR, material-image subspace decomposition-based iterative 
reconstruction with spectrum estimation.
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water material, the proposed method was 0.03 and 5.54 dB  
higher, respectively, than SG-IR. When the photon 
number became less, specifically, the noise level became 
higher, the proposed method also performed better than 
other methods, which demonstrated that the proposed 

method is robust to noise. Additionally, to further test the 
performance of the proposed method in the case of severe 
noise, the experiment under photon number of 5×104 was 
carried out with the abdomen dataset. According to the 
results, the PSNR of the bone material map generated by 
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Table 1 Quantitative evaluation results of different decomposition methods  

Material Noise Metrics DI DE-IR SG-IR MISD-IR

Bone (head) 1×106 SSIM 0.57 0.68 0.91 0.92

PSNR (dB) 27.68 28.87 35.62 38.64

1×105 SSIM 0.086 0.57 0.83 0.93

PSNR (dB) 17.66 28.35 33.18 33.18

Water (head) 1×106 SSIM 0.42 0.87 0.90 0.90

PSNR (dB) 17.07 21.53 24.72 30.95

1×105 SSIM 0.027 0.78 0.59 0.79

PSNR (dB) 4.12 21.21 22.52 24.61

Bone 
(abdomen)

1×106 SSIM 0.44 0.46 0.95 0.98

PSNR (dB) 32.52 33.68 38.68 41.63

1×105 SSIM 0.28 0.49 0.79 0.96

PSNR (dB) 26.92 33.43 33.87 35.23

5×104 SSIM 0.17 0.43 0.70 0.96

PSNR (dB) 16.76 23.54 31.74 33.66

Water 
(abdomen)

1×106 SSIM 0.59 0.82 0.93 0.96

PSNR (dB) 18.17 18.79 30.76 36.30

1×105 SSIM 0.46 0.73 0.85 0.93

PSNR (dB) 12.19 26.01 28.31 31.11

5×104 SSIM 0.16 0.43 0.56 0.78

PSNR (dB) 1.57 12.13 26.12 29.11

DI, direct inverse; DE-IR, dual-energy methods based on iterative reconstruction; SG-IR, spectrum estimation-guided iterative 
reconstruction algorithm; MISD-IR, material-image subspace decomposition-based iterative reconstruction with spectrum estimation; 
SSIM, structural and similarity; PSNR, peak signal-to-noise ratio.

the proposed method was 1.92 dB better than others at 
least. The SSIM of the proposed method was 0.26 higher 
than others at least. Regarding water material maps, the 
PSNR of the proposed method was 2.99 dB higher than 
others at least. The SSIM of the proposed method was 
0.22 higher than others at least. Even with severe noise, the 
proposed method still had a better performance than other 
methods. 

To demonstrate the convergence of the proposed 
method, the behavior curves of RMSEs based on the 
estimated water material of the experiment under photon 
number of 1×106 are plotted in Figure 5.

Additionally, the converged iteration number of the 
proposed method was around 50 and that of SG-IR was 
around 200. The average time for the proposed method was 
1,425 seconds whereas that for SG-IR was 5,700 seconds, 

demonstrating the fast convergence of the proposed 
method.

Table 2 shows the RMSEs of the estimated spectra with 
respect to the reference spectra. Compared with SG-IR, the 
estimated spectra of the proposed method was closer to the 
reference spectra. When the photon number was 1×106, the 
estimated spectra of the proposed method was 0.005 and 
0.01 lower than that of SG-IR in the head dataset. When 
the photon number was 1×105, the estimated high and 
low spectra of the proposed method were 0.005 and 0.007 
lower than those of SG-IR. In the abdomen dataset, when 
the photon number was 1×106, the estimated high and low 
spectra were 0.023 and 0.018 lower than those of SG-IR. 
When the photon number was 1×105, the estimated high 
and low spectra were 0.021 and 0.022 lower than those of 
SG-IR. When the photon number was 5×104, the estimated 
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Table 2 Root mead square error of the estimated spectral with respect to the reference spectrum 

kVp Initial Method
Head Abdomen

1×106 1×105 1×106 1×105 5×104

80 0.6062 SG-IR 0.049 0.049 0.072 0.065 0.076

MISD-IR 0.044 0.044 0.049 0.044 0.048

140 0.3729 SG-RI 0.038 0.036 0.052 0.051 0.052

MISD-IR 0.028 0.029 0.034 0.029 0.033

SG-IR, spectrum estimation-guided iterative reconstruction algorithm; MISD-IR, material-image subspace decomposition-based iterative 
reconstruction with spectrum estimation.

Figure 5 The convergence curve of SG-IR and the proposed method. The blue line denotes the root mean square error of SG-IR and the 
red line denotes the root mean square error of MISD-IR in the abdomen dataset. RMSE, root mean square error; MISD-IR, material-
image subspace decomposition-based iterative reconstruction with spectrum estimation; SG-IR, spectrum estimation-guided iterative 
reconstruction algorithm.
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high and low spectra were 0.022 and 0.028, lower than 
those of SG-IR. The numerical results showed that the 
proposed method is robust to different noise level.

Figure 6 shows the VMIs generated by the material maps 
of different methods. The VMIs of two image domain-
based methods were obviously different from the reference 
VMI. In the VMI of DI, there were serious noise and 
artifacts. In the VMI of DE-IR, the noise was reduced to 
some extent while the artifacts were still serious. The VMIs 
of SG-IR and MISD-IR were close to the ground truth. 
There were little artifacts in the two VMIs. However, there 
was still some noise in SG-IR, which influenced the image 
quality. In the VMI of MISD-IR, there were no visual noise 
and artifacts. Generally, the VMI of the proposed MISD-
IR is close to the ground truth with high image quality. To 
quantitatively evaluate the proposed method and estimate 

whether the CT number was preserved by the sum of the 
images obtained by MD, the ROIs in the same position of 
different VMIs were chosen to calculate mean values and 
SDs of different methods. The ROI of the ground truth was 
marked with yellow boxes. According to the mean values of 
different methods, the image domain-based methods were 
further away from the ground truth compared with SG-
IR and MISD-IR. The difference between the mean value 
of the proposed method and the mean value of ground 
truth was about 26.1927. According to the SDs of different 
methods, the proposed MISD-IR had a better noise 
suppression ability. Despite that the SD of MISD-IR was 
lower that of ground truth, the SD of MISD-IR was closer 
to that of ground truth compared with other methods.

Table 3 shows the numerical results of different sets of 
different kVps. According to the results, the SSIMs of the 
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Figure 6 Virtual monoenergetic images of 40 keV generated by the material maps of different methods. (A1) The reference VMI generated 
by reference material maps; (A2) the VMI generated by the material maps of DI; (A3) the VMI generated by the material maps of DE-IR; 
(A4) the VMI generated by the material maps of SG-IR; (A5) the VMI generated by the material maps of MISD-IR. A ROI is marked by a 
yellow box. The ROI in each VMI is used to calculate their mean values and SDs that are shown below the VMI of various methods. The 
unit of the mean value is HU. The display window is [−400, 400] HU. DI, direct inversion; DE-IR, dual-energy methods based on iterative 
reconstruction; SG-IR, spectrum estimation-guided iterative reconstruction algorithm; MISD-IR, material-image subspace decomposition-
based iterative reconstruction with spectrum estimation; ROI, region of interest; SD, standard deviation; VMI, virtual monoenergetic image; 
HU, HU, Hounsfield unit.
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three sets were similar. The difference of PSNR was limited 
in 1.14 dB. The proposed method had similar effectiveness 
for different kVps in MD. In the results of spectra, the 
difference for the RMSEs of high kVp spectra was limited 
to 0.007 and the difference for the RMSEs of low kVp 
spectra is limited to 0.006. The numerical results showed 
that the proposed method has generalization performance 
to some extent. To our knowledge, the difference in the 
experiments under different kVps is acceptable because the 
information corresponding to different kVps is different 
such as image contrast and attenuation information (56).

Figure 7 shows the results of different methods. 
According to Figure 2, in the results of the two image-
domain-based methods, there are obvious artifacts. Despite 
the noise suppression ability, the image quality of DE-
IR was unsatisfactory. In the results of SG-IR and MISD-
IR, artifacts were almost invisible and the image quality 
had been improved. According to the difference maps, 
the results of MISD-IR were closer to the ground truth 

compared with SG-IR. Generally, the results generated by 
MISD-IR were better than those of other methods, which 
preliminarily demonstrates the effectiveness of MISD-IR 
for different material. To further test the effectiveness of the 
proposed method, we evaluated these results quantitatively. 
Table 4 shows the quantitative results of different materials. 
The SSIM and PSNR of MISD-IR were obviously 
higher than those of other methods which confirms the 
effectiveness of the proposed method in different sets of 
materials. Additionally, the RMSEs of spectral estimation of 
SG-IR for the spectra of 140 and 80 kVp were 0.0369 and 
0.0470, respectively. Those for MISD-IR were 0.0311 and 
0.0511, respectively. Generally, MISD-IR is still effective 
for spectral estimation and can be applied in different sets 
of materials effectively.

Real scanning results

Figure 8 shows the reconstruction results of different 

Table 3 Numerical results of different sets of kVps 

Spectrum/material
Spectra (RMSE) Material maps

High kVp Low kVp Bone (SSIM/PSNR) Water (SSIM/PSNR)

60/100 kVp 0.027 0.046 0.99 41.41 dB 0.96 36.52 dB

70/120 kVp 0.031 0.052 0.98 40.49 dB 0.96 35.90 dB

80/140 kVp 0.034 0.049 0.98 41.63 dB 0.96 36.30 dB

RMSE, root mean square error; SSIM, structural and similarity; PSNR, peak signal-to-noise ratio.
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materials. Three iterative methods had a significant effect 
on noise suppression. In the results of the selected slices, 
DE-IR, and the proposed method showed better results 
on noise suppression. Different from the ideal dataset, the 
real scanning data was greatly affected by noise and beam-
hardening artifacts. Therefore, the results of SG-IR using 
total variation were not so effective in slice 2.

As shown by the enlarged ROI and the edge pointed by 
the arrow in slice 1, there is obviously visible improvement 
for edge preservation in the results of the proposed 
method. The edges in the results of DE-IR and SG-IR are 
seriously blurred whereas those of the proposed method 
are sharper and clearer. In the results in slice 2, an area 
of teeth is enlarged and shown in the third row. In the 
proposed method, the boundaries between different teeth 
are clearer and the edges of each tooth are also sharper. In 
the fourth row, a yellow arrow points at the region of soft 
tissue around the teeth. In DE-IR and SG-IR, some details 
are missing in these areas yet they are well preserved in the 
results of direct inversion and the proposed method, which 
demonstrates the promising detail retention capability of 
the proposed methods. Thus, the merits of the proposed 
method were also further verified in real scanning.

We further evaluated the proposed method by the 
mean and standard deviation of ROIs, as shown in 
Figure 8 (marked with yellow boxes). Table 5 shows the 
quantitative results of decomposition images. Generally, 
the proposed method had lower SDs, which stands for 
better noise suppression ability. In the results of direct 

Figure 7 The results generated by different methods. (A1-A5) The results of iodine material maps, the display grayscale is [0.2, 1.2]; (B1-B5) 
the difference maps between the results of iodine material maps generated by different methods and the ground truth, the display grayscale 
is [0, 0.2]; (C1-C5) the results of water material maps, the display grayscale is [0.2, 1.2]; (D1-D5) the difference maps between the results 
of water material maps generated by different methods and the ground truth, the display grayscale is [0, 0.2]. DI, direct inverse; DE-IR, 
dual-energy methods based on iterative reconstruction; SG-IR, spectrum estimation-guided iterative reconstruction algorithm; MISD-IR, 
material-image subspace decomposition-based iterative reconstruction with spectrum estimation.
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Table 4 Quantitative results of iodine and water material maps 
generated by different maps 

Material Metrics DI DE-IR SG-IR MISD-IR

Iodine SSIM 0.90 0.91 0.99 0.99

PSNR (dB) 28.97 29.41 42.73 51.04

Water SSIM 0.42 0.62 0.86 0.97

PSNR (dB) 1.43 1.68 37.88 39.50

DI, direct inverse; DE-IR, dual-energy methods based on 
iterative reconstruction; SG-IR, spectrum estimation-guided 
iterative reconstruction algorithm; MISD-IR, material-image 
subspace decomposition-based iterative reconstruction with 
spectrum estimation; SSIM, structural and similarity; PSNR, 
peak signal-to-noise ratio.
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Figure 8 Reconstruction results of real scanning data. The first row shows the reconstruction results of bone material for slice 1 and the 
display scale is [0.3, 0.9]. The second row shows the reconstruction results of water material for slice 1 and the display scale is [0.6, 1.2]. 
The third row shows the reconstruction results of bone material for slice 2 and the display scale is [0.2, 1.0]. The fourth row shows the 
reconstruction results of water material for slice 2 and the display scale is [0.4, 1.4]. Columns 1–4 show the results of different methods, 
which are direct inverse, DE-IR, SG-IR and, MISD-IR from left to right. The region of interest is signed by squares and enlarged in the 
lower left corner. Two ROIs are marked with yellow boxes to calculated mean values and SDs. The red arrows in the figure are set to point 
out typical detail and structure to show the characteristics of different methods. DI, direct inverse; DE-IR, dual-energy methods based 
on iterative reconstruction; SG-IR, spectrum estimation-guided iterative reconstruction algorithm; MISD-IR, material-image subspace 
decomposition-based iterative reconstruction with spectrum estimation; ROI, region of interest; SD, standard deviation.

DI

S
lic

e1

ROIA

ROIB

S
lic

e2

DE-IR SG-IR MISD-IR

Table 5 The pixel values inside the ROIs indicated by the yellow rectangle shown in Figure 6

Methods DI DE-IR SG-IR MISD-IR

ROIA 0.8248±0.1423 0.8247±0.0254 1.0541±0.0376 0.9672±0.0198

ROIB 1.1826±0.1545 1.1663±0.0703 0.9338±0.0670 1.0650±0.0336

Data are presented as mean ± SD. ROIs, regions of interest; DI, direct inverse; DE-IR, dual-energy methods based on iterative 
reconstruction; SG-IR, spectrum estimation-guided iterative reconstruction algorithm; MISD-IR, material-image subspace decomposition-
based iterative reconstruction with spectrum estimation; SD, standard deviation.
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inversion, the SDs of ROIA and ROIB reached 0.1423 and 
0.1545, respectively. Compared with direct inversion, the 
proposed MISD-IR reduced SDs by 86.09% and 78.25%, 
respectively. Compared with image-domain iterative 
methods DE-IR, MISD-IR reduced SDs by 22.05% and 
52.20%, respectively. Compared with SG-IR, MISD-IR 
reduced SDs by 47.34% and 49.85%, respectively. The 
quantitative results indicated that the proposed MISD-IR 
has the potential to achieve high quality decomposition.

Ablation experiments results

Table 6 shows the PSNRs of the proposed method with 
various modifications. As shown in the table, when the 
material images were estimated by initial spectrum without 
regularization term, the accuracy was the worst. When the 
spectral estimation term was added, the material images 
could be much better estimated. When the spectra could 
not be updated, the accuracy of the material images could 
not be well guaranteed despite the regularization term. 
When the spectra were updated, the regularization term 
could significantly improve the accuracy of the material 
images.

Discussion

In this paper, we have investigated the problem of 
simultaneous estimation of the spectral distribution and 
material maps. We have proposed a MISD-IR method. To 
improve the convergence speed, ESART and model spectral 
are introduced and combined in a united optimized model. 
Besides, we explored the similarity between reconstructed 
CT images and material maps to suppress the noise. Finally, 
to stabilize the iteration and better integrate material 
reconstruction and spectrum estimation, the idea of P-BCD 
is introduced and modified in this paper. Numerical and 
real scanning results demonstrated the improvement 

in convergence speed and the accuracy of the proposed 
method. According to the results under different levels of 
noise, the application potential of MISD-IR in low-dose 
DECT imaging could be seen. In future work, we plan to 
extend MISD-IR to different application scenarios. We have 
noted the role of DECT in security screening (57,58), and 
we believe that MISD-IR has the potential to be applied in 
security screening as well. However, compared with noise, 
metal artifacts may cause information loss and involve 
information completion problems, which we plan to study 
in future work.

In the ablation experiment, spectrum estimation and 
regularization terms were eliminated in turn, which 
verified the performance of different parts of the method. 
However, it is worth noting that when initial spectra are 
fixed in iteration, the regularization term is of limited use. 
The main reason is when initial spectra are fixed, there is 
too much error in the estimated material maps to explore 
the similarity between material maps and reconstructed 
images. Actually, the accuracy of spectral estimation is 
greatly affected by the initial value. Although the spectrum 
can be updated in MISD-IR, the convergence speed will 
be affected by the initial value. Image domain methods can 
obtain material attenuation information without spectra. 
Thus, material maps obtained by image-domain methods 
can be used to estimate the initial value of MISD-IR in 
practice.

MISD-IR is designed under the assumption of a lack 
of data. Despite the promising results, the determination 
of iteration parameters requires careful consideration. 
Besides, the application of deep learning methods in noise 
suppression is promising. Self-supervised methods can be 
applied with the noise suppression of eigen-images. In the 
future, these ideas will be the direction of our work. Under 
the assumption of access to large-scale data becoming 
possible, we have a preliminary design about the above 
ideas. In our opinion, the main challenge is the construction 
of dataset for training. Considering that the noise in eigen-
images is different from that in the material images and the 
reconstructed images, it is not feasible to simply apply the 
pre-trained model. In our design, first, according to the 
idea in reference (59-61), we plan to construct the proposed 
iterative algorithm into an unrolling network, which can 
optimize the process of parameter selection. Second, to 
optimize the effect of noise suppression, the deep learning 
network was designed to be embedded in the unrolling 
network. Considering that compared with unpaired 
data, the acquisition of paired data sets is more difficult, 

Table 6 PSNRs of the results of the proposed method with various 
modifications

Number Spectral Regularization Bone Water

1 × × 15.09 dB 11.42 dB

2 √ × 34.61 dB 21.38 dB

3 × √ 15.63 dB 11.85 dB

4 √ √ 38.64 dB 30.95 dB

PSNR, peak signal-to-noise ratio.
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the application of a self-supervised method is easier and 
cheaper. To our knowledge, the methods mentioned in 
blind spot scheme such as in (62) and deep generative model 
as in (63-66) are feasible for the suppression of intrinsic 
image noise, of which the noise suppression ability has been 
verified. Third, to avoid information loss in the process of 
noise suppression, in the loss function, the difference term 
between the different types of images is required. Compared 
with the method proposed in this paper, the above design 
requires a large amount of data, but the parameter selection 
and noise suppression can be further optimized.

Conclusions

In conclusion, we have proposed an iterative reconstruction 
based on material-image subspace decomposition with 
spectrum estimation for DECT. Numerical and real 
scanning experimental results show that the proposed 
method has better image edge and detail retention ability 
compared with other methods in this paper. Compared with 
the other method of the same type, the proposed method 
has a faster convergence rate, which added its clinical 
practicability. Our future work will focus on combining 
the proposed approach with unsupervised learning to 
further optimize its performance and promote its practical 
application.
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