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We present a method for material classifications in spectral X-ray Computed Tomography (SCT) taking advantage of energy-resolving 2D detectors to simultaneously extract the energy dependence of
a material’s linear attenuation coefficient (LAC). The method employs an attenuation decomposition
presented by Alvarez et al., and estimates system-independent material properties of electron density
(𝜌e ) and effective atomic number (𝑍ef f ), independent of the scanner, from the energy-dependent LAC
measurements. The method uses a spectral correction algorithm and the energy range is truncated to
exclude bins with photon starvation and spectral distortion present even after correction of detector
response. A novel technique of energy bin selection is used for optimized classification performance.
The method is tested against another SCT classification method called SRZE for inspecting materials
in the range of 6 ≤ 𝑍ef f ≤ 23. Our method aims at an increase in the speed of pot processing workflow after the data acquisition, and it achieves explicitly up to 32 times better time efficiency for the
reconstruction with comparable accuracy for a range of materials important in threat detection.

1. Introduction
The discrimination between innocuous liquids and precursors for homemade explosives is a difficult challenge for
civil aviation safety screenings, since both types of materials
are organic liquids with similar x-ray attenuation. The detection of these threats and other traditional explosives requires
a technology that can provide accurate material features [1].
Over the years, X-ray Computed Tomography (CT) has been
widely used for Non-Destructive Testing (NDT), as well as
in the field of illegal material detection [2]. Conventional CT
measures the effective linear attenuation coefficient (LAC)
across a broad energy range since the typical X-ray sources
generate a polychromatic beam. The Hounsfield unit is often used with conventional CT. It represents the attenuation
spectra with a single value, with an uncertainty that is larger
than the inter-material variation for some materials [1]. In
1976, Alvarez et al. [3] showed a method for CT that decomposes LAC into photoelectric absorption and Compton
scattering basis functions and they demonstrated that an alternative material characterization with just two parameters
density, 𝜌, and effective atom number, 𝑍ef f can define the
whole spectral range of the LAC. Dual-energy CT (DECT)
measures two different signals in the attenuation spectrum
and can be used to reconstruct both parameters [4–14]. The
Dual-Energy detector as shown in Fig. 1 have overlapping
low- and high-energy spectrums and the Dual-Energy Systems suffer from poor energy separation.
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The material classification through the effective LAC
with dual-energy sandwich detectors, detectors currently in
use in security screening systems is a system-dependent solution [4, 15] since it depends on source spectrum, filtration,
and detector’s efficiency. Recently, Azevedo et al. [4] proposed a method that estimates (𝜌e , 𝑍ef f ) from dual-energy
CT known as the System-Independent 𝜌e ∕𝑍ef f (SIRZ), independent of the scanner, presented in Fig. 1 and Champley
et al. [16] have developed the method further (SIRZ-2). Like
all DECT this method requires two successive scans with
different source kilovoltage peaks and filtration, and additionally the calibration of the detector’s spectral response by
using a group of reference materials. In the range of 𝑍ef f
between 6 and 20, and energies up to 200 keV, the accuracy
error and precision errors for estimating both (𝜌e ,𝑍ef f ) features in SIRZ were less than 3% and 2% respectively, while
the SIRZ-2 accuracy errors were 0.7% for 𝜌e and < 1.5% for
𝑍ef f , and the SIRZ-2 precision errors for both were up to
2.3%.
The development of cadmium telluride (CdTe) energydiscriminating imaging detectors has paved the way for
Spectral CT [17–19]. Spectral CT with an energy resolved
photon counting detector (PCD) is proved to have a number
of advantages over dual-energy CT for improving material
identification [20, 21]. This has resulted in a large interest
in PCDs within security applications [22, 23]. In material
identification by radiography, Rinkel et al. [24] presented
through experimental data that the false detection rate when
using 90 energy bins with a PCD was reduced by a factor
of up to 2 and more than 3 (for thin objects) compared to
an optimised dual-energy bins approach applied both on the
same PCD data and to a dual-layer sandwich detector, rePage 1 of 14
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spectively. Beldjoudi et al. [20, 25] showed through simulations in Radiography that PCDs with data condensed into
two energy bins enhanced recognition of single materials by
over 50% relative to dual-layer sandwich detectors. Increasing the number of energy bins resulted in a further rise of
80% in material identification with 90 energy bins compared
to dual-layer sandwich detectors. They found that the poor
spectral separation in the dual-layer sandwich detectors appears to be the main reason for the inferior performance. In
contrast PCDs exhibit a significantly better spectral resolution. As expected, using energy bins with a width below the
energy resolution of the detector did not lead to great improvement in identification performances. However, using
a higher number of energy bins or narrow bin widths provided a more robust configuration, regardless of the thickness and nature of the material. A simulation study by Wang
et al. [26] showed how to select the energy bin widths to optimize the performance of basis material decomposition in
material recognition. To check the accuracy and precision
of the method in estimating the thickness of the two basis
materials, they investigated five different energy bin combinations to define energy bins setting energy bin thresholds
for each; bins of equal width, bins of equal incident photon counts, bins of equal incident photon intensity, bins of
equal photon count and bins with equal photon intensity after passing through 3 cm of PMMA. They found the best
results when using energy bins with similar incident photon
counts. Martin et al. [23] introduced a learning and adaptive
model-based method to optimally select the bins for material
characterization from multi-energy data.
The MultiX ME100 (MultiX, Neuillysur-Seine, France)
PCD is a good candidate for high flux measurements to extract a spectrally resolved LAC. Brambilla et al. [27] implemented a basis material decomposition method for material
characterization using this detector. This method requires
a calibration of the detector’s spectral response for a group
of reference materials, and only estimates 𝑍ef f accurately in
3D measurements. Based on the Multix detector the SIRZ
method was further extended into the Spectral 𝜌e ∕𝑍ef f Estimation (SRZE) method presented by Busi et al. [28], which
estimates system-independent (𝜌e , 𝑍ef f ) directly from the
spectral LACs in Spectral CT (in Fig. 1). The accuracy of the
SRZE method relies on the accurate measurement of spectral LACs, and it decreased for materials with smaller 𝑍ef f
due to detector response artefacts at lower energies, where
the contrast of low 𝑍ef f material is also highest [28].
The method presented in this work aims to estimate the
system-independent material features (𝜌e 𝑍ef f ), independent
of the system or specifics of the scanner, such as the x-ray
spectrum. It uses the attenuation decomposition presented
by Alvarez et al. [3] for Spectral CT. Fig. 1 illustrates the
principles of the novel method, named system-independent
material classification through attenuation decomposition
(SIMCAD). As illustrated, this approach is based on nonoverlapping optimized bi-energy bins separated by a gap.
Wang et al. [29, 30] presented that for PCDs that discriminate between low and high energy photons, having a gap
D. Jumanazarov et al.: Preprint submitted to Elsevier

between energy thresholds is useful for material separability. Photons with energies that lie in this gap should either
be discarded or counted separately to enhance performance.
Therefore, the energy range falling into this gap was discarded in the optimized bi-energy bins approach in our work.
The method requires a calibration step to find the energydependent basis functions of the decomposed attenuation by
using a set of reference materials. Materials are then classified through the two parameters (𝜌e and 𝑍ef f ) that can fully
describe the wide range of materials that may appear in baggage scanners [31].
In this work, we compare the performance of the SRZE
and SIMCAD methods over a common set of materials using experimental data. The SRZE method reaches the optimal performance at 64 energy bins and provides noticeably lower classification performance with two energy bins
[32]. The SIMCAD method utilizes optimized bi-energy
bins for comparable classification performance, and uses at
least 32x shorter time for the tomographic reconstruction after the data acquisition directly due to a lower number of
energy bins. The speed makes the method compatible with
the requirements for applications where rapid scanning is required. Check-in baggage inspection at airports is such an
application where the time and computational resources required for spectral reconstruction represents a major issue
[33].

2. Theory and Methods
The aim of this section is firstly to define the systemindependent material features used to classify materials from
experimental data, and secondly to present instrumentation
and methods with the detection algorithm.

2.1. Photoelectric-Compton decomposition
Bragg and Peirce (1914) [34], Owen (1919) [35] and
Richtmyer and Warburton (1923) [36] established the original concept of the dependence of photon interactions upon
atomic number (Z), and this concept has been implemented
in many radiation studies [37]. For a computerized tomography system, Alvarez et al. [3] showed empirically over the
range of 30−200 keV that the LAC could be decomposed in
the form:
𝜇(𝐸) = 𝑎1

1
+ 𝑎2 𝑓KN (𝐸),
𝐸3

(1)

where 𝑓KN (𝐸) is the Klein-Nishina function
1+𝜀
𝑓KN (𝜀) =
𝜀2

(

)
ln(1 + 2𝜀)
1+𝜀
2
−
1 + 2𝜀
𝜀
ln(1 + 2𝜀)
1 + 3𝜀
+
−
, (2)
2𝜀
(1 + 2𝜀)2

and 𝜀 = 𝐸∕511 keV (𝜀 = 𝐸∕𝑚e 𝑐 2 ) is the reduced energy
of the incident photon. The functions 1∕𝐸 3 and 𝑓KN (𝐸) approximate the energy dependence of the photoelectric absorption and Compton scattering, respectively. Excluding
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Figure 1: Illustration of the dual-energy CT, SRZE and SIMCAD methods. Left: in dual-energy X-ray CT, the sample attenuation
is measured at low- and high energies with two different spectra that are overlapping and thus reduces the estimation performance
[24, 25]. Center: in classical spectral X-ray CT, the sample attenuation is measured at multiple energy bins using PCDs [23, 28].
Right: in the optimized bi-energy bins approach to spectral X-ray CT, the sample attenuation is measured without overlap at lowand high energies with PCDs in a single acquisition. The selection of the upper and lower thresholds of low- and high-energies,
respectively 𝑏1 and 𝑏2 is discussed in the subsection 3.2.

the effect of absorption edges, they further showed that the
photoelectric coefficient, 𝑎1 and the Compton scattering coefficient, 𝑎2 could be expressed in terms of physical parameters as:
𝜌
𝜌
𝑎1 ≈ K1 𝑍 𝑛 , 𝑎2 ≈ K2 𝑍
(3)
𝐴
𝐴

For a compound or mixture that has the composition of 𝑁
total different elements 𝑖 each with a number of atoms, 𝛼𝑖 ,
the electron density can be derived as

where K1 and K2 are constants, 𝜌 is mass density (g∕cm3 ),
𝐴 is atomic mass and 𝑍 is atomic number. 𝑛 is the exponent for photoelectric attenuation (per atom). We optimize 𝑛
for each of the classification approaches depending on how
many energy bins are used. 𝑎1 and 𝑎2 represent only approximate expressions. The insertion of 𝑎1 and 𝑎2 from Eq. (3)
into Eq. (1) yields the LAC:

For compounds, the atomic number is referred to as effective
atomic number, 𝑍ef f and a now classical parameterization
was proposed by Mayneord (1937) [39] and Spiers (1946)
[40] as
√
√𝑁
√
∑
𝑙
𝑍ef f = √ 𝑟𝑖 𝑍𝑖𝑙 ,
(8)

𝜇(𝐸) =

)
𝑍 ( 𝑛−1
𝜌 𝑍 𝑝(𝐸) + 𝑐(𝐸) ,
𝐴

1
, 𝑐(𝐸) = K2 𝑓KN (𝐸).
𝐸3

(5)

𝑝(𝐸) and 𝑐(𝐸) are photoelectric absorption and Compton
scattering basis functions, respectively. The basis functions
are empirical defined through experimental fit to data. In our
calculations, we optimize the basis functions and parameter
𝑛 for the best classification performance and the resulting
optimized values for all the multiple energy bins approaches
are presented in the subsection 2.5.

2.2. Electron Density and Effective Atomic
Number
X-ray attenuation is proportional to a material’s electron
density [38]. The electron density is the number of electrons
per unit volume (electron − mole∕cm3 ) and related to mass
density, atomic number and atomic mass of an element as:
𝜌e =

𝑍
𝜌,
𝐴(𝑍)
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𝜌e = ∑𝑖=1
𝑁

𝛼𝑖 𝑍𝑖

𝜌.

𝑖=1 𝛼𝑖 𝐴𝑖

(7)

𝑖=1

(4)

where
𝑝(𝐸) = K1

∑𝑁

(6)

where 𝑁 is the number of elements in the material, 𝑍𝑖 is the
atomic number for each element, 𝑖, 𝑟𝑖 is “relative electron
fraction” contribution. The relative electron fraction of an
element, 𝑖 is expressed as
𝛼𝑍
𝑟𝑖 = ∑𝑁 𝑖 𝑖 ,
𝑗=1 𝛼𝑗 𝑍𝑗
where 𝛼𝑖 is the number of atoms that have atomic number
𝑍𝑖 .
No single formula of 𝑍ef f can characterize the alteration
of photoelectric absorption cross section over the particular
range of the photon energies and materials with the acceptable accuracy of interest in CT [37, 40–47]. The Compton
interaction takes place with relatively unbound electrons for
the photon energy range and materials relevant to CT Systems, and consequently the Compton scattering cross section is independent of chemical makeup of materials and
only is a function of photon energy [41], as discussed in
the subsections 2.1 and 2.5. Therefore, the exponent 𝑙 is
optimized depending on the material, source spectrum and
system features. Usually, this parameter, 𝑙 changes between
Page 3 of 14
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2.94 and 3.8 based on experimental fits for different CT systems. In our calculations, 𝑙 is set to the value of the original
Lehnmann parameterization, which is 3.8 [44]. Even though
Eq. (8) neglects the coherent scatter part, this definition of
𝑍ef f based on the Lehnmann parameterization operates quite
well because the total cross section is mostly governed by the
Compton cross section for the set of our materials and photon
energy range [44, 47]. Thus, we use two separate sets of parameters, 𝑛 and 𝑙 to define the photoelectric absorption cross
section term, being optimized depending on the approach of
multiple energy bins and single value for all the materials,
respectively. In the subsection 3.1, the dependence of the
classification performance on exponent 𝑙 is presented and it
is discussed how this exponent is selected in this work.
Substituting Eq. (6) into Eq. (4) we obtain a parameterized LAC for a compound material as
)
( 𝑛−1
𝑝(𝐸) + 𝑐(𝐸) .
(9)
𝜇(𝐸) = 𝜌e 𝑍ef
f

2.3. Experimental setup and data correction.
Fig. 2 illustrates the instrumentation. The experiments
were performed in the 3D Imaging Center at DTU, Denmark.
A Hamamatsu x-ray source was used operating at the acceleration voltage and the filament current set to 160 kV and
0.5 mA, respectively. The focal spot for these parameters is
75 𝜇m. An aluminum filter of 2 mm thickness was used to
remove photons with energies lower than the detector energy
range. The beam was collimated into a fan beam geometry.
The samples were placed on the rotation stage and scanned
during the acquisition over a range of 360 degrees in discrete steps of 1◦ increments. The source to detector distance
(SDD) was set to 701 mm while the source to sample distance (SOD) was 500 mm.
The detector system comprises five MultiX ME100 modules, each consisting of 1×128 pixels of size 0.8 × 0.8 mm2 .
The number of energy bins is flexible and could be configured for the purpose of the experiment between 2 and 128.
In this work it was set to 128 with a width of 1.1 keV each,
evenly distributed in the energy range between 20 and 160
keV. The energy resolution of the detector, defined by the
Full Width at Half Maximum (FWHM) is 6.5% (8 keV at
122 keV) by high X-ray fluxes [19]. In this work, the total
integration time per projection is 8 seconds.
Charge sharing, weighting potential, escape peaks, pulse
pile-up and incomplete charge collection in PCDs lead to
data distortion [48]. These effects are related to energy and
flux, and therefore, the data distortion affects the material’s
attenuation property. To correct for these spectral effects we
used the correction algorithm presented by Dreier et al. [48].
Fig. 3 shows the raw and corrected source spectrum. The
average counts integrated for the spectra was approximately
1.6×106 counts∕pixel per second.
Table 1 lists the materials studied in this work as well
as their reference 𝜌e and 𝑍ef f values that were calculated
by using Eq. (7) and Eq. (8), respectively. The material features presented in the table will be used as the
reference values in the following sections. The distribution of 𝑍ef f for materials commonly found in a passenD. Jumanazarov et al.: Preprint submitted to Elsevier

ger bag peaks between 7-8. Most organic materials belong to this range [1]. The plastics used for the experiment were polymethyl methacrylate (PMMA), polytetrafluoroethylene (PTFE), polyvinylidene fluoride (PVDF), polycarbonate (PC), polyoxymethylene-C (POM-C), polyethylene terephthalate (PET) and polyoxymethylene-H (POMH). These plastics were chosen since several explosives have
similar chemical compositions, e.g. POM has been considered an explosive simulant [24]. The classification of plastics is thus an efficient gauge for a system’s ability to identify explosive materials in luggage. The materials used in
the work represents the same 𝑍ef f variation as various organic tissues [49] and none have K-edge absorption within
the detector’s energy range. Sample dimension are found
in Table 1 through width×length or diameter for rectangular
and circular samples respectively.
y
Collimator

MultiX

z

x

Filter

Source

Sample Stage
SOD

SDD

Figure 2: The illustration of the instrumental setup.

2.5

107

2

1.5

1

0.5

0
20

40

60

80

100

120

140

160

Figure 3: X-ray source spectra before and after applying spectral correction algorithm. The number of counts per second
summed over all detector pixels is shown, measured through
the MultiX ME100 PCD.
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Table 1
The list of all the materials scanned and processed through the method, and their physical properties 𝜌e and 𝑍ef f . The mass density, 𝜌 for the plastic materials was measured
with uncertainties of ± 0.15%. The mass densities for the rest of materials represent the
theoretical values found in PubChem data, [50].
Material

Chemical
Formula

Width×length/
Diameter (mm)

𝜌 (g∕cm3 )

𝜌e (e− mol∕cm3 )

𝑍ef f

PMMA
PTFE
PVDF
PC
POM-C
PET
POM-H
Acetone
Hyd. Peroxide
Methanol
Water
Nitromethane
Aluminum
Silicon
Magnesium
Titanium

(C5 O2 H8 )𝑛
(C2 F4 )𝑛
(C2 H2 F2 )𝑛
(CO3 C13 H8 )𝑛
(CH2 O)𝑛
(C10 H8 O4 )𝑛
(CH2 O)𝑛
C 3 H6 O
H2 O2 (50 %)
CH3 OH
H2 O
CH3 NO2
Al
Si
Mg
Ti

40×42
9×53.3
9×53.5
8.2×53.5
9×53.5
9×53.5
15.5×53.3
20
20
20
20
20
25
25
12.7
12.7

1.18
2.16
1.8
1.19
1.42
1.39
1.44
0.785
1.22
0.792
0.997
1.14
2.70
2.33
1.74
4.51

0.636
1.039
0.9
0.615
0.758
0.726
0.766
0.432
0.661
0.446
0.554
0.597
1.3
1.161
0.858
2.071

6.60
8.50
8.01
6.48
7.07
6.74
7.07
6.44
7.65
6.86
7.54
7.27
13
14
12
22

2.4. Setting low- and high-energy thresholds and
LAC extraction
For each projection the photon counts 𝐼𝑘 of energy bin
𝑘 is converted to line integrals 𝐿𝑘 based on Lambert-Beer’s
law as:
𝐿𝑘 (⃗
𝑥) = −𝑙𝑜𝑔

𝐼𝑘 (⃗
𝑥)
𝐼0,𝑘 (⃗
𝑥)

, 𝑘 = 1, 2, 3, ..., 128;

(10)

where 𝐼0,𝑘 is the flat-field photon flux for energy bin 𝑘 , i.e.
the projection measured by the detector without inserting
the sample. This is also referred as the source spectrum or
the system’s spectral response. 𝑥⃗ represents the 1D detector
pixel array, the detector has total 128 energy bins.
The intensity in the gap spaces between two adjacent
modules, with the width approximately equal to two pixels,
were filled by neighbor interpolation. Slice reconstructions
were performed individually for each energy bin from each
line integral (or sinogram) by using the SIRT implementation in the ASTRA Toolbox [51] to extract LACs of materials. Fig. 4 presents how the LAC values are extracted from
the histogram based on Gaussian curve fits after sample reconstruction. MATLAB® ’s fitdist function with normal distribution was used to extract the LACs for all materials and
for all approaches of the number of used energy bins. The
ring artifacts in the reconstruction may be due to the difference in detector response for the pixels at crystal edges in
the detector since the correction algorithm is optimized for
the central pixels.
Fig. 5 shows measured and reference spectral LAC of
PTFE plastic and aluminum with and without spectral correction. Additional spectral distortions appear at low- and
high-energies, which cannot be totally corrected by the spectral correction algorithm. LAC deviations from the reference
D. Jumanazarov et al.: Preprint submitted to Elsevier

values at low- and high-energies could be due to detector
flux variation and photon starvation, i.e. complete attenuation of photons [48]. Energy bins with those deviations are
excluded by setting low- and high-energy thresholds, 𝐸i and
𝐸f that are kept constant for all materials. We note that there
is a slight deviation between the measured LAC and the reference values between 55 keV and 65 keV. We suspect that
the detector resolution is lower for the higher flux flat field
and at places in the spectrum of higher discontinuities the
LAC is affected.
The data is rebinned in low- and high energy. The formulation presented here for the thresholds is compatible with an
arbitrary number of bins. As an example, merging energyresolved data in the optimized bi-energy bins approach defined in the subsection 3.2 is performed by summing the corrected incident photon flux 𝐼𝑘 for selected 𝑘 energy bins before converting to line integrals as:
𝑘=𝑏1

𝐼𝐿 =

∑
𝑘=i

𝐼𝑘 , 𝐼𝐻 =

𝑘=f
∑

𝐼𝑘

(11)

𝑘=𝑏2

where 𝐼𝐿 and 𝐼𝐻 are merged photon flux for low- and highenergies, and i and f denote low- and high-energy threshold
bins, respectively. 𝑏1 and 𝑏2 are the upper and lower thresholds of low- and high-energies, respectively (in Fig. 1).
The classification performance has been tested for optimized bi-, 6, 15, 30, 45 and 90 energy bins and the results are
presented in the subsection 3.4. Titanium showed the LAC
noticeably deviated from the reference values at lower energies that is due to complete attenuation of radiation at this energy range. Fig. 6 presents the measured, fitted and reference
LAC of titanium. The deviated LAC of titanium has been
fitted by using polynomial extrapolation with MATLAB® ’s
Page 5 of 14
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Figure 4: The mean LAC extraction based on the normal distribution. Left: 2D reconstruction of a sample including the five
plastic materials indicated by red arrows. The color bar shows linear attenuation coefficients (LACs) for the low energy bin of
the optimized bi-energy approach defined in the subsection 3.2. Right: the histogram of PTFE plastic (blue bars) shown with a
Gaussian peak fit (red line). The pixel counts represent the number of pixels in the PTFE plastic area marked by the arrow to
the left, each having the corresponding LACs presented on the x-axis.

polyfit function between 32.1 keV and 131.3 keV, which became low- and high-energy thresholds, respectively for 15,
30, 45 and 90 energy bins approaches and for all materials.
The energy bins in these approaches were spaced uniformly
between low- and high-energy thresholds with equal width
bins. For optimized bi- and 6 energy bins approaches the
number of bins was insufficient for the extrapolation, instead
the deviated LAC of titanium from 32.1 keV was truncated
and the energy bins were spaced over 57.5 keV and 131.3
keV that were set as low- and high-energy thresholds, respectively for all materials. Without LAC extrapolation, the
number of bins in this PCD is insufficient to employ 90 bins
for classifications between 57.5 keV and 131.3 keV thresholds as shown in Fig. 5.
Fig. 6 also shows counts for flat field spectra and low- and
high-energy thresholds for all variations of energy bins used
and the gap between low- and high-energies in the optimized
bi-energy bins approach.

2.5. Calibration of Basis functions and 𝑛
as

From Eq. (9), LAC for each energy bin can be expressed
(
)
𝑛−1
𝜇𝑚 (𝐸𝑘 ) = 𝜌𝑒,𝑚 𝑍ef
𝑝(𝐸
)
+
𝑐(𝐸
)
,
𝑘
𝑘
f,𝑚

(12)

where 𝑚 = 1, 2, ..., 𝑀, 𝑘 = 1, 2, ..., 𝐾 with 𝑀 being the total
number of reference materials listed in Table 1 and 𝐾 being
the number of energy bins used for a particular classification approach. 𝑝(𝐸𝑘 ) and 𝑐(𝐸𝑘 ) are photoelectric absorption
and Compton scattering basis functions for energy bin 𝐸𝑘 ,
respectively. These are calibrated and the same for all materials.
We optimize not only the basis functions, but also the
parameter 𝑛 for better estimation. Due to the non-linearity
with respect to 𝑛, solving Eq. (12) is not straightforward. We
D. Jumanazarov et al.: Preprint submitted to Elsevier

impose positivity constraints for all basis functions and 𝑛 on
the solution. With this constraint, we formulate the objective
function as follows:
min

0≤𝑝1 ,𝑐1 ,…,𝑝𝐾 ,𝑐𝐾 , 𝑛

𝑀 ∑
𝐾 (
∑

𝑛−1
𝜇𝑚 (𝐸𝑘 ) − 𝜌e,𝑚 (𝑍ef
𝑝 + 𝑐𝑘 )
f,𝑚 𝑘

)2

,

𝑚=1 𝑘=1

(13)
where 𝑝𝑘 = 𝑝(𝐸𝑘 ) and 𝑐𝑘 = 𝑐(𝐸𝑘 ). To optimize Eq. (13),
we employ a nonlinear least square solver based on trust region method [53]. The minimization was performed with
MATLAB® ’s lsqnonlin function with initial constraints that
we chose as 𝑝0𝑘 = 0.5, 𝑐𝑘0 = 0.5 and 𝑛0 = 3.6 for all 𝑘. The
calibration results showed no particular dependency on the
starting values.
At low energies, the photoelectric cross section is a
strong function of atomic number, as seen in Eq. (1) and
Eq. (3). This effect can be used to achieve strong contrast
even for materials with small differences in electron densities and effective atomic numbers. For most biological materials, as the photon energy increases over 60 keV, the dependence of the LACs on atomic number rapidly decreases
and the photon attenuation occur mostly due to Compton interaction where mass density and electron density dominate
the LACs [43]. Fig. 7 shows the resulting optimized values
of the 𝑝(𝐸𝑘 ), 𝑐(𝐸𝑘 ) basis functions and of 𝑛 for all the multiple energy bins approaches analyzed in our work. As expected, over roughly 60 keV, photoelectric absorption basis
functions that decrease over the whole energy range become
lower than those for Compton scattering part. As a result,
the 𝑝(𝐸𝑘 ) basis functions values in optimized bi- and 6 energy bins approaches are 1.7 to 5 and 3.5 to 19.7 times lower
than 𝑐(𝐸𝑘 ), respectively.
The reported values of exponent 𝑛 defined in photoPage 6 of 14
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Figure 5: Energy resolved LAC for PTFE (left) and aluminum (right) obtained with and without spectral correction. The
reference LACs were defined by using NIST cross-sections, [52]. Where the LAC deviates at low- and high-energies the spectra
are truncated, and low- and high-energy thresholds, 𝐸i and 𝐸f are constant for all materials as shown with the vertical black
dash-dotted lines.
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Figure 6: Fitting LAC by extrapolation and photon counts for all the approaches for variations of energy bins used. Left: the
measured and fitted LAC obtained by using polynomial extrapolation and the reference LAC of titanium. Right: counts in the flat
field spectra for optimized bi-, 6, 15, 30, 45 and 90 energy bins approaches. A vertical lines at 𝐸0 (57.5 keV) is the low-energy
threshold for optimized bi- and 6 energy bins, and the lines at 𝐸1 (107 keV) and 𝐸2 (109.3 keV) shows the gap between lowand high-energies of optimized bi-energy bins. Note logarithmic scale on the y-axis.

electric cross section term in the literature changes between
nearly 3.94 and 5, as a function of the photon energy and
also materials [37, 42–45, 47, 54]. Weber et al.(1969) [42]
proposed the value of 4.4 for 𝑛. For CT systems, the suggested exponents were 3.94 by Phelps et al. (1975) [55],
4.4 by Cho et al. (1975) [43], 4.62 by Rutherford et al.
(1976) [54] and 4.8 by McCullough (1975) [41]. For idealized dual-energy CT imaging in the energies between 20
keV and 1000 keV, Williamson et al. (2006) [45] separated parameterization into two sets of exponents depending on atomic number range and found 5.05 and 4.69 for
2 ≤ 𝑍 ≤ 8 and 8 < 𝑍 ≤ 20, respectively. They estiD. Jumanazarov et al.: Preprint submitted to Elsevier

mated theoretically linear attenuation coefficients with absolute mean and maximum accuracy errors of up to 2.2%
and 6%, respectively, however there were relatively higher
errors at low energies and at higher 𝑍. For high-energy
x-ray cargo inspection, Langeveld (2017) [47] gave an improved Lehmann-type parameterization of LACs at energies
of 20 − 1000 keV, which resulted in a better definition of
photoelectric absorption cross section term and in turn 𝑍ef f .
X-ray attenuation coefficients were fitted quite well over a
broad range of 𝑍. The value of 𝑛 in their fits was 4.14. In
our work, the optimized values of exponent 𝑛 were found to
be between 3.60 and 4.09 depending on the number of enPage 7 of 14
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Figure 7: Optimized photoelectric absorption 𝑝(𝐸𝑘 ) (left) and Compton scattering 𝑐(𝐸𝑘 ) (right) basis functions for optimized bi-,
6, 15, 30, 45 and 90 energy bins approaches. The optimized values of exponent 𝑛 are also presented for each multiple energy
bins approach. A vertical lines at 𝐸0 (57.5 keV) is the low-energy threshold for optimized bi- and 6 energy bins, and the lines at
𝐸1 (107 keV) and 𝐸2 (109.3 keV) shows the gap between low- and high-energies of optimized bi-energy bins.

ergy bins, as shown in Fig. 7. The higher the 𝑛 value is, the
lower 𝑝(𝐸𝑘 ) and the higher 𝑐(𝐸𝑘 ) basis functions are for all
energies. The highest value of 𝑛 = 4.09 found for the approach using 6 energy bins presents the lowest classification
performance, as discussed in the subsection 3.4. The reason
for relatively lower values of 𝑛 found in our work may be due
to our parameterization and the multi-spectral dimensionality of LACs defined in Eq. (12).

The method accuracy was estimated as the percent relative deviation from the reference values for 𝜌e and 𝑍ef f as:

2.6. (𝜌e , 𝑍ef f ) Calculation

where superscripts est and ref refer to the estimated and reference values, respectively.

The calibration parameters (𝑝(𝐸𝑘 ), 𝑐(𝐸𝑘 ) and 𝑛) and the
measured LAC 𝜇(𝐸𝑘 ) are used to retrieve (𝜌e , 𝑍ef f ). For
𝑀- and 𝐾- total number of unknown materials and energy
bins, respectively, we reformulate Eq. (12) as a linear system
equation as follows:
⎛𝑝⃖⃗ 𝑐⃖⃗
⎜
⋱
⎜
⎝

𝑝⃖⃗

⎛ 𝑧1 ⎞
⎞ ⎜ 𝜌e,1 ⎟ ⎛ 𝜇⃖⃗1 ⎞
⎟⎜ ⋮ ⎟ = ⎜ ⋮ ⎟
⎟ ⎜ ⎟
⎟⎜
𝑐⃖⃗⎠ ⎜ 𝑧𝑀 ⎟ ⎝𝜇⃖⃗𝑀 ⎠
⎝𝜌e,𝑀 ⎠

(14)

where 𝑧𝑚 is a temporary variable introduced instead of
𝑛−1 and 𝑝
𝜌e,𝑚 𝑍ef
⃖⃗ = (𝑝1 , ..., 𝑝𝐾 )𝑇 , 𝑐⃖⃗ = (𝑐1 , ..., 𝑐𝐾 )𝑇 and
f
𝜇⃖⃗𝑚 = (𝜇𝑚 (𝐸1 ), ..., 𝜇𝑚 (𝐸𝐾 ))𝑇 . In the latter equation, the
size of the linear matrix is (𝑀 × 𝐾)-by-(2 × 𝑀) and the
number of unknowns is 2 × 𝑀. We use a linear least
square solver called lsqnonneg function in MATLAB® with
the positivity constraint on the solution returning the vector
(𝑧1 , 𝜌e,1 , ..., 𝑧𝑀 , 𝜌e,𝑀 ) that minimizes the norm. After solving it, the effective atomic numbers are retrieved for all materials by
(
𝑍𝑚 =

𝑧𝑚
𝜌e,𝑚

)

1
𝑛−1

.
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(15)

rel
Δ𝑍ef
= 100% ⋅
f

Δ𝜌rel
e = 100% ⋅

est − 𝑍 ref
𝑍ef
f
ef f
ref
𝑍ef
f
ref
𝜌est
e − 𝜌e

𝜌ref
e

,

(16)
(17)

3. Results and Discussions
3.1. Investigating classification performance as a
function of exponent 𝑙
We studied how the classification performance changes
with the selection of the exponent 𝑙 defined in 𝑍ef f formula
(Eq. (8) ) for the materials such as plastics and liquids listed
in Table 1, to tune this value on the best match for our experimental data. The classifications were performed using
plastic materials as references in the calibration step and optimized bi-energy bins for the calculations. Fig. 8 presents
the dependence of relative errors for 𝑍ef f on exponent 𝑙 for
the materials shown. Based on the mean relative deviations,
we find that the optimal range of exponent 𝑙 is between 7.2
and 10.5 with lower than 1% deviations and the minimum
deviation is approximately 0.9% at 𝑙 = 8.0 whereas the deviation is 1.4% at the reference value of 𝑙 = 3.8. Thus, the
exponent 𝑙 given in the references is not optimal with this
set of materials, source spectrum and detector response. To
preserve consistence with the previously published works in
comparing the performance, we keep the reference value of
𝑙 = 3.8 for our calculations of reference 𝑍ef f values.
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Figure 8: The variation of accuracy with exponent 𝑙. Left: the percent relative deviations for 𝑍ef f defined in Eq. (8), as a function
of exponent 𝑙 for the materials presented. Right: the mean percent relative deviation for 𝑍ef f calculated from absolute values of
relative deviations for each material shown in the left frame. As expected, the relative deviations for the electron density for all
the materials did not show noticeable dependence on 𝑙.

3.2. Optimizing the method for bi-energy bins
Fig. 1 illustrates the gap between low- and high-energies
when using optimized bi-energy bins. How low and high
energy photons are binned together is important for classification performance. Therefore, to optimize the method the
gap is shifted from low- to high-energy threshold in increments of one energy bin and the gap width is selected as
two energy bins equal to 2.3 keV and kept constant over the
whole energy range. Fig. 9 presents how the photon counts
for low- and high-energies change with respect to position
of the gap corresponding to the upper and lower thresholds
of low- and high-energies, respectively.
Fig. 10 shows the changes in the percent relative deviations for 𝜌e and 𝑍ef f of the mean values (for all materials), PMMA, water, aluminum and titanium between the
low- and high-energy thresholds when using bi-energy bins.
The chart shows that the relative deviations for the materials with higher 𝑍ef f values such as aluminum and titanium remain lower and more stable over the whole energy
range compared to liquids and plastics for both 𝜌e and 𝑍ef f .
The optimal classification performance is reached when lowenergy is between 57.5 keV and 107 keV while high-energy
is 109.3 keV to 131.3 keV with mean relative deviations of
1.5% and 3.1% for 𝜌e and 𝑍ef f , respectively. The results for
all the materials obtained with optimized bi-energy bins are
presented in the next subsection. In contrast to a simulation
study presented by Wang et al. [26] estimating the thickness of the two basis materials, we find that similar incident
photon flux in low- and high-energies when using bi-energy
bins do not provide the optimal classification performance,
this result is seen in Fig. 9. The reason may be because our
results are based on experimental data with realistic noise
level and spectral artefact.

D. Jumanazarov et al.: Preprint submitted to Elsevier
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Figure 9: Photon counts of low- and high-energies of all detector pixels in the flat field spectrum as a function of the gap
position being shifted from low- to high-energy threshold. The
gap corresponds to the upper and lower thresholds of low- and
high-energies in the bi-energy bins approach, respectively.

3.3. (𝜌e , 𝑍ef f ) map

Fig. 11 shows a (𝜌e , 𝑍ef f ) chart of estimated and reference values. Table 2 lists the percent relative deviations
for both of estimated material features for SIMCAD and
SRZE methods. The SIMCAD method gives promising results with mean relative deviations of 1.5% for 𝜌e , and 3.1%
for 𝑍ef f using optimized bi-energy bins, whereas the SRZE
method yields deviations of 2.4% and 1.9% respectively with
64 energy bins [28]. With only two energy bins, the SRZE
method has a noticeably higher deviation of 9.4% for 𝜌e , and
13.4% for 𝑍ef f for single material samples [32]. Thus, our
Page 9 of 14
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Figure 10: Optimization of the bi-energy-bin method based on relative deviations for 𝜌e (left) and 𝑍ef f (right).
deviation was calculated from the absolute values of relative deviations for each material listed in Table 1.

∗

The mean

9

22

Ti

PTFE

20

8.5

PVDF

18
8

16
14

7.5

Al

POM-C

Mg

12

Nitromethane

7

10

Methanol

8

PET
Acetone

0.6

0.8

1

1.2

1.4

1.6

1.8

2

2.2

POM-H

PMMA

6.5

6
0.4

Hyd Peroxide 50%

Water

Si

6
0.4

0.5

PC
0.6

0.7

0.8

0.9

1

1.1

Figure 11: Estimated and reference (𝜌e , 𝑍ef f ) obtained with the SIMCAD method using optimized bi-energy bins. A magnified
version of the lower left part of the left frame is presented in the right frame to avoid overlap of the material labelled names.

method using much fewer energy bins can provide a significant reduction in computing time, which is important for
security screening scanners. It can be noted from the table
that as the effective atomic number increases, the classification accuracy also increases. Thus the method may be robust
also for materials with higher 𝑍ef f values.

3.4. Classification performance as a function of
the number of energy bins used
How a source spectrum is sampled for all the multiple
energy bins approaches is described in the subsection 2.4.
Fig. 12 highlights the relative errors for (𝜌e , 𝑍ef f ) depending on the number of energy bins used. For 𝜌e , the mean
relative error values increase as the number of energy bins
used increases reaching 4.2% at 90 energy bins. For 𝑍ef f ,
the error remains almost unchanged being equal to 3.3% at
90 energy bins, with an exception for 6 energy bins where
the error is 7.2%. Materials with higher 𝑍ef f values such as
D. Jumanazarov et al.: Preprint submitted to Elsevier

aluminum and titanium show noticeably lower relative error
for all numbers of energy bins used compared to plastics and
liquids.
The classification performance is worse for the 6 energy bins approach compared to optimized-bi-energy bins.
The reason may be that the thresholds of 6 energy bins approach are not optimized whereas those for optimized-bienergy bins are. Thus, optimizing the energy bin thresholds
is desired for better performance when the number of energy
bins used is low. A similar phenomenon was previously observed in radiography studies by Beldjoudi et al. [20, 25].
However, contrary to their findings, employing 15, 30, 45
and 90 energy bins does not enhance but rather deteriorates
classification performance relative to optimized-bi-energy
bins approach. This may be because energy bin widths for
15, 30, 45 and 90 energy bins, which are equally distributed
throughout the spectrum are below the energy resolution of
Page 10 of 14
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Table 2
The percent relative deviations for (𝜌e , 𝑍ef f ) with the reference values. To compare, SRZE
estimations are taken from [28, 32]. ∗ The mean values were calculated from absolute
values of each column.
Material

𝜌ref
(e− mol∕cm3 )
e

SIMCAD
(%)
Δ𝜌rel
e

SRZE
(%)
Δ𝜌rel
e

𝑍efreff

SIMCAD
Δ𝑍efrelf (%)

SRZE
Δ𝑍efrelf (%)

PMMA
PTFE
PVDF
PC
POM-C
PET
POM-H
Acetone
𝐻2 𝑂2 (50%)
Methanol
Water
Nitromethane
Aluminum
Silicon
Magnesium
Titanium
∗
Mean

0.636
1.039
0.9
0.615
0.758
0.726
0.766
0.432
0.661
0.446
0.554
0.597
1.3
1.161
0.858
2.071
−

−2.0
−2.7
−0.8
−1.6
−0.6
−1.4
−2.0
1.6
2.4
1.1
0.5
2.6
0.9
3.4
0.03
−0.3
1.5

−2.3
0.1
−0.8
1.4
−1.4
−3.1
−2.4
−2.3
−0.2
1.4
−6.9
1.7
−3.2
−5.5
−5.4
−0.7
2.4

6.60
8.50
8.01
6.48
7.07
6.74
7.07
6.44
7.65
6.86
7.54
7.27
13
14
12
22
−

5.1
4.5
3.5
2.0
3.6
1.1
5.5
−1.0
4.6
5.6
4.4
−2.3
−2.5
−1.2
−2.4
0.2
3.1

−0.3
−2.5
−1.4
−1.8
−0.9
−0.1
−0.4
5.0
5.4
−4.7
−2.7
2.5
0.7
−0.7
0.8
−1.2
1.9

the detector (8 keV) corresponding, respectively, to energy
bin widths of 6.6 keV, 3.3 keV, 2.2 keV and 1.1 keV; Secondly the detector noise becomes greater as the number of
energy bins increases. Since the bin width for approaches
using 30 and 45 energy bins are smaller compared to the approach of 15 energy bins, they are less dependent on energy
threshold optimization. The approach of 90 energy bins does
not require any threshold optimization. Despite this fact, 15
energy bins approach without the energy bin threshold optimization appears to have better classification performance
compared to 30, 45 and 90 energy bins. Overall optimized
bi-energy bins achieve the best classification performance,
and shows the best robustness for all the materials we classified in this work.
Fig. 13 shows the mean relative deviations obtained by
corrected and uncorrected LACs from optimized bi-energy
bins, which equals 5.0% and 37.9% for 𝜌e and 𝑍ef f , respectively without the correction. Therefore the method requires
the use of a spectral correction algorithm.

4. Conclusion
We have presented the SIMCAD method for material
characterization from system-independent physical parameters (𝜌e , 𝑍ef f ) using Spectral CT systems. We explored the
influence of the number of used energy bins on the performance of the method by applying different energy thresholds to define the energy bins. Employing a non-optimized
energy bins approaches with a low number of energy bins
used leads to a noticeable decrease in classification performance. It was presented that the approaches with energy bin
widths below the detector energy resolution does not provide noticeable enhancement in classifications further, and
D. Jumanazarov et al.: Preprint submitted to Elsevier

we found the method to be most accurate employing just optimized bi-energy bins. The formulation of method however,
is compatible with an arbitrary number of energy bins. We
saw the use of a correction algorithm remove most detector response artefacts from the LAC, and classification even
with optimized bi-energy bins is shown to require the correction. SIMCAD requires a calibration step using a set of
reference materials to calibrate photoelectric absorption and
Compton scattering basis functions and 𝑛 from the LAC expression.
In contrast to the SRZE method, which reaches the best
accuracy with 64 energy bins [28], the SIMCAD method
gives comparable accuracy with only optimized bi-energy
bins, which gives up to 32 times reduction in computing
time due to the reduced number of CT reconstructions required. This makes the method compatible with the requirements of high speed security scanners. Our method employing a single scan is also comparable to the state-of-the-art
techniques using dual-energy CT scans in terms of reconstruction time and material classifications, and it provides a
better classification performance for highly attenuating materials [4, 16]. The method is shown to be applicable in the
range of 6 ≤ 𝑍ef f ≤ 23 however, since higher 𝑍ef f materials showed noticeably better accuracy compared to plastics
and liquids, the method may be expected to be suitable for
a larger range of 𝑍ef f materials. Contrary to the results obtained in the studies by Rinkel et al. [24] and Beldjoudi et
al. [25], the method gives better accuracy with optimized
bi-energy bins, compared to the same technique with 90 energy bins. This may be because the high and low energy
thresholds of our technique truncates the LAC’s where they
have the highest amount of experimental artefacts; Secondly
compared to dual energy detectors our energy bins are not
Page 11 of 14
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overlapping and are thus not influenced by system or sample parameters. The optimized bi-energy approach truncated
the low-energy bin below 57.5 keV and therefore the method
is expected also to work for the materials with 𝑍ef f ≤ 68,
which do not exhibit absorption edges above this low-energy
threshold. This range of atomic numbers include most of the
materials scanned by security screening instruments. For
further experiments, we will investigate robustness of the
technique for a broader range of 𝑍ef f , and in the presence
of K-edges.
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