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Abstract 
Spectral CT is a promising new imaging modality that is able to provide spectral information of several pre-selected energy 
ranges in one image acquisition, which allows quantitative decomposition of multiple materials. In addition to conventional 
reconstruction, novel decomposition techniques need to be developed to realize material separation. Decomposition of multi-
energy X-ray data into basis materials can be performed in the projection domain, image domain, or during image 
reconstruction. In this work, two projection domain decomposition methods are introduced and accomplished by a simulated 
phantom study: effect-based method and material-based method. Their performance is evaluated and compared not only for 
heavy atoms with their individual K-edge signature like gadolinium and iodine, but also for lighter atoms like iron, calcium 
and potassium. It is shown that this material-based method succeeds in quantifying gadolinium, iodine and iron. Moreover, it is 
also capable to discriminate iron and potassium from water and PMMA. 
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1 Introduction  
X-ray computed tomography (CT) has become a common medical imaging modality since its introduction in the 1970s. 
Making use of variable attenuation coefficients of X-rays by different tissues, it allows obtaining 2-dimensional projections of 
the tissues within the patient's body and consequently three-demensional image. However, conventional X-ray CT systems 
give integrated attenuated energy of the whole spectrums which leads to inadequate information for the identification of 
different materials. Spectral X-ray CT has the ability to correct this deficiency [1]. With photon counting detectors, it is able to 
provide spectral information of several pre-selected energy ranges in one image acquisition, and has the potential to 
significantly improve X-ray CT by reducing dose, enable K-edge imaging using high-Z contrast agents such as gadolinium and 
iodine and provide quantitative material decomposition. 
According to when the decomposition is performed, there are mainly three methods to discriminate different materials using 
multi-energy X-ray data. The first one, post-reconstruction decomposition method [2-3], operates on conventionally 
reconstructed CT images of multi-energy levels to obtain the concentration of target materials using linear matrix inversion. 
The second one, pre-reconstruction decomposition method [4-5], also known as projection domain method, works on 
projection data that is decomposed into several components desired, and the distribution for each component is obtained by an 
independent reconstruction. The third one, during-reconstruction decomposition method [6], consists in constructing a matrix 
that contains all the materials concentrations we seek to describe the attenuation process and then this unknown matrix is 
solved by iterations during reconstruction. In this paper, we discuss only the projection domain method, considering that it 
operates directly on the most primary data. 
In the projection domain method proposed by E Roessl and R Proksa for K-edge imaging [4], it is considered that the linear 
attenuation coefficient can be approximated by a linear combination of the photoelectric effect, Compton effect and extended 
K-edge components when there are materials with their K-edge within the CT energy range. In the present work, we propose 
another approach we call material-based method, which decomposes projection data into basis materials, and compare it with 
the method of Roessl and Proksa, here denoted as effect-based method.  

2 Methods 
Define ),( xE

  as the linear attenuation coefficient at location x


 and energy E . The first step of projection domain 

decomposition is to transform ),( xE
  into a sum of products of location dependent term )(xa  and energy dependent term 

)(Ef , as shown in Equation (1). Generally, )(xa  represents the unknown desired object and )(Ef  a known function that 

varies with energy levels. 
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From this point, effect-based method and material-based method can be regarded as different ways to interpret Equation (1). 
Details will be explained in section 2.1 and section 2.2. 

2.1 Effect-based method 
As is mentioned above, the effect-based method considers ),( xE

  as a linear combination of the photoelectric effect, Compton 

effect and extended K-edge components when there are materials with their K-edge within the CT energy range, leading 
Equation (1) to: 
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)(xaph


 
and )(xaCo


 describe space dependency of photoelectric absorbtion and Compton scattering, respectively. )(Ef ph  

denotes the cross section of  photoelectric absorbtion that can be approximated by 3E  [7]. )(Ef KN  is the cross section of 

Compton scattering that was first deduced by Klein and Nishina, namely Klein-Nishina function [8]. )(Em  and )(x  

indicate the mass attenuation coefficient and local density of each K-edge material α. )2( M is the total number of K-edge 

materials. 
Suppose the detector efficiency to be perfect, according to Beer’s law, the expected number of photons i  in the energy bin

iB ( Ni ...,2,1 ) is related to the line-integrals A  of the coefficients )(xa


  by: 
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(3) 
where )(0 EN  denotes the number of photons in the initial spectrum without attenuation, and )(iEs  and )(iE f  are 

respectively the starting point and final point of energy bin iB . 

To estimate A , adequate methods such as the least-squares method and maximum-likelihood are available [4]. Firstly 

suppose the detected number of photons iM  form a set of independent Poisson random variables, then the likelihood function 

as the possibility of measurement result )...,,( 2211 NN mMmMmM   can be calculated: 
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For computational convenience in seeking the extremum, Equation (4) is simplified by applying a negative logarithm operator 
on both sides and dropping the term that is unrelated to A : 

















N

i
iii

N

i
iiii

NNN

AmA

AmmA

AAmmPAmmL

1

1

111

)](ln)([

)](ln!ln)([

))](,...,)(,...,(ln[),...,(

                                                                                                            (5) 

A  Can be estimated by minimizing the negative log-likelihood function L using simplex method [9] and then a conventional 

reconstruction is followed to solve )(xa


 . In this work, filtered back projection (FBP) method [10] is used for reconstruction. 

2.2 Material-based method 
In contrast to Equation (2), this method considers that the linear attenuation coefficient is contributed by different materials. 
Therefore, ),( xE

  can be described by the linear combination of the mass attenuation coefficients )(Em  weighted by the 

density )(x  of multiple materials:  
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The types of materials chosen for the decomposition depend on the application and prior knowledge of the scanned objects. 
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Similarly to Equation (4), the expected number of photons i  in the energy bin iB ( Ni ...,2,1  ) can be expressed by the line 

integrals   of density )(x : 
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Based on this formulation of the direct problem, an objective function for minimization is defined to estimate the line integrals 

  for each projection data. Instead of the popular least-squares method or maximum-likelihood approach, here a least log-

squares criterion is proposed for minimization, as given in Equation (8). According to Beer’s law, the number of transmitted 
photons is negatively exponential to the attenuation coefficient µ, so the natural logarithm operator on expected and measured 
number of photons makes them inversely related to µ. Thus formula (8) has a physical meaning of minimizing the errors on 
linear attenuation coefficient: 
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(8) 

Finally, an independent reconstruction (FBP reconstruction) is followed to get density distribution )(x  of each material. 

3 Description of spectral CT imaging simulation 

A spectral CT system that has 6 energy-bin (20-30, 30-40, 40-50, 50-60, 60-70 and 70-80 keV) resolving capability was 
simulated using INSA software Virtual X-ray imaging (VXI) [11]. This system used a linear CdTe detector of 700 pixels with 
pixel size of 0.4mm×0.4mm. The spectrum was 100kVp with tube current of 100µA. Phantom was scanned with 1200 
projections from 0̊ to 360̊. The distances from source to rotation center and detector to rotation center were mmDSC 200  and 

mmDDC 400  respectively (Figure 1) 

 
Figure 1. Scheme of CT system. 

Table 1: K-edge properties of five materials according to NIST database [12]. 

Material Gadolinium Iodine Iron Calcium Potassium 
K-edge energy (KeV) 50.239 33.169 7.112 4.038 3.607 
K-edge material (Y/N) Y Y N N N 

 

Materials used for scanning are listed in Table 1, it is observed that among all the materials, gadolinium and iodine exhibit 
their K-edge absorbtion within our energy range (20KeV-80KeV), thus we define them as “K-edge material”. Generally, K-
edge materials are much easier to be quantified because of their unique µ slope. To make a comprehensive evaluation of the 
decomposition methods, two poly(methyl methacrylate) (PMMA) phantoms were built for scanning. One with K-edge 
materials, denoted K-edge phantom in the following. As shown in Figure 2 (left), it contains gadolinium and iodine with 
concentration from 5mg/cc to 55mg/cc, and iron, which have a concentration from 15mg/cc to 200mg/cc. The other phantom 
has only lower-Z materials that lack prominent K-edges within our energy range and denoted as “non-K-edge phantom” 
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(Figure 2, right), there are three materials iron, calcium and potassium from 15mg/cc to 200mg/cc. Note that for both 
phantoms, the sign # stands for mixture inserts which contain all three materials, each having the concentration corresponding 
to the same column. For example, the mixture insert 3# of the left phantom contains 5mg/cc of gadolinium, 5mg/cc of iodine 

and 15mg/cc of iron.  

 

Figure 2. Illustration of the K-edge phantom (left) and non-K-edge phantom (right). Concentrations are indicated in mg/cc. For the mixture 
line, each element has the concentration indicated in the column below. 

4 Results and analysis 

4.1 Effect-based method 
Figure 3 shows the decomposition images of the K-edge phantom using effect-based method. It is observed that gadolinium 
and iodine are well separated. One-dimensional (1D) profiles along lines in Figure 3 are plotted in Figure 4 for quantitive 
analysis. We can see that this method has high decomposition accuracy for gadolinium and iodine. However, other materials 
such as iron and water could not be quantified, since they have no K-edge within the energy range, and thus, their attenuations 
are included in the decomposition through photoelectric effect and Compton effect. In fact, iron is visible in the photoelectric 
image (figure 3 right and top 1) while lighter materials like water and PMMA are in Compton image (figure 3 right and top 2).  
 

  

Figure 3. Results of material decomposition using effect-based method on the K-edge phantom: decomposed sinograms in projection domain 
(left) and the corresponding reconstructed images (right). 
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Figure 4. 1D profiles along lines in Figure 3 (bottom, right): green curve represents theoretical values, blue curve pure material inserts and 
red curve mixture inserts. 

In order to apply this method for the non-K-edge phantom, the formula (2) is used without the K-edge terms. The results are 
shown in Figure 5. We are neither able to separate different materials, nor get any quantitative information on the materials 
since their attenuations are all included and mixed in photoelectric absorbtion and Compton scattering. 
 

 

Figure 5. Results of material decomposition using effect-based method on the non-K-edge phantom: decomposed sinograms in projection 
domain (left) and reconstructed images (right) 

4.2 Material-based method 
Figure 6 and Figure 7 demonstrate the decomposition results of the material-based method on the K-edge phantom. Four basis 
materials are chosen: PMMA, gadolinium, iodine and iron. Therefore, a quantitative concentration image of each of the four 
materials is obtained. It is observed that water appears in the PMMA basis image (Figure 6 right and top first) since it has close 
attenuation to PMMA. Concerning gadolinium, iodine and iron, they are well separated (Figure 6 right) and quantified (Figure 
7), no matter if  they are mixed together or unmixed. 

         

Figure 6. Material-based method on the K-edge phantom: decomposed sinograms in projection domain (left) and reconstructed images 
(right). 
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Figure 7. 1 D profiles along lines in Figure 6 (right): green curve represents theoretical values, blue curve pure material inserts and red curve 
mixture inserts. 

To further evaluate the performance of material-based method for non-K-edge materials, the decomposition results on the non-
K-edge phantom are illustrated in Figure 8 and Figure 9, where the three basis materials chosen are PMMA, iron and 
potassium. From figure 8 (bottom), we can see that PMMA and water are well detected in the first image, iron is separated in 
the second one with the concentrations agreeing well with true values, potassium and calcium are mixed together in the last 
image, with the potassium densities of pure potassium inserts quite accurately measured but the densities of the mixture inserts 
being about two times the true value since calcium has also been classified into potassium basis. The problem of weak 
distinction between calcium and potassium is caused by their close Z numbers and similar attenuation properties. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 8. Material decomposition results usingthe material-based method on non-K-edge phantom: decomposed sinograms in projection 
domain (top) and the corresponding reconstructed images (bottom). 

 

 
  

Figure 9. 1D profiles along lines in Figure 8 (bottom): green curve represents theoretical values, blue curve pure material inserts and red 
curve mixture inserts. 
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5 Conclusion 
Two decomposition methods in projection domain have been presented for spectral CT: effect-based method and material 
based method. Their performance was evaluated by a simulation study with two phantoms, one K-edge phantom and the other 
non-K-edge phantom. For the K-edge phantom, both methods succeeded in quantitative discrimination of gadolinium and 
iodine. However, in the case of iron, the effect-based method did not identify iron as such, because iron has no K-edge in the 
energy range, and thus, its attenuation is included in the decomposition through photoelectric effect and Compton effect. On 
the contrary, with material-based method, as iron was included as such in the materials basis, we obtained the quantitative 
image of its concentration. For the non-K-edge phantom, the material-based method was able to quantify iron and potassium 
from water and PMMA but failed to separate calcium and potassium. 
In conclusion, the material-based method is quite promising since it presents the advantage of being suitable for both non-K-
edge material quantification and K-edge materials. Further development will be focused on the discrimination of materials with 
similar attenuation properties, to apply the proposed method to real spectral CT data, and to evaluate its robustness to noise.  
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