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Abstract

Purpose: Photon counting imaging detectors (PCD) has paved the way for spectral x-ray com-
puted tomography (spectral CT), which simultaneously measures a sample’s linear attenuation
coefficient (LAC) at multiple energies. However, cadmium telluride (CdTe)-based PCDs work-
ing under high flux suffer from detector effects, such as charge sharing and photon pileup. These
effects result in the severe spectral distortions of the measured spectra and significant deviation
of the extracted LACs from the reference attenuation curve. We analyze the influence of the
spectral distortion correction on material classification performance.

Approach:We employ a spectral correction algorithm to reduce the primary spectral distortions.
We use a method for material classification that measures system-independent material proper-
ties, such as electron density, ρe, and effective atomic number, Zeff . These parameters are
extracted from the LACs using attenuation decomposition and are independent of the scanner
specification. The classification performance with the raw and corrected data is tested on differ-
ent numbers of energy bins and projections and different radiation dose levels. We use exper-
imental data with a broad range of materials in the range of 6 ≤ Zeff ≤ 15, acquired with a
custom laboratory instrument for spectral CT.

Results: We show that using the spectral correction leads to an accuracy increase of 1.6 and 3.8
times in estimating ρe and Zeff , respectively, when the image reconstruction is performed from
only 12 projections and the 15 energy bins approach is used.

Conclusions: The correction algorithm accurately reconstructs the measured attenuation curve
and thus gives better classification performance.

© 2022 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JMI.9.3.034504]

Keywords: spectral x-ray CT; material classification; photon counting x-ray detector; joint
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1 Introduction

Conventional x-ray computed tomography (CT) reconstructs a structural image of the distribu-
tion of the averaged linear attenuation coefficients (LAC) within the scanned object. This is
because the polychromatic nature of the incoming x-ray photons is disregarded. The averaged
LAC reports the quantity of radiation attenuated by a material and integrated over the wide
energy range between 20 and 160 keV. A polychromatic beam is generated by a tungsten labo-
ratory x-ray source. The difference of the averaged LAC between different objects gives the
contrast that enables material classification in, e.g., medical diagnosis. However, the averaged
LACs for some materials of different chemical compositions may be overlapping, which
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significantly restricts the classification performance from single energy CT data. The main rea-
sons are that the energy dependence of the attenuation is not measured, and the LAC is depen-
dent on material properties, such as electron density, ρe, and effective atomic number, Zeff .
Different human tissues may possess overlapping attenuation properties, in spite of having dif-
ferent ρe or Zeff, which leads to low contrast of soft tissues in CT.1–3 This suggests a requirement
for resolving the x-ray spectrum into multiple energy bins, which enables decomposition of LAC
into ρe and Zeff . Quantitative characterization based on the distribution of ρe and Zeff within the
object is a very useful technique in radiotherapy and medical diagnosis applications4–8 and
explosive detection.9

Alvarez and Macovski10 proposed an alternative method that decomposes a material’s LAC
into photoelectric absorption and Compton scattering cross sections and can define the whole spec-
tral range of the LAC through just two parameters, density, ρ, and effective atom number, Zeff .
This laid the foundation for dual-energy CT, which can extract the LAC at low and high energies,
and reconstruct a map of both ρe and Zeff . This system is currently used for material recognition
with two channels of energy discrimination in medical and security applications.3,11–19 Dual-energy
CT is performed in twoways, either by switching the accelerating voltage of the source and making
two consecutive measurements with a traditional energy integrating detector at both high and low
bias or using a sandwiched detector that simultaneously measures a low energy spectrum with
the first thin layer and the remaining high energy spectrum with the second thicker layer.20

The dual-energy CT systems suffer from two main limitations. First, low and high energies are
overlapping, leading to low energy separation. Second, this system only measures two different
data points in the attenuation spectrum and therefore provides limited material classification maps.
Furthermore, material identification through the averaged LAC computed from overlapping ener-
gies is a system-dependent solution, i.e., it depends on source spectrum, filtration, and detector
efficiency of the scanner.21

The development of cadmium telluride (CdTe) energy discriminating imaging detectors has
laid groundbreaking step toward multienergy spectral CT.22,23 Energy-resolved photon counting
detectors (PCD) can discriminate the energy of the incident photons and enable the simultaneous
collection of the full spectrum of material’s energy-dependent LACs. Spectral CT simultane-
ously measures the energy dependence of a material’s LAC using a PCD and is proved to present
significantly greater potential to enhance material classification compared to dual-energy
CT.24 Therefore, spectral CT has attracted a large interest within medical25–29 and security
applications.30,31 Recent developments in spectral CT for clinical applications have been reported
in the literature,32–36 which include enhanced image resolution, decreased metal, and beam-
hardening artifacts, and the ability to reduce radiation dose and differentiate among various
contrast materials. Lung nodules, implants such as stents, and small bone parts or small blood
vessels can be visualized with enhanced spatial resolution using PCDs.37–41 Radiography studies
in security screening also showed that PCDs have clear advantages over dual-layer sandwich
detectors in improving material recognition.42–45 The poor spectral separation in the dual-layer
sandwich detectors was found to be the major reason for the lower performance.

Azevedo et al.46 recently presented a method that measures (ρe, Zeff ) from dual-energy CT
called the system-independent ρe∕Zeff (SIRZ), independent of the scanning instrument, and
Champley et al.47 improved the method further (SIRZ-2). Busi et al.48 adopted the SIRZ method
for spectral CT with the spectral ρe∕Zeff estimation (SRZE) method, which measures both sys-
tem-independent material features directly from the spectral LACs. However, the SRZE method
uses 64 energy bins for the optimal accuracy and gives significantly lower accuracy with two
energy bins.

In previous work, we presented a classification method, named system-independent material
classification through attenuation decomposition (SIMCAD),49 which measures the material fea-
tures (ρe, Zeff ), independent of the instrument or specifics of the scanner such as x-ray spectrum,
directly from energy-resolved LACs in spectral CT. The method uses attenuation decomposition
presented by Alvarez and Macovski10 for the formulation and adopts it for multiple energies.
It was demonstrated with the experimental data that the SIMCAD method can reach the optimal
classification performance with optimized bienergy bins and can give the results comparable to
the SRZE method. Therefore, the SIMCAD method spends at least 32× shorter time for the
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tomographic reconstruction after the data acquisition due to a lower number of energy bins used.
The speed makes the method well suited for applications where rapid scanning is required.

The above classification methods rely on accurate LAC curves. However, detector effects,
such as charge sharing and weighting potential (WP) cross-talk, x-ray fluorescence radiation,
Compton scattering, pulse pile up, and incomplete charge collection (ICC), strongly distort the
measured spectrum of photon-counting x-ray detectors operating under high flux.26 These effects
lead to severe deviation between the measured and transmitted spectrum, and therefore to a sig-
nificant decrease in material identification performance. Thus, the correction of the detector’s
spectral response is required to correct the measured LACs. To correct for these distortions, we
use a correction algorithm developed by Dreier et al.50 This is a comprehensive semianalytical
correction algorithm that corrects the raw data distorted by the detector effects based on spectral
distortion models. With small adjustments, the correction algorithm could be applied to any
photon counting CdTe detector.

In this work, we analyze the contribution of the correction algorithm in material classification
from spectral CT measurements, since the spectral correction requires additional computation
time valuable in real applications. We use an L∞ norm-based vectorial total variation (L∞-VTV)
for image reconstructions from the spectral sinograms. This joint reconstruction algorithm uses
an L∞ norm that jointly penalizes the violation of the inter energy bin dependency, resulting in
strong coupling among energy bins. The image reconstruction quality is evaluated with the cor-
relation coefficient that is computed relative to ground-truth images. The material classification
performance both for raw and corrected data is tested on “real life” phantoms using real exper-
imental data. We use 20 different materials for calibrating the classification method and 15
additional materials for evaluating the classification performance in the range of 6 ≤ Zeff ≤ 15.
The classification performance for the raw and corrected data is performed with respect to
different numbers of energy bins and projections and different integration times of the PCD used.

2 Experimental Setup and Materials: Data Correction Algorithm

In this section, we define the system-independent physical properties used to classify materials
and LACs. We then present the experimental setup and the samples used to conduct the experi-
ments. Lastly, the detector, data correction, and sinogram generation are introduced.

2.1 Physical Properties of Materials

LAC is proportionally dependent upon a material’s electron density.51 The electron density is the
number of electrons per unit volume (electron −mole∕cm3). For a compound or mixture that
consists of N total different elements, the electron density can be expressed as

EQ-TARGET;temp:intralink-;e001;116;283ρe ¼
PN

i¼1 αiZiP
N
i¼1 αiAi

ρ; (1)

where ρ is mass density (g∕cm3), Ai and Zi are atomic mass and atomic number of each element,
i, respectively, and αi is the number of atoms that have atomic number Zi. For compounds,
the atomic number is referred to as effective atomic number, Zeff , which can be classically
parameterized as52,53

EQ-TARGET;temp:intralink-;e002;116;189Zeff ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
i¼1

riZl
i

l

vuut ; (2)

where ri is “relative electron fraction” contribution of an element, i,

EQ-TARGET;temp:intralink-;sec2.1;116;124ri ¼
αiZiP
N
j¼1 αjZj

:

In previous work,49 the exponent lwas studied to optimize the value for the best classification
performance for the materials, source spectrum, and system features used. The value of l ¼ 8.0
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showed the highest classification accuracy, therefore we chose this value for the calculation of
reference Zeff values in this work.

2.2 Decomposition of LAC

For a CT system, Alvarez and Macovski10 presented empirically over the energy region between
30 and 200 keV that the LAC can be decomposed as follows:

EQ-TARGET;temp:intralink-;e003;116;650μðEÞ ¼ a1
1

E3
þ a2fKNðEÞ; (3)

where fKNðEÞ denotes the Klein–Nishina function defined as

EQ-TARGET;temp:intralink-;e004;116;597fKNðεÞ ¼
1þ ε

ε2

�
2
1þ ε

1þ 2ε
−
lnð1þ 2εÞ

ε

�
þ lnð1þ 2εÞ

2ε
−

1þ 3ε

ð1þ 2εÞ2 ; (4)

and ε ¼ E∕511 keV (ε ¼ E∕mec2) designates the reduced energy of the incoming photon.
The functions 1∕E3 and fKNðEÞ represent the approximation of the energy dependence of the
photoelectric absorption and Compton scattering, respectively. With the exception of the absorp-
tion edge effect, they further presented that the photoelectric coefficient, a1, and the Compton
scattering coefficient, a2, could be defined as

EQ-TARGET;temp:intralink-;e005;116;491a1 ≈ K1

ρ

A
Zn; a2 ≈ K2

ρ

A
Z; (5)

where K1 and K2 are constants, and n is the exponent for the photoelectric cross section in the
decomposed LAC (per atom). The n value is optimized for each classification approach that
determines how many energy bins are used for the estimation of material features. a1 and
a2 are expressed with an approximation, and inserting a1 and a2 from Eq. (5) in Eq. (3) gives
the decomposed LAC as

EQ-TARGET;temp:intralink-;e006;116;392μðEÞ ¼ Z
A
ρðZn−1pðEÞ þ cðEÞÞ; (6)

where

EQ-TARGET;temp:intralink-;e007;116;339pðEÞ ¼ K1

1

E3
; cðEÞ ¼ K2fKNðEÞ: (7)

pðEÞ and cðEÞ denote the photoelectric absorption and Compton scattering basis functions,
respectively. Inserting Eq. (1) in Eq. (6), we retrieve a parameterized LAC for a compound as

EQ-TARGET;temp:intralink-;e008;116;273μðEÞ ¼ ρeðZn−1
eff pðEÞ þ cðEÞÞ: (8)

The basis functions are empirically measured through fitting experimental data. In this work,
the basis functions and the exponent n are defined in the calibration step and then used in the
calculation of material features, which compose the formulation of the classification method
described in Sec. 4.

2.3 Experimental Setup and Materials

The experiments were conducted in the 3D Imaging Center at DTU, Denmark. The X-ray beam
was generated by a Hamamatsu source working under the acceleration voltage and the filament
current set to 150 kV and 0.5 mA, respectively. The focal spot is 75 μm. An aluminum filter of
2 mm thickness was mounted after the source to suppress photons with energies lower than the
detector’s energy range. The beam was collimated to a fan beam using a JJ X-Ray IB-C80-AIR
slit. Custom built 5-mm-thick tungsten carbide blades placed directly in front of the detector
minimize photon scattering and fluorescent radiation. The samples were placed on the rotation
stage and scanned between discrete rotations with certain increments over a range of 360 deg.
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The value for increments was set depending on the number of projections, for which the clas-
sification performance is estimated for each sample. The source to sample distance was set to
500 mm, while the source to detector distance was 701 mm. The radiation integration time of the
detector can change between 2 and 100 ms with increments of 10 μs.

Figure 1 shows the four samples that include groups of materials that were scanned simul-
taneously, this work also uses samples with individually scanned materials. Figure 1(d) shows
the sample containing aluminum, magnesium, and polyetheretherketone (PEEK). This sample is
used for the characterization in Sec. 5.3 that tests the classification performance for the raw and
corrected data with different integration times from 2 to 100 ms and in Sec. 5.4.

Tables 1 and 2 list the reference and test materials used in the calibration and material feature
calculation steps, respectively. The tables include the materials’ reference ρe and Zeff values that
were calculated using Eqs. (1) and (2), respectively. Sample dimensions are described through
width × length for rectangular samples or diameter for circular samples. The plastics are poly-
carbonate (PC), polymethyl methacrylate (PMMA), polyoxymethylene-C (POM-C), polytetra-
fluoroethylene (PTFE), polyethylene terephthalate (PET), polyoxymethylene-H (POM-H), and
polyvinylidene fluoride (PVDF). The material properties tabulated in the tables will be consid-
ered as the reference for the remainder of the paper. The materials vary in the range of 6 ≤
Zeff ≤ 15, which covers the Zeff range of major human organs and tissues,56–58 since the most
abundant elements in human tissues as well as polymers are H, C, N, and O.8 This Zeff range is
also relevant for security applications.9
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Fig. 1 Reconstruction of samples containing groups of multiple materials. (a)–(c) Samples used
in the classifications for which the results are presented in Secs. 5.1–5.3. The sample (a) was
borrowed from Busi et al.48 The polypropylene (PP) material in the sample (c) is suspected to
be mixed with chemical colorants, and therefore to have a higher Z eff than the pure PP. This
material was therefore excluded in estimations. (d) Sample being processed in Secs. 5.3 and
5.4. All the 2D reconstructions are performed from 360 projections using the SIRT54 (in the illus-
tration, data from the energy bin at 75.1 keV were used). The gray scale bars represent the LACs
in unit of cm−1.
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2.4 Detector and Data Correction for Spectral Distortion

The detector adopted for the experiments is MultiX ME-100 v2 manufactured by Detection
Technology S.A.S. in Moirans, France. We use a system of five detector modules, each module
has a 1 × 128 linear array of pixels sized 0.8 × 0.8 mm2. The detector has 128 spectral energy
bins, each with a width of 1.1 keV, which are evenly distributed between 20 and 160 keV. The
energy resolution of the detector operating at high x-ray fluxes is 6.5% (8 keVat 122 keV).23 The
detector has a CdTe sensor with 3 mm thickness. Incident photons strike a collective cathode
being composed of a continuous metal film. The sensor has pixelated anodes with significantly
smaller size, which are located on readout electronics.

The spectral response of photon counting detectors is severely distorted by a range of physi-
cal effects occurring inside the CdTe sensor crystal. These energy- and flux-dependent effects
decrease the energy resolution of PCDs and induce distortion in measured LAC curves. An x-ray
photon absorbed near a pixel border generates an electron charge cloud which may split between
neighboring detector pixels. As a result, the high-energy x-ray photon is falsely counted as two
photons with lower energies, and this physical phenomenon is called charge sharing. Another
phenomenon is related to x-ray fluorescence. Detector sensor materials Cd and Te present

Table 1 The reference materials used in the calibration step (see Sec. 4.1), with reference values
of ρe and Z eff. The ρ mass density values for the plastic materials were measured with uncertain-
ties of �0.15%. The mass densities for the rest of materials represent the theoretical values found
in PubChem data.55

Material
Chemical
formula

Width × length/
diameter (mm)

ρ
(g∕cm3)

ρe
(e−mol∕cm3) Z eff

Graphite C 12.7 1.8 0.899 6

PC ðCO3C13H8Þn 8.2 × 53.5 1.18 0.610 6.82

PMMA ðC5O2H8Þn 40 × 42 1.18 0.636 7.02

POM-C ðCH2OÞn 9 × 53.5 1.41 0.753 7.40

PTFE ðC2F4Þn 9 × 53.3 2.16 1.035 8.70

N,N-Dimethylhydrazine C2H8N2 67 0.791 0.447 6.44

Ethylenediamine C2H8N2 67 0.90 0.509 6.44

Acetone 2 C3H6O 54 0.785 0.432 6.90

Nitrobenzene C6H5NO2 49 1.20 0.624 7.00

Ethanol 96% C2H6O (96%) 67 × 67 0.798 0.450 7.06

Methanol CH3OH 20 0.792 0.446 7.29

Hydrazine solution H4N2 (35%) 54 1.0 0.561 7.43

Nitromethane CH3NO2 20 1.14 0.597 7.50

Water H2O 20 0.997 0.554 7.78

Water 3 H2O 12.7 0.997 0.554 7.78

Hyd. peroxide 2 H2O2 (50%) 73 × 74 1.22 0.661 7.83

Magnesium 2 Mg 18 1.74 0.859 12

Aluminum 2 Al 25 2.70 1.3 13

Aluminum 3 Al 20 × 20 2.70 1.3 13

Silicon Si 25 2.33 1.161 14
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K-edges at 26.7 and 31.8 keV, respectively. Incoming x-rays at an energy E can expel K-
electrons of the CdTe sensor crystal when the photon energy is larger compared to the K-shell
binding energies. The vacant K-shells are instantly reoccupied, and the fluorescence K-shell
photons with energy Efl are emitted and re-absorbed in some cases. The fluorescence photons
are registered in the primary detector pixel or in adjacent pixels (K-escape). As a result, the
incoming photons are registered at an energy E − Efl, and the consequent peak in the energy
spectrum is called K-escape peak. Thus, high-energy x-rays are again recorded at lower energies,
leading to a decrease in energy separation and also spatial resolution.

Charge sharing and K-escape are border interactions. The contribution of these phenomena to
the overall detector response decreases as the detector pixel size increases, and this can improve
energy discrimination. However, the number of incident photons that strike the same pixel
increases in time if the pixel has larger size. This may result in the overlapping of pulses created
by two photons that are recorded as one photon at a very high energy. This effect is called pulse
pile-up. Pulse pile-up can cause nonlinear detector counting statistics and eventually detector
saturation.59 The contribution of this effect to the total detector response can be reduced with
designing smaller pixels; however, this may result in increased charge sharing and K-escape.
Discovering the best size of the detector pixels to steady charge sharing, K-escape, and pulse
pile-up is very important in making a PCD.

Charge carriers that are counted by one detector pixel may again produce a pulse in the
adjacent pixel. This phenomenon is called WP cross talk and gives rise to the source spectrum
at energies lower than 30 keV.50 The effects such as electronic noise60 and Compton scattering of
the incoming photons in the detector crystal are another problems of PCDs. Both effects have
less contributions to the detector signal compared to the other effects.

Table 2 The test materials used in the material feature calculation step (see Sec. 4.2), with refer-
ence values of ρe and Z eff. The ρmass density values for the plastic materials were measured with
uncertainties of �0.15%. The mass densities for the rest of materials represent the theoretical
values found in PubChem data.55

Material
Chemical
formula

Width × length/
diameter (mm)

ρ
(g∕cm3)

ρe
(e−mol∕cm3) Z eff

PET ðC10H8O4Þn 9 × 53.5 1.39 0.721 7.09

POM-H ðCH2OÞn 15.5 × 53.3 1.43 0.763 7.40

PVDF ðC2H2F2Þn 9 × 53.5 1.79 0.896 8.40

PTFE 2 ðC2F4Þn 12.7 2.2 1.056 8.70

2-Butanone C4H8O 83 0.805 0.447 6.76

Acetone C3H6O 20 0.785 0.432 6.90

Methanol 2 CH3OH 81 0.792 0.446 7.29

Ethanol 40% C2H6O (40%) 67 × 67 0.947 0.532 7.63

Water 2 H2O 51 × 51 0.997 0.554 7.78

Nitric acid HNO3 (65%) 83 1.39 0.714 7.80

Hyd. peroxide H2O2 (50%) 20 1.22 0.661 7.83

Magnesium Mg 12.7 1.74 0.859 12

Aluminum Al 25 2.70 1.3 13

Silicon powder Si 48 0.65 0.324 14

Silicon 2 Si 12.7 2.33 1.161 14
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CdTe detectors are also subjected to another challenge that is charge trapping. Some of
charge carriers are trapped in crystal lattice defects or impurities, which are nonuniformly
distributed.61 This results in the effect called ICC. The ICC becomes visible in the spectrum
at energies higher than 60 keV.62 The electrons and holes move at drift velocities ve ¼ μeEe

and vh ¼ μhEe toward the collective cathode and pixelated anodes, respectively. μe and μh are
the electron and hole drift mobilities, respectively, and Ee is the external electric field. The holes
drift with significantly smaller mobility than electrons. The electrons have 1000 cm2∕V of the
drift mobility, whereas the holes have 80 cm2∕V.63 This leads to more severe trapping of the
slow holes than the electrons. The influence of hole trapping is typically reduced by designing a
CdTe detector with much smaller pixelated anodes than the crystal thickness. This gives com-
paratively far less contribution of the hole transport to the total signal and thus reduces the ICC
effect.64 Moreover, the trapped holes create the accumulation of positive charges in the crystal,
which can change the external electric field distribution over time and distort the characteristics
of the charge collection. This effect is called polarization and also can lead to ICC.61,65

Polarization might cause noticeable ring artifacts in the reconstruction images at higher photon
fluxes,59 and a rapid decrease in signal pulses above a definite high flux rate.66

In the correction algorithm, using the simulated detector response matrix the distorted spec-
trum is first corrected for the flux-independent effects, such as charge sharing, WP cross talk, x-
ray fluorescence (escape peaks), Compton scattering, and electronic noise. Flux-independent
effects are corrected using an inverse detector response matrix MC of size N × N, where N
is the number of energy bins. The raw data are represented as a matrix IR of dimension
N × J, where J is the number of detector pixels. The matrix for corrected data for each pixel
is obtained as50

EQ-TARGET;temp:intralink-;e009;116;458IC ¼ MCIR: (9)

The inverse detector response matrix is decomposed into the individual detector response
matrices and can be expressed as50

EQ-TARGET;temp:intralink-;e010;116;402MC ¼ ðDCDEDWPÞ−1; (10)

where DWP, DE, and DC are the detector response matrices corresponding to WP cross talk,
Compton scattering and electronic noise, and charge sharing effects, respectively. The WP cross
talk is first calculated to correct distortion at low energies, while the charge sharing is lastly
corrected.

For each pixel’s response to x-ray illumination, a Monte Carlo simulation is employed to
calculate the total detector response matrix, which is dependent on the incident x-ray energy and
location of the photon’s energy deposition. The location of photon absorption is considered as a
function of depth in the sensor under the probability distribution function defined by the refer-
ence LACs, which are obtained from the National Institute of Standards and Technology (NIST)
cross-sections. 67 In the simulation, the escape peaks phenomenon occurring due to x-ray fluo-
rescence is first defined, by assuming that the emitted fluorescence photons are randomly
directed and absorbed at a certain travel distance. DWP, DE, and DC detector response matrices
are then computed separately based on 2D histograms of the registered and actual incident pho-
ton energy in the simulation. In the calculation model of the charge sharing factor, the excited
electron cloud is split between two adjacent pixels based on a 1D Gaussian distribution that is
aligned with the detector array. The excited charge cloud can induce current in the adjacent
pixels, and the amount of WP cross talk is proportional to the amount of current. A simplified
model presented in Ref. 68 is used for calculating WP cross talk, in which the detector is con-
sidered as the detector surfaces being composed of two infinite parallel sheets. The model
employs the approach of reflected dipole layers (mirror charges), which assumes that WP cross
talk is defined as an infinite sum of the WP elementary functions corresponding to the reflected
dipole layers distributed at equal distances dependent on the crystal depth.

Matrix inversion requires that the matrix is invertible, but a robust correction furthermore
requires that the detector response matrix is well conditioned. Since the three detector response
matrices are calculated in advance, the condition number can be found before the correction is
utilized. For the case reported here, the condition number for the three matrices is between 1 and
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2, which means that the detector response matrices are well conditioned and the subsequent
matrix multiplication is not overly sensitive to noise. An alternative but time consuming method
for an ill-conditioned detector response matrix is an iterative approach that estimates the cor-
rected signal by successively applying the noninverted detector response matrices to a guessed
response until the resulting spectra matches the acquired spectra.

Flux-dependent models such as the pulse pileup and ICC are then considered for correction.
The model presented by Plagnard69 is employed to correct for the pile-up phenomenon. Note that
this model is independent of pulse type whether it is unipolar or bipolar. The pile-up effect of
photon with energy En on the rest of energies Ex of the measured spectrum IRðEÞ gives the
respective pile-up spectrum IPðEnxÞ, which is defined for the whole range of x as50,69

EQ-TARGET;temp:intralink-;e011;116;616Enx ¼ En þ Ex; (11)

EQ-TARGET;temp:intralink-;e012;116;573IPðEnxÞ ¼
IRðEnÞ
IRðEÞmax

CPIRðExÞ; (12)

where CP is a coefficient for defining pile-up probability. It is assumed that two photons with
energies En and Ex in the measured spectrum are recorded as one photon with energy Enx in the
pile-up spectrum. Dreier et al.50 use an automatic fitting method to compute this coefficient using
the spectral LACs of aluminum. The pile-up spectrum is deducted from the measured spectrum,
and the result is added to

P
xIPðEnxÞ summed over the whole range of x. This gives the corrected

spectrum ICðEnÞ of the energy bin n50

EQ-TARGET;temp:intralink-;e013;116;477ICðEÞ ¼ IRðEÞ − IPðEÞ; (13)

EQ-TARGET;temp:intralink-;e014;116;434ICðEnÞ ¼ ICðEnÞ þ
X
x

IPðEnxÞ: (14)

To obtain the whole corrected spectrum, the same modeling is applied for each increment of n
changing from the initial to final values. The correction algorithm has been applied successfully
to this detector for fluxes up to 5 Mph∕s∕mm2. The MultiX’s readout electronics are constructed
to work well at fluxes higher than 1 Mph∕s∕mm2.23,60 We refer the reader to Dreier et al.50 for
more details of the correction algorithm.

The materials studied in this work are relevant to the security domain, but they also resemble
the atomic number and densities of organic tissues. The ability to contrast the used materials is
thus directly applicable in medical imaging. The contrast materials used in medical imaging,
such as calcium, iodine, gadolinium, or tantalum, have not been investigated. These materials
with higher atomic numbers (Zeff ≥ 20) may exhibit absorption edges above the low-energy
threshold described in Sec. 3.2. However, the correction algorithm is shown to work for these
materials in the same way as described in this study. Tantalum, for example, was studied in
Ref. 50, and the distorted attenuation curve was accurately corrected in the energy range used
in this work.

2.5 Sinogram Generation

The correction of the raw data is followed by converting the photon counts Ik of energy bin k to
line integrals Lk, i.e., sinograms, based on Lambert–Beer’s law as follows:

EQ-TARGET;temp:intralink-;e015;116;181Lkð~xÞ ¼ − log
Ikð~xÞ
I0;kð~xÞ

; k ¼ 1;2; 3; : : : ; K; (15)

where I0;k is the flat-field photon counts for energy bin k, i.e., the projection without the sample
being placed, K is the number of energy bins used, and ~x denotes the 1D detector pixel array.
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3 Image Reconstruction Algorithm and LAC Extraction

In this section, we briefly describe the joint reconstruction algorithm used to reconstruct the
samples from experimental data. We also present the LAC extraction and energy bins rebinning
between low and high energy thresholds. Lastly, a tool for analyzing the reconstruction image
quality estimated from the raw and corrected data is introduced.

3.1 Joint Reconstruction

Suppose spectral CT measurements consist of a stack of K energy-resolved sinograms denoted
by p1; : : : ; pK ∈ RG, withK being the number of energy bins andG being the number of detector
pixels multiplied by the number of projection angles. We target to reconstruct K attenuation
images from the spectral sinograms, μ1; : : : ; μK ∈ RJ, with J being the number of image pixels
for each energy bin Ek (k ¼ 1;2; : : : ; K). Energy-resolved LACs are retrieved directly from the
spectral reconstructions. We denote a stack of the spectral sinograms by a vector p ∈ RKG, and a
stack of K reconstructions by μ ∈ RKJ. The LAC for the energy bin Ek and the j’th image pixel
(j ¼ 1;2; : : : ; J) is represented by μk;j.

An operator, known as the forward-projection, maps the images onto the sinogram domain,
and the forward-projection is commonly formulated as a linear operator A such that Aμ ¼ p.
Here, we use the same forward-projection operator for each energy bin and A is the stack of such
operators. This formulation enables comparing the estimation with the sinogram data p and we
want to minimize the reprojection error (distinction between the synthesized and observed
sinogram) in L2 norm as follows:

EQ-TARGET;temp:intralink-;e016;116;460GðAμÞ ¼ 1

2
kAμ − pk22: (16)

To deal with noisy data and a small number of projection angles and obtain better recon-
struction by taking advantage of multispectral dimensionality of reconstructions, we consider a
regularization term by imposing a prior knowledge on the solutions. We employ a vectorial total
variation scheme called L∞-VTV that correlates the image gradients using maximum norm over
multienergy bins as follows:

EQ-TARGET;temp:intralink-;e017;116;358RL∞
VTVðμÞ ≔

XJ
j¼1

ðmax
1≤k≤K

j∇xμk;jj þ max
1≤k≤K

j∇yμk;jjÞ; (17)

where μk;j represents the LAC value for the k’th energy bin and j’th image pixel, and ∇x and ∇y

denote the gradient operators with respect to x and y axes, respectively. We aim to minimize the
sum of the data fitting term [Eq. (16)] and the regularization term [Eq. (17)] with a weighting
parameter λ between two terms as follows:

EQ-TARGET;temp:intralink-;e018;116;258min
μ≥0

λGðAμÞ þRL∞
VTVðμÞ; (18)

where a non-negativity constraint is imposed on μ such that the LAC values should be
non-negative.

A positive weighting parameter defines the strength of the L∞-VTV regularization term
and thus controls the trade-off between a good match to spectral sinogram data and a smooth
reconstruction in both the spatial and spectral dimensions. The L∞-VTV norm correlates the
gradients strongly over spectral dimension, rejecting outliers in gradient magnitudes. The recon-
struction algorithm uses additional information across the spectral dimension and thus can
enhance the reconstruction quality. The noise in one energy bin resulting in blur in a definite
edge can be suppressed by the information in the other bins of the same edge. We refer the reader
to Jumanazarov et al.70 for more details on the reconstruction algorithm.

The image reconstruction algorithm is applicable to any type of materials including hetero-
geneous materials. After the reconstruction step, we manually segment the reconstructed image,
and it requires more effort to segment heterogeneous materials, compared to homogeneous
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materials. However, with the correct segmentation we expect that the classification accuracy will
not be significantly affected.

3.2 LAC Extraction

After the energy-resolved reconstruction and manual segmentation, the LAC value of a segment
is calculated from the attenuation value histogram based on normal distribution fitting method
within a region of interest of a sample.49 The LAC extraction is performed for each material and
energy bin. Figure 2 presents an example of magnesium’s spectral LAC computed from both the
raw and corrected data with the correction algorithm, and two spectral LAC curves are compared
to the reference curve. The correction algorithm largely restores the LAC toward the reference
curve at the low energies, however, fails to correct for additional spectral distortions at lower and
higher energies. One reason for this could be because of detector flux variation and photon
starvation, i.e., complete attenuation of photons.50 The energy bins in which the LAC is deviating
from the reference values even after applying the correction algorithm are excluded in the later
processing by inserting the low- (El) and high-energy (Eh) thresholds. The thresholds are set to
El ¼ 33.2 keV and Eh ¼ 132.2 keV and kept constant for all the samples scanned and proc-
essed. The low energy bins have significantly lower photon counts due to a higher absorption
from the source filter. Since the LACs are computed according to Eq. (15), a step in the cor-
rection algorithm overcomes the influence of the resulting NaNs, Infs, and very low counts, by
setting the LAC to 0 for the low energy bins. Therefore, the corrected LAC curve in Fig. 2 has a
sharp drop-off around 25 keV.

3.3 Rebinning Energy Bins

In this work, we test the classification performance with two approaches, in which the data are
rebinned from 90 energy bins into 2 and 15 bins. The rebinning is performed by integrating the
photon counts between a low- and a high-energy thresholds. The aim of rebinning is first to
increase photons statistics of each bin, and second to decrease the data amount, and thereby
the computation time for image reconstruction. The 15 energy bins are distributed with equal
bin width between 33.2 and 132.2 keV. In previous work,49 we estimated the classification per-
formance with 2, 15, 30, 45, and 90 energy bins. We found that 30, 45, and 90 energy bins did not
lead to better improvement in the classification performance compared to 15 energy bins. We
concluded that a higher number of bins decrease the energy bin width below the detector’s
energy resolution (8 keV) but lead to lower photon statistics, and thereby decrease signal-to-
noise ratios in each bin. Therefore, we employ 15 energy bins in this work, with energy bin
widths (6.6 keV) slightly below the detector’s energy resolution. The approach of 15 energy

20 40 60 80 100 120 140 160
0

0.5

1

1.5

2

2.5

Fig. 2 Spectral LACs for magnesium obtained from the raw and corrected data. The reference
LACs were obtained from NIST cross-sections. 67 The vertical black dash-dotted lines represent
the low and high energy thresholds, E l and Eh, remaining the same for all materials being
estimated.
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bins shows spectral LAC curves that can be seen in Fig. 2, while the two bins approach only give
two data points in the attenuation spectrum.

The approach of two energy bins consists of nonoverlapping low and high energies, which are
separated by a gap corresponding to the interval between 63.0 and 79.5 keV. We chose this gap
width to have it larger than the detector’s energy resolution, and the gap position such that it is in
the middle of the used energy range. To separate it from a simple rebinning into two bins, we refer
to it as a bienergy approach in the remainder of the article. In the bienergy approach, photons with
energies within this gap are discarded, but still the classification performance is found to
improve.49,71,72 The other advantages of the bienergy approach are less sensitivity to detector arti-
facts and more robustness to high noise levels. Furthermore, reconstructing only two energy bins
makes this approach more computationally efficient. Spectral CT thus has a trade-off between
spectral channelization and noise levels. In addition to rebinning, we also use the joint reconstruc-
tion algorithm to reduce reconstruction artifacts due to increased noise levels. The method
L∞-VTV employs additional information across the spectral dimension as described in Sec. 3.1.

3.4 Correlation Coefficient for Evaluation of Reconstruction Quality

We measure the reconstruction quality with a correlation coefficient r that determines how
the reconstructed image μ is linearly related to the ground-truth image v and is defined for the
energy bin k as

EQ-TARGET;temp:intralink-;e019;116;495rk ¼
P

jðμj − μÞðvj − vÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
j
ðμj − μÞ2P

j
ðvj − vÞ2

r ; (19)

where μ and v are the mean LACs computed from the LACs for each image pixel, and μj and vj
represent the j’th image pixel values for μ and v, respectively. To calculate the correlation coef-
ficient, the ground-truth images are created with the mean LAC for each material and energy bin.
The mean LAC is computed from the attenuation histogram based on the normal distribution
after the sample is reconstructed using 360 projections and the simultaneous iterative reconstruc-
tion technique (SIRT).54

3.5 L-Curve

We also investigate the L-curve criteria73,74 on both raw and corrected data. The L-curve criteria
is a plot of the two-norm of maximum gradients, kμλkL∞−VTV [Eq. (17)], as a function of the two-
norm of the corresponding residual vector, kAμλ − pk2 [Eq. (16)], both dependent on the weight-
ing parameter λ. Based on the L-curve, one can find the optimal λ for a regularized reconstruction
without the ground truth image of a sample. The plot is expected ideally to appear L-shaped, and
the λ value corresponding to the point exactly at the knee of the curve represents the optimal λ.
The values on the flat and vertical lines result in over-regularized and under-regularized solu-
tions, respectively. Therefore, we test this tool for the raw and corrected data to explore how the
optimal λ found from the L-curve matches with those from the correlation coefficient tool. We
use a linear-linear scale for plotting the L-curve.74

4 Method to Material Classification

In this section, for the ease of the reader we briefly give a description of the classification
method, the SIMCAD, that we previously presented in detail in Ref. 49. This method estimates
ρe and Zeff parameters of materials from spectral CT measurements.

4.1 Calibration of Parameters in LAC

Based on Eq. (8), LAC of a material m for each energy bin Ek can be represented as

EQ-TARGET;temp:intralink-;e020;116;84μmðEkÞ ¼ ρe;mðZn−1
eff;mpðEkÞ þ cðEkÞÞ; (20)
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where m ¼ 1;2; : : : ;M, k ¼ 1;2; : : : ; K with M and K being the number of reference materials
and energy bins, respectively. pðEkÞ and cðEkÞ denote photoelectric absorption and Compton
scattering basis functions, respectively. The basis functions found through the calibration step are
energy-dependent and remain the same for all samples being scanned.

We also optimize the parameter n together with the basis functions for better estimation of the
material features. To solve Eq. (20), positivity constraints are imposed for all basis functions and
n on the solution, and the nonlinear objective function is constructed as

EQ-TARGET;temp:intralink-;e021;116;651 min
0≤p1;c1;: : : ;pK;cK; n

XM
m¼1

XK
k¼1

ðμmðEkÞ − ρe;mðZn−1
eff;mpk þ ckÞÞ2; (21)

where pk ¼ pðEkÞ and ck ¼ cðEkÞ. Equation (21) is optimized using a nonlinear least square
solver through the trust region method.75 Initial constraints were selected as p0

k ¼ 0.5, c0k ¼ 0.5,
and n0 ¼ 3.6 for all energy bins, k. No particular dependency on the initial constraints was
observed. Note that the calibration step is independently performed for the raw and corrected
data. The formulation of the classification method is compatible with an arbitrary number of
energy bins. We use the reference materials listed in Table 1 to compute the calibration param-
eters (pk; ck, and n) from Eq. (21). The (ρe, Zeff ) values are then calculated based on these
calibration parameters.

4.2 Calculation of Material Properties

We estimate the ρe and Zeff parameters of the test materials using the calibration parameters,
pðEkÞ; cðEkÞ, and n, and the extracted LACs of the test materials μðEkÞ. ForM and K being the
total number of the test materials and energy bins, respectively, Eq. (20) can be reformulated as a
linear system of equations as

EQ-TARGET;temp:intralink-;e022;116;419

0
BBB@

~p ~c
. .
.

~p ~c

1
CCCA

0
BBBBB@

z1
ρe;1
..
.

zM
ρe;M

1
CCCCCA

¼

0
BB@

~μ1
..
.

~μM

1
CCA; (22)

where zm represents a temporary variable added instead of ρe;mZn−1
eff , and ~p ¼ ðp1; : : : ; pKÞT ,

~c ¼ ðc1; : : : ; cKÞT and ~μm ¼ ðμmðE1Þ; : : : ; μmðEKÞÞT . The size of the linear matrix in the above
equation is (M × K)-by-(2 ×M) and the number of unknowns equals 2 ×M. Imposing the
positivity constraint on the solution, we retrieve the vector (z1; ρe;1; : : : ; zM; ρe;M) that mini-
mizes the norm in the linear least square problem. Zeff values of all the test materials are then
obtained by

EQ-TARGET;temp:intralink-;e023;116;255Zeff;m ¼
�

zm
ρe;m

� 1
n−1
: (23)

The classification accuracy is computed based on the percent relative deviation defined as

EQ-TARGET;temp:intralink-;e024;116;196ΔZrel
eff ¼ 100% ·

Zest
eff − Zref

eff

Zref
eff

; (24)

EQ-TARGET;temp:intralink-;e025;116;138Δρrele ¼ 100% ·
ρeste − ρrefe

ρrefe

; (25)

where superscripts est and ref represent the estimated and reference values, respectively. To solve
Eq. (22), we employ the test materials listed in Table 2, for which the classification results are
presented in Secs. 5.1 and 5.2.
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5 Results and Discussions

Note that the classification results presented in Secs. 5.1 and 5.2 were obtained with the total
integration time per projection set to 8 s. This yields an effective frame rate of 80 frames per
projection, as the integration time for each frame is 100 ms. The value of integration time is
mentioned in the other subsections in the results section. The materials within the samples pre-
sented in Figs. 1(a)–1(c) were scanned in groups, while the other materials listed in Tables 1 and
2 were scanned separately.

5.1 Classification Performance with Respect to the Number of Energy Bins

Figures 3(a) and 3(b) present the relative deviations for the raw and corrected data, obtained with
the bi- and 15 energy bins approaches. The shown results for ρe and Zeff computed as a function
of weighting parameter λ were obtained from 12 projections. With the 15 energy bins approach,
the corrected data give the mean relative deviations of 3.4% for ρe and 2.7% for Zeff (at λ ¼ 16),
whereas the raw data result in the deviations of 5.6% and 10.3% (at λ ¼ 4), respectively. Note
that the mean relative deviations correspond to the optimal λ values that provide the maximal
classification performance for both approaches. With the bienergy bins approach, the corrected
data give the mean relative deviations of 2.6% for ρe and 3.9% for Zeff (at λ ¼ 6), while the raw
data yield 8.0% and 12.4% (at λ ¼ 2), respectively. Thus, the raw data give significantly lower
classification accuracy than the corrected data in both approaches. With the corrected data, the 15
energy bins appear to give better classification performance compared with the bienergy bins.
We assume that the classification accuracy could be improved by optimizing the position of the
energy separation gap in the bienergy bins approach. Since it is time-consuming to compute the
reconstructions for a wide range of the materials, gap positions, and weighting parameters, and
the aim of this paper is to present the difference in the classification accuracy between the raw
and corrected data, we only used a single gap position as introduced in Sec. 3.3.

Figure 3(c) shows the classification results obtained with the two noise cases after Gaussian
noise with σ ¼ 0.15was added to all the samples and to all the energy bins. In case 1, the noise is
added to the raw data and the resulting noisy data is not corrected, and in case 2 the noise is
added to the raw data and the resulting noisy data is corrected. Case 1 gives the mean relative
deviations of 6.5% for ρe and 11.1% for Zeff (at λ ¼ 2.0), while case 2 yields those of 3.8% and
4.0% (at λ ¼ 20.0), respectively.

The classification accuracy thus relies on how the measured LAC fits our parameterized LAC
defined in Eq. (20). In previous work, using the bin-by-bin SIRT reconstruction algorithm we
found that the bienergy bins approach significantly deteriorates classification performance for
the raw data.49 Figure 4 presents (ρe, Zeff ) charts of reference and estimated values for the test
materials tabulated in Table 2, obtained with raw and corrected data. The results correspond to
the optimal λ values giving the maximal classification performance with the 15 energy bins
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Fig. 3 The relative deviations as a function of weighting parameter λ for ρe and Z eff, obtained with
the (a) bienergy bins, (b) 15 energy bins, and (c) 15 energy bins for the two noise cases. In the
frame (c), Gaussian noise with σ ¼ 0.15 was added to all the energy bins; in case 1 the noise is
added to the raw data and the resulting noisy data is not corrected, and in case 2 the noise is
added to the raw data and the resulting noisy data are corrected. The image reconstructions were
performed from 12 projections. The graphs show the mean absolute values of relative deviations
for each material listed in Table 2. Note the logarithmic scale in the x -axis.
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approach shown in Fig. 3(b). For the corrected data, the absolute values of relative deviations in
ρe estimation are lower than 4.5% for all the materials, except for nitric acid and aluminum which
have the deviations of –7.0% and –11.2%, respectively. The deviations for Zeff are below 5.0%
for all the materials. We found that excluding flux-dependent widening of the detector’s reso-
lution in the correction algorithm improves the correction at low LACs, and thereby significantly
reduces the large error in the estimation of aluminum’s ρe. We expect that more accurate empiri-
cal measurement of constants in the resolution widening correction part based on laboratory
data would also improve the accuracy for the high density aluminum. The chart shows that for
some materials the relative deviations for the raw data are significantly larger than for the cor-
rected data.

Samples in medical imaging are usually mixtures composed mostly of body tissues with a
much lower concentration of a highly attenuating medium. One example is iodine-based contrast
agents. The intravascular administration of such agents helps improve image contrast of an
explored body region, where the initial atomic number and density of different tissues or organs
are very similar but have a different amount of affinity to the contrast agent. A higher contrast
helps to differentiate and detect abnormalities from contrast enhanced CT images. The spectral
LACs calculated from NIST cross-sections 67 show that pure water and water–iodine mixtures
with iodine concentrations of 5 to 20 mg∕cm3 can be discriminated within the detector’s energy
range and yield the highest contrast at low energies. Therefore, we can expect that such mixtures
can also be discriminated based on Zeff from spectral CT measurements. Support for this expect-
ation can also be found in the literature.76,77
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Fig. 4 Estimates from measurements and reference (ρe, Z eff) charts obtained with the 15 energy
bins approach. (a) The results obtained with the raw data; and (b) an enlarged version of the lower
part of the frame (a) is shown to avoid overlap of the material labels. (c) The results obtained
with the corrected data; and (d) an enlarged version of the lower part of the frame (c) is shown.
The energy-resolved reconstructions were performed from 12 projections and λ ¼ 16.
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5.2 Classification Performance with Respect to the Number of Projections

The classification performance with raw and corrected data has been evaluated for different num-
bers of projections. Using a lower number of projections for image reconstruction will enable
more rapid scanning and lower radiation exposure time. Figure 5 presents the mean relative
deviations for ρe and Zeff as a function of weighting parameters λ, obtained with 360, 36, and
7 projections. The results from the raw and corrected data were computed using 15 energy bins.
Table 3 shows the classification results corresponding to the optimal λ values. For all numbers of
projections, the spectral data correction appears to significantly enhance the estimation accuracy.

Figure 6 illustrates the image reconstructions performed with 360, 36, 12, and 7 projections,
obtained from the corrected data. As expected, the reconstruction quality deteriorates as the
number of projections decreases. Note that the materials in the reconstruction samples were
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Fig. 5 The relative deviations as a function of weighting parameter λ for ρe and Z eff, obtained
with (a) 360, (b) 36, and (c) 7 projections. The graphs show the mean absolute values of relative
deviations for each material listed in Table 2. Note the logarithmic scale in the x -axis.

Table 3 The estimation of the material properties from raw and cor-
rected data for different numbers of projections, reconstructed at the
indicated optimal λ value. See Figs. 3 and 5 for the classification
results from the whole range of λ.

Number of
projections

Raw Corrected

λ Δρrele (%) ΔZ rel
eff (%) λ Δρrele (%) ΔZ rel

eff (%)

360 0.1 5.9 9.9 0.6 3.0 2.8

36 1.2 6.0 9.8 6 3.0 2.7

12 4 5.6 10.3 16 3.4 2.7

7 8 6.4 11.5 30 3.5 2.4

Fig. 6 L∞-VTV reconstructions from (a) 360 (λ ¼ 0.6), (b) 36 (λ ¼ 6), (c) 12 (λ ¼ 8), and (d) 7 pro-
jections (λ ¼ 16) (in the illustration, data from the energy bin at 48.7 keV were used). The weighting
parameter mentioned above is used for each reconstruction shown. The reconstruction sample is
described in Fig. 1(b).
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manually segmented based on the reconstruction from 360 projections to extract LACs. In the
seven-projection case, the image edges of different materials are not preserved, and therefore not
easy to segment. The reconstruction edges of different materials in the 12-projection case are
sharper and allow material segmentation. The reconstructions from 360 and 36 projections show
edges that are more accurate and well-preserved than those from 12 projections. However, the
classification results of 12 projections are comparable to those of 360 and 36 projections. The
weighting parameter λ used for the reconstructions shown in Fig. 6 were chosen based on image
quality perceived by human eyes for illustration and may differ noticeably between different
experimental samples. It is still an unsolved question how to automatically set the optimal λ
for reconstruction and classification. It is expected that L∞-VTV reconstruction algorithm works
for any type of CT data including clinical data with 12 projections.

5.3 Classification with Different Integration Times

To test performance of the spectral correction for data with different radiation dose levels, the
sample illustrated in Fig. 1(d) was scanned with different integration times of the detector and
thus different dose levels. Figure 7 shows the correlation coefficients and L-curves with respect
to λ, obtained with the raw and corrected data for 10 and 2 ms. The results in this section were
obtained using 12 projections and 15 energy bins. Even though the raw data leads to significant
deviations in the LACs as shown in Fig. 2, the raw and corrected data present similar correlation
coefficients, i.e., similar reconstruction quality. The case of 10 ms shows that both the raw and
corrected data have good agreement between the λ value found from the corner of the L-curve

Fig. 7 Correlation coefficients as a function of weighting parameter λ (left column) and L-curves
(right column) for the raw and corrected data, obtained from the integration times of (a), (b) 10 ms
and (c), (d) 2 ms. The sample shown in Fig. 1(d) was employed to reproduce these results. The
correlation coefficients represent the mean values calculated from the coefficients for 15 energy
bins used. Note the logarithmic scale in the x -axis for correlation coefficients.
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and the value giving the maximum correlation coefficient. It can be seen from the plots that both
the raw and corrected data in the case of 2 ms yield L-curves with less sharp corners compared to
those obtained using 10 ms. However, the raw data present slightly less deflection of the curve
from the vertical position than the corrected data.

Figure 8 presents the relative deviations for ρe and Zeff as a function of λ, obtained with the
total integration times per projection: 100, 10, and 2 ms. The calibration parameters used for (ρe,
Zeff ) calculation were computed using the reference materials listed in Table 1. Table 4 tabulates
the deviations corresponding to the optimal λ values. The corrected data have significantly higher
accuracy of Zeff estimation than the raw data for all the integration times. When the integration
time is equal to 2 ms, the raw data result in deviations higher than 11% for both Zeff and ρe, while
the corrected data yield deviations higher than 9% for ρe and lower than 2% for Zeff. The cor-
rected data show that even though the deviations in Zeff estimation for 2 ms appear to be lower
than those for 10 ms, the former case with increased deviations in ρe estimation gives lower
overall classification performance than the latter, as expected. Moreover, the corrected data
exhibit more stable deviations over the range of λ values than the raw data for all the integration
times. Thus, the correction algorithm can significantly increase the accuracy of Zeff estimation
and provide better robustness when the radiation dose levels are low.

5.4 Artificial Noise in Specific Energy Bins

The aim of the joint reconstruction is to correlate intensity shifts across the spectral dimensions
such that noise in one energy bin blurring a specific edge is corrected by the information in the
other bins of the same edge. Note that the term “edges” refers to sharp discontinuities separating
different homogeneous regions in the image reconstruction. The joint reconstruction encourages
the images in multiple energy bins to more efficiently preserve the edges. The correction algo-
rithm redistributes intensity between energy bins based on the detector response and noise in one

Table 4 The estimation of the material’s features from the raw and
corrected data for different integration times, corresponding to the
optimal λ values. The results from the whole range of λ are presented
in Fig. 8.

Integration
time ðmsÞ

Raw Corrected

λ Δρrele (%) ΔZ rel
eff (%) λ Δρrele (%) ΔZ rel

eff (%)

100 200 2.6 4.8 16 3.2 1.6

10 4 3.3 4.8 6 4.9 2.5

2 100 12.1 11.8 1.2 9.4 1.1
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Fig. 8 The relative deviations as a function of weighting parameter λ for ρe and Z eff, obtained with
different integration times of (a) 100 ms, (b) 10 ms, and (c) 2 ms. The graphs show the mean
absolute values of relative deviations for each material within the sample illustrated in Fig. 1(d).
Note the logarithmic scale in the x -axis.
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bin is thus distributed across the spectrum. We aimed to check the robustness of the combined
workflow of spectral correction and reconstruction to this type of noise in certain energies.
Therefore, Gaussian noise with a standard deviation (σ) of 1.5 was introduced to the 11 energy
bins distributed uniformly between 33.2 and 132.2 keV. The sample used in this section is dem-
onstrated in Fig. 1(d). This sample was scanned with the total integration time per projection of
100 ms. We investigated three different cases: the raw data are corrected without adding noise
(corrected, no noise), noise is added to the raw data and the resulting data are not corrected
(raw with noise), and noise is added to the raw data and then the resulting data are corrected
(corrected after noise). Figure 9 shows energy-resolved LACs extracted from an aluminum seg-
ment for each case. The correction algorithm appears to largely overcome such unexpected high
noise except it shows some decrease in spectral LAC at low energies.

10-1 100 101
0.8

0.85

0.9

0.95

(a)

40 60 80 100 120

0.86

0.88
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0.92

0.94

0.96

0.98

(b)

Fig. 10 Correlation coefficient as a function of (a) weighting parameter λ and (b) the photon energy
between the low and high energy thresholds, obtained from the different noise cases introduced in
Fig. 9. The correlation coefficients in the left frame represent the mean values calculated from the
coefficients for the 96 energy bins. For each noise case, the correlation coefficient in the right
frame corresponds to the optimal λ that gives the maximal correlation coefficient presented in the
left frame. The sample shown in Fig. 1(d) was used to obtain these results. Note the logarithmic
scale of the x -axis for correlation coefficients in the left frame.
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Fig. 9 Spectral LAC for aluminum obtained with three different noise cases after Gaussian noise
with σ ¼ 1.5 was added to 11 energy bins evenly distributed between the low and high energy
thresholds; in case 1 the data are corrected without adding the noise, in case 2 the noise is added
to the raw data and the resulting noisy data are not corrected, and in case 3 the noise is added to
the raw data and the resulting noisy data are corrected. The reference LACs were obtained from
NIST cross-sections. 67 The spectral LACs for each noise case were reconstructed with the opti-
mal λ that gives the maximal correlation coefficient presented in Fig. 10(a). The sample shown in
Fig. 1(d) was used to obtain these results.
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Figure 10(a) presents correlation coefficients r for the above cases as a function of λ. The
correction without adding noise gives r ¼ 0.97 (at λ ¼ 1.6). The noisy raw data without the
correction give r ¼ 0.91 (at λ ¼ 0.6), whereas the correction of the noisy raw data gives r ¼
0.95 (at λ ¼ 0.6). When the noise is added to the raw data in both cases, the reconstruction
algorithm uses lower λ values to impose more regularization. Figure 10(b) shows correlation
coefficients r for these cases as a function of photon energy. The correction after adding such
noise significantly compensates for the affected energy bins with the noise, however, the cor-
relation coefficients become lower compared with those in the case when the correction is
applied to the raw data without added noise. The affected bins are clearly visible with sharp
drops in the correlation coefficients when the raw data with the noise are not corrected.
Thus, the robustness to such noise levels shows the significance of the correction and joint recon-
struction, as it gives a noticeable reconstruction quality enhancement.

6 Conclusion

We have explored the influence of spectral distortion correction of a PCD on energy-resolved
LACs, the correlation coefficient, and the L-curve criterion, and more importantly on material
classification, using experimental data acquired with laboratory spectral CT. The correction algo-
rithm corrects for the spectral distortions in the measured flat-field and attenuated x-ray spectra
based on semianalytical models of the various detector effects, and thereby largely recovers the
original spectrum. The classification performance with and without the spectral correction was
estimated through system-independent material properties such as ρe and Zeff . For material clas-
sification, we investigated the influence of spectral correction both for high resolution spectral
reconstruction where the number of bins exceeds the energy resolution of the detector and for
computational efficient binning of the spectral dimension into the low- and high-energy bins. In
both approaches, we found that the correction algorithm can significantly increase classification
performance as it qualitatively enhances the low-energy part of the LAC with respect to theo-
retical values. The classification performances of the raw and corrected data have been tested on
different numbers of projections and different integration times of the detector.

The correlation coefficient was employed to assess reconstruction quality. We have found
that at low integration times reconstructions from raw and corrected data result in similar cor-
relation coefficients and L-curve features. Noise introduced to certain energy bins deteriorates
reconstruction quality more for raw data than for data corrected after the noise is added. The
correction algorithm thus shows robustness to noise in specific energy bins in terms of correcting
the detector response. We show that classification relies on an accurate and reproducible attenu-
ation signature and a high quality of classification is useful for medical applications to differ-
entiate tissues with little contrast separation and security applications where restricted materials
closely resemble common luggage items. Since the spectral correction of the detector response
could easily be implemented for other types of photon counting detectors, results similar to what
is obtained in this study can be expected when the correction algorithm is used for other photon-
counting applications and set-ups.

Disclosures

No conflicts of interest are declared by the authors.

Acknowledgments

This project has received funding from the European Union Horizon 2020 research and inno-
vation programme under the Marie Sklodowska-Curie Grant Agreement No. 765604 as part of
the MUltiscale, Multimodal, and Multidimensional imaging for EngineeRING project78 and
from the EIC FTI program (project 853720). The authors want to acknowledge also the 3D
Imaging Center at DTU, where the experiments have been conducted. Preliminary results of this
work have been presented at the SPIE Optics + Optoelectronics Conference on Quantum Optics
and Photon Counting (2021) and published in the conference proceedings.79

Jumanazarov et al.: Significance of the spectral correction of photon counting detector response. . .

Journal of Medical Imaging 034504-20 May∕Jun 2022 • Vol. 9(3)

Downloaded From: https://www.spiedigitallibrary.org/journals/Journal-of-Medical-Imaging on 04 Jul 2022
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



Data and Code Availability

The raw and corrected data used to achieve the presented results are available to download from
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