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Abstract

Spectral information in CT maybe used for material decomposition to produce accurate
reconstructions of material density and to separate materials with similar overall attenuation.
Traditional methods separate the reconstruction and decomposition steps, often resulting in
undesirable trade-offs (e.g. sampling constraints, a simplified spectral model). In this work, we
present a model-based material decomposition algorithm which performs the reconstruction and
decomposition simultaneously using a multienergy forward model. In a kV-switching simulation
study, the presented method is capable of reconstructing iodine at 0.5 mg ml~1 with a contrast-to-
noise ratio greater than two, as compared to 3.0 mg ml~1 for image domain decomposition. The
presented method also enables novel acquisition methods, which was demonstrated in this work
with a combined kV-switching/split-filter acquisition explored in simulation and physical test
bench studies. This novel design used four spectral channels to decompose three materials: water,
iodine, and gadolinium. In simulation, the presented method accurately reconstructed
concentration value estimates with RMSE values of 4.86 mg ml~1 for water, 0.108 mg mlI~1 for
iodine and 0.170 mg ml~1 for gadolinium. In test-bench data, the RMSE values were 134 mg ml
~15.26 mg mI~1 and 1.85 mg mlI~1, respectively. These studies demonstrate the ability of model-
based material decomposition to produce accurate concentration estimates in challenging spatial/
spectral sampling acquisitions.
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1. Introduction

Spectral CT has found clinical application in a number of imaging scenarios, including
contrast enhanced applications such as anthrography (Chai et a/2014, Zbijewski et a/ 2014),
angiography (Tran et a/2009), and lung ventilation (Chae et a/2008),as well as urinary
stone classification (Stolzmann et a/2010) and bone marrow lesion detection (Pache et a/
2010). Spectral CT permits separation of different materials (material decomposition) which
may have similar attenuation values by exploiting differences in their spectral properties. For
example, while iodinated contrast agents and calcified plaques can appear similar in
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traditional CT angiography, they can be distinguished in spectral CT (Tran ef a/2009).
Additionally, material decomposition results in density estimates for each material, as
compared to overall attenuation in traditional CT, which are often more physiologically
relevant than attenuation—e.g. in bone mineral density studies (Cann 1988). Finally, spectral
CT facilitates reduction of beam hardening artifacts, which are caused by monoenergetic
model assumptions in traditional CT.

Material decomposition utilizes multiple types, or channels, of measurements with different
spectral properties. Such channels can be obtained in many ways. Strategies include multiple
energy bins in photon counting detectors (Wang et a/2011) and data acquired with different
incident x-ray spectra, either via different tube voltages (Grasruck ef a/2009, Huh et a/
2009, Xu et al2009) or differential filtering (Ritchings and Pullan 1979, Rutt and Fenster
1980, Taschereau et a/ 2009, Long et a/2011). Combining this multi-channel data with
knowledge of the x-ray spectra and the attenuation properties of the materials being imaged
enables reconstruction of individual material density images.

Traditionally, material decomposition is performed separately from the reconstruction. In
projection domain decomposition (PDD) (Alvarez and Macovski 1976) material specific line
integrals are estimated from the measurements using a polyenergetic forward model.
Because this is done independently for each integration path (i.e. each ‘ray’ through the
object from source to detector), this method requires multiple channels for each ray. In other
words, the different energy channels need to be geometrically matched so they correspond to
the same integration paths through the object. This is the case in photon counting detectors,
where each detector element has multiple energy bins. However, other approaches may not
meet this criteria—e.g. kV switching (Huh ef a/2009)—or only meet this criteria after re-
binning—e.g. split filter with sufficient sampling (Rutt and Fenster 1980). In image domain
decomposition (IDD), the spectral channels are reconstructed independently, and material
density images are estimated from the reconstructions (Brooks 1977, Goodsitt ef a/ 1987,
Maal} et a/2009). The IDD method is capable of using unmatched measurements, but
because the channels are reconstructed separately, each channel needs sufficient sampling.
Additionally, IDD may require separate correction for spectral effects such as beam-
hardening (Joseph and Spital 1978).

Model-based material decomposition (MBMD) techniques perform the decomposition and
the reconstruction simultaneously. MBMD is a form of model-based iterative reconstruction
(MBIR), which minimizes an objective function derived from a physical and statistical
model of the measurement process. MBMD includes a polyenergetic forward model which
relates material densities to the measurement data, allowing direct estimation of the material
image volumes. Such a direct approach has many advantages as compared to traditional
methods. MBMD does not require matched data as in PDD, and does not necessarily require
each channel to be sufficiently sampled as in IDD (because the densities are reconstructed
from all channels simultaneously). Because MBMD uses a polyenergetic forward model,
beam hardening effects can be eliminated (in contrast to traditional IDD, where removing
beam-hardening artifacts requires a pre-correction). Lastly, regularization in MBMD acts
jointly on both the decomposition and reconstruction, as opposed to traditional methods
which either only regularize the reconstruction (potentially resulting in noisy
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decomposition) or require separate regularization for each step (increasing the number of
free parameters). Multiple MBMD methods have been developed (Huh et a/2009, Long et a/
2011, Long and Fessler 2014, Barber ef a/ 2016, Weidinger ef a/ 2016, Chen et al 2017,
Mechlem et a/ 2017, Shen et a/ 2018b). Additionally, Zhang et a/ (2014) have developed a
hybrid approach, in which the noise properties of the initial PDD (e.g. correlation between
material line integrals) are modeled in the subsequent MBIR reconstruction.

In Tilley et al (2017a) we presented a MBIR method with a general nonlinear forward model
and Gaussian noise model, which is capable of modeling a wide range of physical effects.
The objective function is minimized using an optimization transfer approach with optional
ordered subsets (Hudson and Larkin 1994) and momentum acceleration (Nesterov 2005,
Kim et a/2015). We have used this method to model shift-invariant scintillator and focal
spot blur (Tilley et al 2017a) shift-variant focal spot blur (Tilley ef a/2017b), gantry motion,
and detector lag (Tilley ef a/2018a). The mathematical model used in these studies is
sufficiently general to accommodate a polyenergetic forward model, and can therefore be
used for MBMD. Because this MBMD approach has the same general forward model, it
uses the existing optimization algorithm derived in Tilley et a/(2017a). This approach differs
from the aforementioned MBMD methods in that it is the only penalized weighted least-
squares MBMD method (Gaussian noise model) utilizing optimization transfer and
operating on pre-log data. Preliminary studies demonstrated using this method for material
decomposition using unmatched measurement data to decompose water and calcium or
K,HPO, (a bone mimicking compound (Goodsitt ef a/1987)) in both simulation and bench
studies with kV switching (Tilley ef a/2018b). This method was also applied in initial
investigations of a novel, simulated system using tiled spectral filters capable of an arbitrary
number of spectral channels (Stayman and Tilley 2018).

In this work we provide an in-depth description on how to apply the general MBIR method
in Tilley et a/ (2017a) to material decomposition, resulting in the proposed MBMD method.
We compare this MBMD method to IDD in a simulated cone-beam CT (CBCT) kV-
switching scenario with water-iodine decomposition, focusing on the sensitivity of each
method to iodine concentration. (While this work uses CBCT systems, all reconstructions
are at or near the central plane, so cone beam artifacts are minimal.) Additionally, we use
MBMD to decompose water, iodine, and gadolinium in both a CBCT simulation study and
in a CBCT test bench study with a unique acquisition protocol: combining a split filter with
kV-switching to obtain four spectral channels.

Methods

Reconstruction algorithm

All MBIR methods generally consist of a forward model, which is a mathematical
description of the measurement process and associated statistical properties, and a
corresponding objective function, which is a goodness-of-fit measure between the
measurements and an image volume estimate. The reconstruction process seeks to find an
optimal volume estimate for this objective function. In this section we summarize the
general MBIR approach described in Tilley ef a/ (2017a) and develop a MBMD forward
model that fits this framework. Throughout this paper, matrices are denoted in upright bold
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uppercase, and vectors in italic bold lowercase. Elements of matrices and vectors are
indicated by corresponding non-bold variables with subscripts. For example, Ajj is the
element at the ith row and jth column of matrix A. Additionally, the exponential function is
always applied element-wise.

In Tilley et a/(2017a), we presented a general algorithm for image estimation with the
following forward model:

y=Bexp(-Mx) (14

y~H(y.K) (1H

where y denotes a vector of measurements and x is the (image) vector to be estimated.
Measurements (y) are modeled as a multivariate Gaussian random variable with mean yand
covariance matrix K. The matrices B and M are arbitrary (with the condition that the sum of
each row of BTK™1B is non-negative and all elements of M are non-negative) and maybe
chosen to model different physical aspects of the measurement process. The corresponding
penalized weighted least-squares objective function is

w = [y — Bexp(-Mx)]"K™ [y — Bexp(-Mx)] + R(x)  (2)

where R (X) is a regularizer (e.g. a roughness penalty). The algorithm in Tilley et a/ (2017a)
(pseudocode below in algorithm 1) minimizes this objective function using separable
surrogates. The approach has options to use tomography-specific enhancements like ordered
subsets (Hudson and Larkin 1994) as well as more general methods like momentum-based
acceleration (Nesterov 2005, Kim ef a/ 2015) to improve the convergence rate.
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Algorithm 1. Reconstruction algorithm. Element-wise vector multiplication is indicate with (). Ordered subsets and momentum

acceleration are omitted .
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The forward model in (1) may be used to model a wide range of physical effects. For
example, if x denotes a typical vector of attenuation values, M is the system matrix, and B is
a diagonal matrix (e.g. which multiplies each measurement by a gain associated with the
photon flux), then one obtains a traditional monoenergetic forward model for computed
tomography. A more sophisticated forward model can use a modified B to model focal spot
blur and scintillator blur (Tilley ef a/2017a). Moreover, both B and M may be modified to
model shift-variant focal spot blur using a sourcelets model, or gantry motion using angular
oversampling (Tilley et a/2018a). In this paper we leverage the same mathematical
framework to perform simultaneous reconstruction and material decomposition by
incorporating a spectral model into (14).

To accommodate the MBMD objective, one must relate densities of specific materials to the
tomographic measurements. Moreover, since material decomposition relies on energy-
dependent attenuation differences between materials, the forward model must encompass the
polyenergetic nature of the measurement process and the mechanisms of spectral
discrimination. Towards this end, we define the following data model. For simplicity, we
present the mean model in terms of an individual measurement, y;:
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f SO(Eyexp|— Z ﬂ(m)(E)ZA p(’") dE. (3)

m=1

This forward model presumes the object is composed of N, basis materials. For each
material (m), a (image volume) vector of material density values (p(’”)) is forward projected

using a system matrix (A). For each energy (£), line integrals for that basis material are
multiplied by the material-specific mass attenuation coefficient (/A7) (£)) to obtain material-
and energy-dependent line integrals. After summing over basis materials, Beer’s law is
applied to the energy-dependent line integrals, and the result is scaled by the energy-
dependent system response (S(£)). The expected value of each measurement is obtained
by integrating over energy. The system response is a general function that permits modeling
of both source spectra (including filtration) as well as detector response. Note that SU(£) is
also indexed by the measurement (/), which allows modeling of a wide variety of spectral
CT strategies including multiple spectral filters, view-dependent energies (e.g. kV
switching), and energy-discriminating detector bins. The number of spectral channels of an
acquisition is the number of unique normalized spectral responses. For example, in a simple
kV-switching acquisition, all the S for even numbered projections would be equal, and
likewise for odd numbered projections, resulting in two spectral channels. All of the
pertinent variables of this forward model are summarized in table 1. In this paper we adopt a
version of (3) that is discretized in energy:

N
(l) (m) (m)
kzl S AEexp Z Z A; P @)
= m=

where Neis the number of energy bins and A£'is the width of each bin (in this work 1 kV).
One may also scale by mass attenuation coefficients and sum over materials prior to the
forward projection, but this would result in A, forward projections as opposed to N,y
forward projections. In this work A/eis much larger than A/, so performing projection
operations first is more efficient.

Equation (4) can be written in the form of (1a), permitting use of the previously developed
MBIR algorithm. Denoting 1() as an 7 x nidentity matrix, we may write the terms in (1a)
as

0]

(V)

p
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W(E )I(N ) ﬂ(N m)( EI)I(N )

A 0
M= (6)

0 A

(e E)I(Nl) M(Nm)( ENE)I(N,)

S(E.1) 0 0 S(ENE, 1) 0 0
B = AE 0 0 0 0 @)
0 0 S(E-N,) 0 0 S(ENE Nl)

The outputs of the MBMD algorithm with these substitutions are images of the local density
of each base material (p"), as opposed to images of attenuation values as in traditional

methods. While some multienergy methods produce images of attenuation values at different
energies (e.g. monoenergetic reconstructions), the MBMD approach estimates material
density values directly.

Note that explicit formation of these matrices is not required, nor desirable for
implementation due to their size. For computational implementation, a functional approach
is adopted—computing the result of each matrix multiplication without explicitly creating
the matrix. For example, to apply B, each element of the input is scaled by the appropriate
term in S, and then the result is summed over energy.

Though the noise model is general, in this work, we presume uncorrelated measurement
noise such that

K =D{y} + I(N")afo 8)

where D {-} forms a diagonal matrix with its argument on the diagonal, and o, is the
equivalent readout noise standard deviation in photons. In order to utilize existing penalty
functions, the penalty is applied separately for each material density image

N

R@) = Y AR (57) 9)

where A is the penalty strength for material /77 and Ry is a penalty function for an
individual material density image.
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Image domain decomposition

We used the following IDD approach for comparison with MBMD. Each energy channel is
reconstructed with standard MBIR with system matrix M = A and a simple B = D {/y} that
accommodates a gain due to photon flux (I photons per pixel). These assumptions are
typical for MBIR, and implicitly assume a monoenergetic spectrum. IDD is then applied to
these reconstructions. Traditionally, IDD is applied to analytical reconstructions (e.g. FDK).
However, in this work MBIR is used as a more fair comparison to MBMD. A comparison
between different reconstruction methods with IDD can be found in Zbijewski ef a/ (2014).
We used the following model for each voxel in the reconstructions of N spectral channels:

r=Ut (10)

where U is a NV, x N, matrix of effective attenuation values, r is a NV, x 1 vector of voxel
attenuation values from each spectral channel reconstruction, and < is a N, X 1 vector of
material densities for that voxel. (In this work only two materials were estimated using IDD
from two spectral channels, so there was no need to incorporate a volume constraint.) Each
effective attenuation value is defined as the average mass attenuation value weighted by
energy (Brooks 1977)

N
0 = ZkES(C)(Ek)/‘(m)(Ek) (11)

N
2, S AEY

cm

where 5@ is the system spectral response of channel c. The normal equations are used to
find a least squares estimate for ¢

7= [fJTﬁ]_lﬁTr. (12)

This estimation process is applied to each voxel separately.

lodine sensitivity simulation study

We compared the sensitivity of IDD and MBMD to iodine concentration using the digital
phantom in figure 1. Data were generated using a k\V-switching scheme (Zou and Silver
2008, Grasruck et al 2009, Huh et a/ 2009, Xu et a/ 2009) with 80 kVp and 140 kVp spectra
alternating every frame. This experiment investigates whether MBMD offers improvements
over traditional methods with standard acquisition schemes.

The phantom was created with 0.25 mm x 0.25 mm voxels. Data were generated according
to (14) with a 60 cm source-to-isocenter distance, a 120 cm source-to-detector distance, a
0.278 mm pixel pitch and 360 projections in 1° increments. The data were binned to 0.556
mm pixels to model nonlinear partial volume effects. The bare-beam intensity was 104
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photons/pixel after binning. Lastly, Poisson noise and readout noise (oy, = 7.109 photons/
pixel) were added to the data.

Mass attenuation coefficients were obtained from NIST (Hubbell and Seltzer 2004), and
emitted x-ray spectra were calculated using Spektr (Punnoose et a/ 2016) with an inherent
filtration of 1.6 mm of aluminum. Mass attenuation curves were interpolated to match the
energy sampling of the spectra (one sample per kV from 5 kV to 140kV). Emitted spectra
had peak kVs of 80 and 140 and were modified by filtration with 2.0 mm of aluminum and
0.2 mm of copper. PeakkV was switched every projection (1°). The Csl scintillator in the
indirect detector was modeled with 0.6 mm thickness.

Data were reconstructed with both MBMD and MBIR with the monoenergetic model (for
IDD) with 0.5 mm x 0.5 mm voxels, 2000 iterations, nine ordered subsets, and momentum-
based acceleration (Nesterov 2005, Kim ef a/ 2015). Monoenergetic MBIR for IDD was
initialized with a FDK reconstruction (Feldkamp et a/1984). MBMD reconstructions also
used a FDK reconstruction, which was segmented to determine the support of the object.
The support was assumed to be uniformly water with constant density. MBMD was
initialized with this water-only image. (Even though FDK may have cone beam artifacts, it’s
still a reasonable initializer for MBIR, providing a computationally fast estimate whose
artifacts are (generally) resolved with MBIR.)

A quadratic regularizer was used for all reconstructions. Specifically,

Rp(x)zéz Y (i-x)f @)

i jG./Vl.

where A is the set of the indices corresponding to the six nearest neighbors (four nearest
neighbors in 2D) of the voxel at index 7 Both IDD and MBMD require two regularization
strengths (either for each energy reconstruction or for each material density image,
respectively). A two-dimensional sweep was performed for each method, and the optimal
reconstruction was determined as the one with the minimum root mean squared error
(RMSE) over the entire reconstruction (x in (14)). The CNR for each ROI from these
optimal reconstructions was calculated as the average value in the ROI divided by the
standard deviation in the center of the image (ROI locations are indicated in figure 1). CNR
values were compared to evaluate the sensitivity of each method to iodine concentration.

2.4. Kilovolt-switching with split-filtration simulation studies

We evaluate the application of this MBMD approach in another simulated spectral CT
scenario that uses a combination of kV-switching and split-filters to obtain different spectral
channels (illustrated in figure 2). Kilovolt-switching (Zou and Silver 2008, Grasruck et a/
2009, Huh et a/ 2009,Xu et a/ 2009) and split-filters (Rutt and Fenster 1980, Euler et a/
2016, Fung et a/2016) maybe used to acquire multiple channels of spectral data by altering
the incident spectra temporally or spatial, respectively. Each technique presents different
sampling trade-offs, either reducing angular sampling (kV-switching) or spatial sampling
(split-filters). Both techniques result in non-coincident rays, precluding PDD (without
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interpolation/re-binning). By combining both techniques, both the number of spectral
channels and the sampling challenges are compounded, providing a unique scenario with
which to evaluate the MBMD method.

Two filters and two kVp settings were used to produce four spectral channels, from which
three basis materials were reconstructed. Data were generated as in the previous study, but
used a different, three-material phantom (figure 3) and the additional split filter. The
phantom contains ROIs with different concentrations and mixtures of iodine and
gadolinium. Half of the beam was filtered with 0.25 mm of erbium, and the other half was
filtered with 0.254 mm of silver. The spectra were normalized such that the bare beam
intensity after the erbium filter was 5 x 10° photons/pixel (2.5 x 10°photons/pixel bare beam
before binning). Mass attenuation curves for the different materials and spectral responses
for each channel are shown in figure 4.

Data were reconstructed using MBMD as in the previous study. However, simplifying
assumptions were made to avoid a three-dimensional parameter sweep in penalty strengths.
Specifically the ratio of regularization strength for each material image (4™ in (9)) to the
regularization strength for the water image was set to the (approximate) ratio of the density
of water to the maximum density of that material: 100 for iodine and 200 for gadolinium.
For example, if the regularization strength for water was 103, it was 10° for iodine and 2 x
10° for gadolinium. Therefore, the reconstruction method had only one degree of freedom,
which was varied to select a reconstruction with an acceptable level of noise.
Reconstructions were initialized as in the previous study.

2.5. Kilovolt-switching with split filtration physical test bench studies

The proposed MBMD algorithm was also evaluated in physical data. Specifically, we
conducted spectral CT data acquisitions using a CBCT test bench emulating a setup similar
to the kV-switching/split-filter simulation study. The phantom (figure 5) consisted of four
vials of different mixtures of iodine (0 mg mI~1-75 mg ml~1) and gadolinium (Omg ml
~1-20mg ml~1). lodine and gadolinium solutions were obtained by diluting Omnipaque (300
mg ml~1 iodine, GE Healthcare, Chicago, IL.) and Magnevist (469.01 mg ml~1
gadopentetate dimeglumine, Bayer, Leverkusen, Germany), respectively. The vials were
placed in a 10 cm plastic cylinder. Data were acquired with a Varian (Salt Lake City, UT)
PaxScan 4343CB detector (0.278 mm pixel pitch, 0.6 mm Csl scintillator), 120 cm source-
to-detector distance, and 72.7 cm source-to-axis distance. The x-ray beam was filtered with
0.25 mm erbium and 0.254 mm silver, at both 80 kVp and 130 kVp. These four data sets
were acquired separately, and then combined in post-processing to emulate the kV-
switching/split-filter protocol. The data were reconstructed as in the previous study, using a
quadratic penalty and the same material penalty strength ratios. The reconstructions were
initialized with a segmented FDK reconstruction as in the previous studies. Readout noise
was estimated from dark scans for each channel and averaged. Data were reconstructed at
multiple penalty strengths, and a reconstruction with an acceptable noise level was chosen
for further analysis.

We developed a spectral response model of the test bench by fitting to the transmissivity of
each vial from the phantom in figure 5. Specifically, we obtained projections of the vials
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(without the plastic cylinder) arranged such that each ray only passed through one vial. We
used spectra from Spektr modified with aluminum, copper, tungsten, and glass filters. CMA-
ES (Hansen and Ostermeier 2001) was used to estimate the thicknesses of these filters by
matching simulated transmissivities with physical transmissivities through the center of each
vial.

3. Results
3.1. lodine sensitivity simulation study

A two-dimensional penalty-strength sweep was performed for each reconstruction method to
find the optimal reconstruction (in terms of RMSE) and examine the relationship between
penalty strengths. The RMSEs for each method are shown in figure 6. For IDD, the penalty
strengths resulting in the lowest RMSE were 106 for the 80 kVp channel and 10° for the 140
kVp channel (indicated by the star in figure 6(a)). For MBMD, to optimal penalty strengths
were 108 for the water image and 1012 for the iodine image.

Figure 6(a) has a line of low RMSE values along the diagonal, indicating that the two
penalty strengths should be equal for IDD in this scenario. In MBMD the optimal iodine
image penalty strength is 10 times the water image penalty strength. This is the ratio of the
density of water to the density of iodine in the lowest concentration ROI. Because the
density of the water image is much greater than the densities in the iodine image, changing
the water image penalty strength has a more dramatic effect on RMSE than changing the
iodine penalty strength by the same amount.

Figure 7 shows the minimum RMSE reconstructions for each method. The IDD
reconstructions contain more noise than the MBMD reconstructions. The noise difference
may be explained by the fact that MBMD regularizes the material density images (the values
of interest), while IDD regularizes the intermediate individual-channel attenuation images,
prior to an unregularized decomposition step which can amplify noise in the density
estimates. Low concentration regions are more discernible in the MBMD reconstruction,
although concentrations below 0.5 mg ml~1 cannot be visualized with either reconstruction
method. Differences between the MBMD and IDD reconstructions also include the presence
of aring in the MBMD iodine image and biases in the MBMD water image at the high
iodine concentration ROIs. These differences are likely due to the quadratic penalty
smoothing objects in one material image, and the MBMD algorithm compensating by
changing the density of the other material at that location. For example, the smoothed edge
in the water image results in less overall attenuation due to water, which is compensated for
with the ring in the iodine image.

The CNR values in each ROI are plotted in figure 8. MBMD has higher CNR at all
concentrations. If we define a detectable concentration as having a CNR of at least two
(indicated by the black line), then MBMD is sensitive to iodine concentrations as low as 0.5
mg mi~1, while IDD is only sensitive to concentrations as low as 3 mg ml-1. This result is
specific to comparing the minimum RMSE reconstructions, and choosing the
reconstructions from each method using a different metric might improve the relative
performance of IDD. For example, noise-matching the reconstructions would likely increase
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IDD CNR relative to MBMD but reduce resolution. We chose minimum RMSE because it
captures both resolution and noise effects and is straightforward to apply to the two-
dimensional parameter sweeps.

3.2. Kilovolt-switching with split-filtration simulation studies

The reconstruction from the kV-switching/split-filter simulation study is shown in figure 9.
The reconstruction appears similar to the true phantom in figure 3, with accurate relative
iodine and gadolinium concentration estimates. The gadolinium image contains a ring at the
edge of the phantom as in the iodine image in the previous study.

Estimated concentration values are presented in figure 10. These estimates are fairly
accurate, although gadolinium is slightly underestimated and water is slightly overestimated.
RMSE concentration values for each material are 4.86 mg ml=1,0.108 mg ml~1 and 0.170
mg ml~1 for water, iodine and gadolinium, respectively.

3.3. Kilovolt-switching with split filtration physical test bench studies

Figure 11 shows the reconstruction for the physical iodine/gadolinium phantom in figure 5.
The results are similar to the simulation study results, although the gadolinium image
contains strong ring artifacts around ROIs 1 and 3, and does not contain a ring artifact at the
boundary of the phantom.

The concentration values from the physical phantom reconstruction are shown in figure 12.
lodine and gadolinium concentration values are slightly underestimated while water
concentration is slightly overestimated, although the relative concentrations among ROls for
each material is preserved. The RMSE for each material is 134 mg ml~1, 5.26 mg mI~1 and
1.85 mg mlI~1 for water, iodine and gadolinium, respectively.

4. Discussion

With a conventional kV-switching acquisition protocol, MBMD maintained a CNR greater
than two down to the relatively low concentration of 0.5 mg ml~1 of iodine. This was more
sensitive than a traditional IDD method, indicating that MBMD is a suitable candidate for
traditional acquisition schemes. However, we note that IDD may potentially be improved by
using different effective attenuation values in (12), a non-negativity constraint, beam
hardening pre-correction, and/or a nonlinear decomposition (Coleman and Sinclair 1985,
Maal} et a/ 2009). Common IDD techniques include preprocessing projection data to correct
for beam hardening (Maaf3 et a/2009), and using effective attenuation coefficients obtained
with a calibration step, which can also mitigate beam hardening effects (Le and Molloi
2011). In physical systems, both MBMD and IDD may be improved with a more accurate
spectral model. In this work we proposed a simple spectral calibration procedure using
transmissivity measurements of the base materials to estimate effective filtration of the x-ray
system. MBMD achieved satisfactory decomposition accuracy of K-edge contrast materials
(iodine and gadolinium) and water with the resulting spectral model. However, errors in the
spectral model lead to biases in the material decompositions, with larger biases occurring in
harder decomposition problems. Future work will explore more sophisticated modeling and
calibration methods to improve decomposition accuracy (Sidky et a/2005).
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MBMD produced accurate concentration estimates using a unique acquisition protocol
combining kV-switching and split-filtration. This suggests that MBMD may be used with
other non-traditional acquisition protocols such as unconventional filtration (Yu et a/2016,
Xi et al 2017, Stayman and Tilley 2018), multiple limited angle scans (Chen et a/2017) and
systems with multiple axially oriented x-ray sources (Gang et a/ 2018). Related work has
applied the MBMD approach to kV-switching (Tilley et a/2018b) and x-ray beam spectral
filtering (Stayman and Tilley 2018) scenarios. These studies further support the robustness
of this approach, demonstrating its application in additional acquisition strategies. All of
these methods preclude the use of PDD due to unmatched measurement data (although in
specific scenarios matched data may be acquired via re-binning). Similarly, IDD may be
infeasible for these methods depending on the sampling of each channel. For example,
reconstructing multiple limited angle scans separately would result in artifacts if the rotation
angle of each scan were less than 180° plus the fan angle. Furthermore, MBMD may enable
new acquisition protocols that are impractical with traditional methods. Applying MBMD to
more unique acquisition protocols is a focus of future work.

Another future consideration is regularization design and strength. Because the search space
is large, we may require better techniques to select regularization strengths, or relative
regularization strengths, a priori (similar to the work by Zhang et a/ (2017) in prior image
reconstruction). Regularization type is also likely to be important in future applications. For
example, the ring artifacts in the MBMD reconstructions are probably caused by the
quadratic penalty, and may be prevented with edge-preserving or low rank penalties (Huber
1981, Sidky and Pan 2008). Future work will also explore regularizers that enforce low rank
jointly across material density images, thereby taking advantage of the common structure
among these images (Rigie and Riviére 2015).

This work focused on discrimination of K-edge contrast agents. MBMD may also be used to
decompose materials without a K-edge (e.g. various soft tissues and bone). Such
decomposition can be more challenging due to the similarity of energy-dependent
attenuation but may still be accommaodated in the MBMD approach with appropriate
material basis selection. Previous work by Shen et a/ (2018a) and (2018b) has shown
elemental decomposition can be effective in modeling spectral dependencies and estimating
density across many tissue types. That strategy may be extended to MBMD which could
offer further improvements. Future work will explore application of the methods discussed
in this manuscript to a larger number of materials with more similar attenuation properties
(e.g. water and calcium).

Because the MBMD method is derived from a general MBIR forward model, it is
straightforward to include models of more physical effects in the reconstruction. For
example, a scintillator blur model may improve resolution, and a gantry motion model may
enable continuous motion acquisitions without introducing azimuthal blurring. Such changes
can be made without altering the underlying reconstruction algorithm. Future work will take
advantage of the generality of the presented MBMD algorithm for high-resolution material
decomposition.
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We have presented a material decomposition algorithm that is capable of modeling a wide
variety of systems, including those with unique spectral acquisitions. In addition to
improving the sensitivity of material density estimates, this method may enable novel multi-
spectral systems and acquisition protocols, ultimately increasing access to material
decomposition in pre-clinical and clinical applications.
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Figure 1.
lodine sensitivity phantom. The numbers indicate the iodine concentration in each adjacent

region of interest (ROI) in mg ml-1. ROI specific contrast-to-noise ratio (CNR) was
calculated as the ratio of the mean in the regions indicated by the circles along the edge of
the phantom to the standard deviation in the inner circle.
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Schematic of the kV-switching/split-filter acquisition protocol. The kVp was switched every

projection (i.e. every 1°).
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Figure 3.
Digital water, iodine, and gadolinium phantom. Inserts are numbered in the iodine image,

and corresponding ROIs for metric evaluation are indicated with circles. lodine and
gadolinium concentrations are next to each ROl in mg mlL.,
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Figure 4.

(a) Mass attenuation coefficients, (b) Spectral responses (S) for the kV-switching/split-filter
simulation study.
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Figure 5.
(a) lodine/gadolinium phantom. Each vial contains different mixtures of iodine- and

gadolinium-based contrast agents. In (b) and (c) we show a schematic of the phantom
identifying insert/ROI labels. The concentration of iodine in each vial is indicated in (b), and
the concentration of gadolinium in each vial is in (c).
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Figure 6.
RMSE for each penalty strength combination for the (a) IDD and (b) MBMD methods. The

minimum RMSE in each plot is indicated with a star.
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Figure 7.
IDD (top) and MBMD (bottom) reconstructions of water (left) and iodine (middle and right)

concentrations. The right column is the same as the center but with a tighter window to
better visualize the low concentration ROls.
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Figure 8.

CNR values in each ROI from the optimal reconstruction with each method.

Phys Med Biol. Author manuscript; available in PMC 2020 January 22.

Page 24



1duosnuen Joyiny 1duosnuen Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Tilley et al. Page 25

Water Todine Gadolinium

——
0

. i —
500 2 4 6
mg,/ml mg,/ml mg,/ml

Figure 9.
Digital iodine/gadolinium phantom reconstructions. Each column is a different material

density image.
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Gadolinium

1-h|

Concentrations of each material (columns) and ROI in the digital iodine/gadolinium
phantom. The true concentrations are indicated by vertical lines. ROl numbers correspond to

those in figure 3.
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Figure 11.
lodine and gadolinium estimates for the physical test bench experiment.
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Figure 12.
Concentration values for each material and ROI in the physical iodine/gadolinium phantom.

Insert/ROI locations are indicated in figure 5.
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Table 1.
Notation summary.
Variable Description Units Size
N; Number of voxels in the image — —
N; Number of measurements — —
Ny Number of materials — —
Ng Number of energies — —
A System matrix mm N x N;
pm Vector of densities for material m gmm3 Njx1
1™ (E) Mass attenuation coefficient of material m at energy £ mm?g~t
S0 (E) System spectral response of measurement i at energy E photon kv1
X Concatenated density vectors of all materials gmm3 (N - Ny x 1
M mm3 gt (Ne - Nj) x (N, - N
B photon Ni x (Ng - Ny
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