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Abstract

The photon counting detector based spectral CT system is attracting increasing attention in the CT
field. However, the spectral CT is still premature in terms of both hardware and software. To
reconstruct high quality spectral images from low-dose projections, an adaptive image
reconstruction algorithm is proposed that assumes a known reference image (RI). The idea is
motivated by the fact that the reconstructed images from different spectral channels are highly
correlated. If a high quality image of the same object is known, it can be used to improve the low-
dose reconstruction of each individual channel. This is implemented by maximizing the patch-
wise correlation between the object image and the RI. Extensive numerical simulations and
preclinical mouse study demonstrate the feasibility and merits of the proposed algorithm. It also
performs well for truncated local projections, and the surrounding area of the region-of-interest
(ROI) can be more accurately reconstructed. Furthermore, a method is introduced to adaptively
choose the step length, making the algorithm more feasible and easier for applications.
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[. Introduction

Since Godfrey Hounsfield invented the first prototype in 1971, x-ray computed tomography
(CT) has been extensively employed in many fields. Particularly, as a medical imaging
modality, CT plays an important role in clinical and preclinical applications such as
oncology tumor staging, acute stroke analysis, radiation therapy planning, efc. In past
decades, both hardware and software of CT systems have undergone impressive
developments [1-3]. Among all the available nondestructive medical imaging modalities, x-
ray CT possesses the highest spatial and temporal resolution. However, it still cannot satisfy
the requirements of many practical applications due to its inherent drawbacks. The first
drawback is low contrast resolution. In reconstructed images from a traditional CT scanner,
pixel values are the only elements to convey image information. Because the difference
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between the attenuation coefficients of soft tissue and blood/water is very small, it will
results in low contrast resolution images which carry less information. In fact, the x-ray
spectra for clinical/preclinical applications are polychromatic and the x-ray attenuation
coefficient of an object depends on the photon energy. Because a conventional CT detector
integrates photon energy throughout the whole spectrum, it doesn’t reflect the energy
dependent information. This makes it difficult to distinguish different materials, especially
for the case where the materials have similar attenuation coefficients in the reconstructed
images. Another drawback of the conventional CT is the beam hardening artifact [4]. This is
because conventional CT reconstruction theory assumes a linear integral projection model
which is only valid for monochromatic x-ray. The beam hardening artifact is caused by the
mismatch between the monochromatic projection model and the realistic polychromatic
projections.

To overcome the aforementioned drawbacks, the dual-energy (DE) CT was proposed [5-9].
One of the most important merits of the DECT is that it takes advantage of spectrum
information. There are three main methods to realize a DECT system. The well-known one
is to use two x-ray sources with different voltages [10]. The second is to use one x-ray
source combining the rapid voltage switching technique [11]. The third is to apply a dual-
layer-based single-source device to the DECT [12]. Because most of the DECT also
employs the energy-integrating detectors, there exists a significant spectral overlap between
the two energy channels. This limits the applications of material decomposition. Although
two x-ray sources have different energy spectra, the energy resolution of a DECT system is
still limited. It was reported that the most prominent spectral feature of certain material is
the position of its K-edge [13]. However, for those materials whose K-edge positions are
adjacent, a DECT system cannot distinguish them efficiently. This implies that the DECT
hasn’t fully exploited the spectrum information, and there is lots of room for improvements.

To make full use of the spectrum information, the concept of spectral CT (also known as
color CT, energy sensitive CT, energy selective CT, multi-energy CT) was proposed by
extending the idea of DECT along the energy dimension. Currently, the state-of-the-art
photon counting detector based spectral CT systems can divide a whole x-ray spectrum into
several channels [14-21]. Although the photon counting detector cannot completely
eliminate the overlaps between channels due to charge sharing and fluorescent x-ray escape
[22-25], it can significantly improve the energy resolution. By carefully setting the
appropriate detector thresholds, abrupt increases of attenuation coefficients for certain
materials, which are caused by the corresponding K-edges, could be observed.
Consequently, more precise material decomposition results can be achieved. The photon
counting detector is also characterized by high signal-noise-ratio (SNR) because the
thresholds corresponding to each channel can block low-energy noise. Furthermore, it has
been demonstrated that the spectral CT system has higher dose efficiency than the
conventional one [26]. These merits have made the spectral CT a hot field in recent years,
and inspire many research topics on different aspects of the spectral CT and its applications.

Although the spectral CT techniques have made a big progress in recent years, there still
exist many technical problems that need to be conquered. As aforementioned, a photon
counting detector can divide the received photons in a polychromatic spectrum into a
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number of channels with appropriate signal processing steps. Thus, if we assume the same
amount of total photons as that for a corresponding energy-integrating detector, the amount
of photons in each channel will be smaller. According to the well-accepted Poisson noise
model, this implies higher noise in the projections of each channel and the reconstructed
image quality will be degraded. To ensure the same image quality like the images
reconstructed from projections of the energy-integrating detector, we can increase photon
numbers in each individual channel. However, this will increase the total photon number and
result in excessive radiation dose which is harmful to the human body. Another problem is
concerned with the spectral detectors. Currently, the state-of-the-art photon counting
detectors are premature, so frangibility and expensiveness are two prime weaknesses. When
a detector covers the whole object, a saturated x-ray source can make the detector edge lose
linearity or even damage it. In the meantime, a detector that is big enough to cover the whole
imaging object is very expensive. Besides, due to weak crystal/electronics capability of
dealing with clinical level X-ray flux, low radiation dose has to be applied in practice. This
can seriously degrade the reconstructed image quality. All these drawbacks limit the
applications of spectral CT.

For practical clinical applications, the aforementioned frangibility and expensiveness for
spectral CT can be partially overcome by the interior reconstruction technique, since we are
always interested in smaller internal ROIs for diagnosis. It has been proved that an interior
region can be theoretically and exactly reconstructed from truncated local projections if
certain prior information is available. Till now, two popular interior reconstruction theories
and algorithms have been developed. One is based on the truncated Hilbert transform [27-
32] assuming a known sub region, and the other is based on the compressive sensing (CS)
theory[33, 34] that assumes a piecewise constant/polynomial imaging model [35-38].
Nevertheless, for spectral CT, one still faces the noise problem in each individual channel if
we keep the same dose level and employ the conventional CT reconstruction methods. This
motivates us to develop a new spectral CT reconstruction algorithm to improve the image
quality in each individual channel, and apply it to spectral interior reconstruction.

By comparing the reconstructed images from different channels for the same object, we
notice some common features among them e.g. the relative locations between different
materials are invariable. This reveals that the reconstructed images from different channels
are highly correlated. If a high quality image of the object is known, it can be used to serve
as a reference image (RI) to provide prior information [39-41]. By incorporating the prior
information, the low-dose reconstructions of each individual channel can be significantly
improved. In the high-dimensional space, both the RI and target image (T1) can be treated as
vectors. One natural way to incorporate the regularization of correlation is to minimize the
space angle between the Rl and TI. To make sure that each modulated direction can reduce
the space angle, the steepest descent method (SDM) can be applied. Furthermore, an
adaptive step length (ASL) [42] is introduced to optimize the results. It makes the algorithm
suitable for all kinds of images, without adjusting the parameters. The proposed algorithm
has two major advantages. First, it maintains the primary structures of the Tls even when the
noise is extremely strong. This feature is very useful when the dose is ultra-low. Second, it
can help suppress the constant shift of intensity especially for interior reconstruction.
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The rest of this paper is organized as follows. In Section |1, the proposed algorithm and
implementation details will be presented. In Section 111, both numerical simulations and
preclinical experiments will be performed to evaluate the proposed algorithm. Finally, some
related issues will be discussed and conclusions will be made in Section IV.

As we pointed out earlier, although the reconstructed images from each channel are different
in spectral CT, they are highly correlated. Thus, if a high quality image is available, it can be
treated as the RI to reconstruct the relevant images from low-dose projections or truncated
projections. Here, the RI can be reconstructed from a set of pre-existing normal dose
projections. If there are no pre-existing projections, we can always combine all the photons
in different channels to synthesize a set of projections of energy-integrating detector and
reconstruct a high-quality RI.

2.1. Imaging Model

Usually, a 2D digital image can be described by a W/x H matrix in which each element is
treated as a pixel with a constant intensity value 7, where the indices w=1,2 ...,Wand /
=1,2, ..., Hare integers, and Wand A are width and height of the image, respectively. In the
context of CT reconstruction, it is convenient to rearrange a 2D digital image f = (7)) €
RWx R into a vector £=[fy, -+, f; - fo] 7 € RVwhere N=WWx Hand “T” represents the
transpose operation. In the vector 7 each element 7, is equivalent to f,,, with the following
relationship

n=(w—1) x H+h;h=1,2,... Hw=1,2,... W. 1)

In this paper, a 2D image will be expressed in both matrix and vector formats, when it is
appropriate to do so without any confusion.

Another important component of the CT system is the projection dataset g = [g1, =, 9 =
gl "€ RM, where Mrepresents the total amount of ray integrations that equals the product
of the number of projections and the number of detector elements, and g,,; denotes measured
line integration along the " x-ray path. In the projection procedure, the contribution of 7
pixel 7, to the ray path can be denoted as a,; , As a result, we have a system matrix A =
(amn) € RMx RV, and the CT system can be modelled as the following linear matrix
equation:

@l
I
e
1
+
ol

@)

where e € RM is measured noise. Obviously, in Eq.(2), the matrix A represents the forward
projection, and the matrix A7 can represent the back-projection. There are many methods
available to compute the coefficient a,, , based on different projection models. For example,
according to the well-known ray-driven model [43-45], a,;, , can be calculated as the
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intersection length between the " x-ray path and 7" pixel area. The % measured datum
gmcan be calculated by summing up the product of &, ,and £, along the x-ray path.

2.2. OS-SART Algorithm

To recover the original image vector?, one can make full use of the system matrix A and the
measured projection dataset g based on Eq.(2). Actually, we can minimize the noise energy
to estimate 7. This can be implemented by minimizing the discrepancy function A(#:

2

N

AP -af

)

)

where II-I12 represents the square of L2 norm. Generally speaking, there is no analytic
solutions for the minimization of Eq.(3), and we need to employ an iterative approach. There
are many iterative algorithms for image reconstruction, such as algebraic reconstruction
technique (ART) [46] and simultaneous algebraic reconstruction technique (SART) [47].
Generally speaking, ART converges faster for noise-free projections. However, its result
bounces around for noisy projections with a compromised image quality. In this work,
SART is selected to compromise the performances and convergence. According to[47], the
SART algorithm can be expressed as

—k—1

1 M a
k k—1 k m,n
— +A — I - Am )
Jn=Jn Ao E :m la,, (gm J ) ( )

where a,,; and a, , are respectively the sum of the /7% row and the 77 column of the system
matrix A, A, represents the m% row of system matrix, kis the iteration index, and A% € (0,
2) is a free relaxation parameter.

To accelerate the convergence of SART, one can employ the ordered-subset (OS) technique
to form an OS-SART algorithm [49]. The OS-SART can be formulated by partitioning the

index set B={1,2, ..., M} into Tnonempty disjoint subsets Bi={mi, m5, ... ,mﬁm) } such
that

Then, Eq.(4) can be rewritten as

—k—1

Im — Am f

k k—1 k Am,n
= +A : ,t=k mod T.
fn fn Z'méBt Z Am! n Am+- (6)

m!€By
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Besides that, the OS-SART algorithm can be further accelerated by the weighting technique
for the fast iterative shrinkage-thresholding algorithm (FISTA) [50], which uses the last two
outputs as a feedback to refine the current output.

2.3. Regularization Function

To solve the ill-posed problems uniquely, especially for spectral CT, an additional constraint
should be introduced to the object function Eq.(3). Therefore, the ill-posed image
reconstruction problem can be expressed as

2 N

min HE _A | (),

U]

where @ (7) represents a regularization function. Eq.(7) can be solved by using the well-
known alternative minimization scheme which can be implemented in two main steps. In the
first step (fidelity update), the fidelity term is enforced to reconstruct an intermediate image
by using Eq. (6). In the second step (regularization update), the intermediate image from the
first step will be utilized as an input to minimize the regularization function. The two
consecutive steps are treated as one iteration.

For the spectral CT reconstruction problem, the reconstructed images from projections of
different channels are highly correlated. For a given high-quality RI u, we can define a
regularization function for each individual channel image 7

T

I
|7 i

B(f)=— cos(6)
®)

where ?represents the reconstructed Tl and «is the RI. Because both Tl and RI are treated
as vectors in high-dimensional space, Eq.(8) can be interpreted as the minus cosine of the
space angle (SA) 6 between the two vectors. Furthermore, if an image is treated as a random
variable with a series of //measurements, Eq.(8) can be interpreted as the minus sample
correlation coefficient. From Eqg. (8), one can see that if images fand v are similar, the value
of Eq.(8) will approach —1. Therefore, updating the TI Fensures a smaller SA and leads to a
better image. To improve the sensitivity, we modify Eq.(8) as follows

-~ T
=D (u -

o(f)=— L
|7 -7 .

©)

where Fand 7 are the means of iand 4, respectively. The means 7and 7 are also called direct
current (DC) components, and (- 7 and (v - &) are referred to as alternating current (AC)
components. Because the main common features hidden in different channels come from the
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ACs, Eq.(9) should be an excellent regularization function for the correlation, and we use
Eq.(9) to serve as the regularization function @ (4 in Eq.(7).

2.4. Reconstruction Algorithm

To minimize the regularization term, the SDM is employed. During the regularization update
process, the updates to the TI can be described by

—k+1  —k N
f :fOS—SART+akr*p’ (10)

where a4 and DX represent the step length and a normalized direction vector to update the
estimated image in the A% iteration. The direction vector ¥ can be computed as

va(f)

o VR
7]

11)

Let F= 7- 7, and = u- 0. Each component of the gradient direction VdJ(?) can be
determined as

7T il

N iin || f ]| — fnf UI7
O (o))" I [EilN
0 ( ) 7] (12)

where 7,and a, are the 777 elements of vectors 7and .

In this work, the step length in Eq. (10) plays an important role to control the convergence.
In practice, it is very difficult to choose the optimal parameters for an iterative algorithm,
and the parameters are usually empirically selected based on extensive experiments. To
improve the computing efficiency, we propose to employ one adaptive step length method.
For this purpose, the Wolfe conditions based method is chosen [42]. It is a typical inexact
line search condition described as follows

N .k
p

—k _k
O(f +apeP ) < (f )ter105.VOEP L (13)

—k ke Tk r—k
VO(f +ap.P ) P >V D (14)

where ¢1 and ¢; are constants satisfying 0 < ¢; < ¢, <1, and V @ is the short form of
V(). Formulas (13) and (14) actually offer two constraints, which are named Armijo
condition and curvature condition, respectively. In formula (13), the left side should be
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considered as a function with respect to the variable a such that ¢(a) = <I>(7‘+ ap), and the
right side is a monotonously decreasing function, which can be denoted by ¢(a). Because
the range of ¢, is from 0 to 1, for certain small positive value of a, ¢(a) must be greater than
¢(a). Therefore, condition (13) guarantees that the acceptable step length a. must decrease
¢(a) in a definite extent. However, the Armijo condition is not sufficient to ensure
reasonable progress, because it always accepts all the sufficiently small step lengths. To
exclude those too short step lengths, the curvature condition has to be incorporated. In
formula (14), the left side presents the gradient ¢ (a), and right side is the product between
the gradient ¢’ (0) and a constant factor ¢,. Because ¢”(a.) should not be smaller than ¢,
times¢’(0), it is not hard to understand why the curvature condition can help to retain
sufficiently large step lengths. To rule out large step lengths, whose slope is positive, the
curvature condition could be revised as

T

—k kg .
|V(I)(f +ayg P ) p |262|V<I>k.p | (15)

Then, formulas (13) and (15) can be used to construct strong Wolfe conditions. To
implement the strong Wolfe conditions, we first need to set an initial step length a4 for
each inner iteration. Actually, this initial step length is always the same for all outer
iterations. The pseudo-codes for the steepest decent method are summarized in Table 1.

To keep the image details and suppress the effect of direct current component, a patch-wise
processing method is adopted. We set the patch size (PS) as D= d'x d. One patch works like
a window, which can traverse the image pixel by pixel. When the # pair of corresponding
patches are extracted from RI and TI at the same position, they will be processed via the
aforementioned strategy. In this way, each tiny structure in the RI could be used to guide the
update of the reconstructed image. After a pair of image patches has been processed, the
normalized resulting patch will be multiplied by the module value corresponding to the one
in TI. This can eliminate the deviation of AC on magnitude. Then, the DC component needs
to be added back. Because the patches have overlaps, each pixel may have multiple values in
different patches. For the same pixel, all the values are uniformly weighted to generate the
mean as the final result of the regularization term. The aforementioned procedure is referred
to as adaptive space angle (AdSA) method.

An important issue for an iterative algorithm is how to terminate the iteration. For the OS-
based algorithm, T iterations form a complete period. Therefore, we make a judgment for
the termination of the program every T iterations. We first compute the module value of the
difference o 2 11/~ — 71|l between the results from two successive iterations, and then the
average value d* can be calculated within T/ complete period. Consequently, the convergent
ratio of the program can be observed by comparing the adjacent g*and @*~1 If the difference
of &* and &1 is small enough, the algorithm will be terminated. In this paper, the threshold
of the variation is set to be 1/2000 of the averaged attenuation coefficient of TI. More details
of the algorithm are shown in Table 2.
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The proposed algorithm is implemented according to the pseudo-codes summarized in
Tables 1 and 2. To demonstrate the feasibility and evaluate the proposed algorithm for
spectral CT, extensive numerical simulations and preclinical experiments are performed. In
the numerical simulation studies, the classical filtered backprojection (FBP) is first used to
reconstruct images from noise-free projections as benchmarks, which are compared with the
results from reconstruction by the proposed method for both global and locally truncated
projections. In the preclinical experiment, a set of realistic micro-CT projections of a mouse
are applied to evaluate the performance of the proposed method. Material decomposition is
performed for further performance analysis based on the method proposed in [51].

3.1 Numerical Simulations

A 2D analytic phantom (see Figure 1) containing 17 disks is constructed. The biggest disk
serves as background to mimic the soft tissue. The rest of 16 disks are used to mimic six
different materials and different spatial resolutions and their parameters are listed in Table 3.
To analytically generate projections of the 2D numerical phantom, we assume fan-beam
geometry with an equidistant detector, and the detector element size is 0.08 mm. 512 and
256 detector elements are assumed to simulate a long and a short detector to collect global
and truncated local projections, respectively. The distance between the x-ray source focal
spot and the origin (the center of the phantom) is assumed to be 5cm. We also assume that
the detector is perpendicular to and symmetric with the line passing the origin and the x-ray
focal spot, and the distance between the focal spot and the detector is 10cm. 720 projections
are uniformly acquired over a range of a full scan. To simulate a polychromatic x-ray source
(GE Maxiray 125), 951 uniform samples (from 25KeV~120KeV) were extracted. There are
four k-edges among the material attenuation coefficients around 33, 37.4, 50.2 and 80.7KeV
for lodine, Barium, Gadolinium and Gold, respectively. To optimize the channels for the best
image quality, it is better to make the total photons in each channel as equal as possible, and
the difference of attenuation coefficients between different channels as great as possible.
According to the aforementioned principles, eight spectral channels are set to be 25~32KeV,
32~37KeV, 37~43KeV, 43~50KeV, 50~58KeV, 58~65KeV, 65~80KeV, and 80~120KeV.
According to the spectrum, the percentage of incident photons at each energy level is
determined. After the projections at all energy levels are collected, exponential, weighted
summation and logarithmic operations are performed to produce linearized projections for
the polychromatic x-ray spectrum. To further evaluate the performance of the proposed
algorithm, different photon numbers are assumed. Here, we mainly use 2 x 10% and 10°
incident photons to simulate two different dose levels.

3.1.1 Global Reconstruction—The reconstructed images are set as 256 x 256 matrix to
cover a 2.0 x cm? region which is sufficient to cover the largest disk of the phantom. The
coefficients cq and ¢, are respectively set to 0.0001 and 0.01, and the PS is set as 8 x 8. For
qualitative and quantitative comparison, the FBP and a soft-threshold filtering based TV
(StTV) minimization [36] method are also implemented.
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Figure 2 shows the global reconstruction results from noisy projections. Poisson noise is
superimposed to the raw projections by assuming 2 x 10% incident photons for each spectral
detector element. It can be seen that the FBP images have heavy noise due to the ultra-low
photon number. The four smallest disks cannot be visually identified, especially in the 8th
channel. The restored information is very limited. The StTV results are in the same boat:
about half of disks in the 8! channel disappear into the background. The images also
become seriously blurred with the increase of the photon energy. However, the AASA
reconstructs almost all the details. The material edges are clear, and even the smallest disk
can be recognized in some channels. Although the AdSA cannot reconstruct perfect results
from the noisy data (e.g. some bright-spot-like artifacts can be seen on the disks), the AdSA
results are still the best among the three reconstruction methods. From the material
decomposition results, one can see that FBP fails to restore part of the spectrum information
for the simulated phantom. Colors used to represent different materials are scattered all
around the result. Particularly, the 15t and 6™ disks are recognized as similar color. For the
StTV, the material edges always reflect some inconsistent colors, which are mainly caused
by noisy data. However, the AdSA gives a much better result that is consistent with the
ground truth.

In order to quantitatively evaluate the performance of the proposed method, the root-mean-
square error (RMSE) and structural similarity (SSIM) are used as assessment metrics. The
range of RMSE is from 0 to infinite. The smaller the RMSE value is, the better the image
quality is. The range of SSIM index is from 0 to 1, where 0 represents totally irrelevant and
1 means exactly the same structure [52]. To suppress the fluctuation in flat region, the noise-
free FBP reconstruction is filtered by the soft-threshold filtering method to serve as the
reference image for RMSE computing. The RMSEs of all the aforementioned results are
summarized in Table 4. Obviously, the performance of FBP is the worst for noisy
projections. For the noise-free projections, the RMSEs of StTV and AdSA are almost the
same except for the 15t and 3'd channel. This is because the numerical phantom assumes the
piecewise constant image model which shows priority by using TV minimization method,
and the FBP results may have some noise in the flat regions due to discrete errors. However,
the AdSA outperforms the StTV for noisy projections. The greater the photon energy is, the
more obvious the advantage of the AdSA is. The results in Table 5 are the corresponding
values of SSIMs, from which similar conclusions like of the RMSEs can be made. It reveals
that the AdSA has strong capability to suppress noise.

Furthermore, to evaluate the spectral accuracy of reconstructed results, relative biases of
different material regions are calculated (Figure 3). Here, the smoothed noise-free FBP
results are set to be the reference and the selected regions (100 x 100 pixels) are marked in
figure 2. One can see that the AdSA offers the best results. The relative biases of FBP are
obvious and much greater than its other two competitors. Although the performance of StTV
is similar to that of AdSA in several channels, the relative biases of the StTV fluctuate
heavily from channel to channel, which are mainly caused by the noisy data. On the other
hand, the performance of AdSA is steadier for all channels and materials. The relative biases
for the AdSA are always limited to within 1073, which is negligible in practice. One can see
that the proposed algorithm ensures the spectral accuracy of reconstructions, even under
noisy conditions.
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3.1.2 Interior Reconstruction—In interior reconstruction experiments, only the central
256 detector elements are used to collect projections. The reconstructed image size and the
corresponding region are the same as the global reconstruction. For AdSA, the RlIs are the

corresponding global images reconstructed by the StTV.

The aforementioned experiments for global reconstruction are repeated for the interior
reconstruction with locally truncated noise-free and noisy projections (10° and 2 x 10*
incident photons). Figure 4 are the results from noise-free truncated projections where the
ROIs are marked by circles. Although the ROIs are similar between the StTV and AdSA
images, the AdSA significantly outperforms StTV for the regions outside of the ROIs. The
material decomposition of AdSA looks similar to the global one, while StTV only conserves
the color map inside the ROIs and part of the outside region. With the regularization of the
RI, the AdSA can make full use of the truncated projections to obtain better image quality
not only inside the ROIs but also outside them. This is exactly the color diffusion
phenomenon, which we previously reported [38]. To further demonstrate the difference
between these two methods, Figure 5 shows the corresponding profiles along the line
indicated in Figure 4. In Figure 5, we find that although the curves of StTV have similar
shape with standard ones, there are some errors in the material edge areas.

Representative images reconstructed from projections with 2 x 10% incident photons per
detector element are shown in Figure 6. Although the image quality of these two algorithms
become worse, the images reconstructed by AdSA are still very close to the global
reconstructions, and the edges in the AdSA reconstructions are much clearer than its
counterparts in the StTV. For the material decomposition results, the AdSA shows a
consistent performance. Figure 7 shows the corresponding profiles. Although strong noises
are superimposed into the raw projections, the AdSA can still recover high quality ROI
images with fine details especially for the high frequency components. However, the StTV
appears to have certain constant shift in the whole ROIs. This demonstrates that the AdSA is
robust with respect to noise.

The RMSE (see Table 6) and SSIM (see Table 7) are also used to quantitatively evaluate the
AdSA and StTV for interior reconstruction. Because only the ROI can be theoretically and
exactly reconstructed from truncated projections, we calculate the indices only using the
pixels inside the ROIls. From Table 6, one can see that AdSA significantly outperforms StTV,
especially for the case with heavy noise. This is due to the additional prior information from
RI. The SSIM values in Table 7 reveal that the AdSA is not sensitive to noise. When the
photon energy increases, the corresponding SSIM values increase to close 1. On the other
hand, the performance of StTV is worse and worse, no matter what the photon energy is
increased or the incident photon number is reduced.

3.2 Preclinical Mouse Study

To demonstrate the application of the proposed algorithm, realistic preclinical projections
are adopted. The projections are provided by the medipix all resolution system (MARS)
team in New Zealand, and they were acquired using a MARS micro-CT with a Medipix 3
CdTe detector. It is equipped with a network of charge summing circuits, that communicate
between adjacent 2 x 2 pixels, for detecting coincidences and reconstructing charges[22],
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which significantly helps to reduce the effects such as charge sharing and K-fluorescence
especially when the detector size is very small. In this work, the detector row contains 1024
elements corresponding to a unit length of 55 um. This covers a field of view (FOV) of
34.89 mm in diameter. The mouse was euthanized, and injected with 0.2 mL of 15 nm
Aurovist II GNP (Nanoparticles; Yaphank, NY) into the tail vein. A Source-Ray SB-120-400
(produced by Source-Ray Inc., New York), which has a minimum focal spot of 75 pm, was
applied to illuminate the mouse with 120 kVp and 175 mA. The detector and the source spot
were positioned on the opposite directions with a distance of 255mm between them, and the
center of the mouse was 158mm away from the source spot. Although a flat panel detector
was employed with cone-beam geometry, we only extracted the central row in terms of fan-
beam geometry. 371 projections of 13 energy bins were uniformly acquired over 360
degrees. In order to improve the quality of projection data, two adjacent detector elements
were merged to reduce the data noise. As a result, 512 samples were obtained per projection.
After that, a wavelet and Fourier based algorithm [53] was applied to get rid of ring artifacts
from the data. Because the first channel was allotted with the lowest threshold and contains
less noise, it can be treated as the gray scale projection. For the mouse, we set the size of the
reconstructed image to 512 x 512 pixels covering a region of 18.41 x 18.41 mm2. The gray
scale channel was first reconstructed by the FBP to obtain a preliminary image. Then the
reconstructed image was de-noised by the BM3D [54] to obtain the RI. The rest of the 12
channels were used for reconstruction and comparison.

For the global experiment, both the FBP and StTV are implemented to compare with the
proposed AdSA. The reconstructed images of the 2" and 13t channels are shown in Figure
8. Two ellipses and one red arrow indicate representative features in the reconstructed
images. Although all the three methods successfully reconstruct the crevice in channel 2
which is indicated by the arrow due to a relatively low noise level, for the same structure in
channel 13, only the one reconstructed by the AdSA can be visually identified. Some tiny
bony structures show the similar phenomenon. The most representative is the one at the far
right of the upper ellipse, whose hole can hardly be seen in the FBP and StTV
reconstructions. This kind of blurry result is derived not only from heavy noises but also
from the high frequency structure. Although the main structure of the mouse can be
recognized by all three methods in the material decomposition results, the FBP result is too
noisy, and the AdSA reconstructs more clear edges (e.g. the narrow central crevice, which is
not clear for StTV).

The central 128 samples (256 detector elements) of the combined 512 version in the
previous global reconstruction are manually extracted to simulate truncated local
projections. The corresponding local reconstruction results are shown in Figure 9, where the
ROIs are marked by circles. The long and narrow crevice, the most obvious feature at the
center of the image, is successfully reconstructed by the AASA. However, it cannot be
visually recognized in the images reconstructed by the StTV. For the rest of the structural
features, few are clearly restored by the StTV regardless of whether they are inside or
outside the ROI. The color image of AdSA shows a comparable performance to that of the
global reconstruction, and most of the main features are conserved and successfully
identified. This further confirms AdSA as a robust interior reconstruction algorithm.
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V. Discussion and Conclusion

From the aforementioned numerical simulations and preclinical application, one can see that
the advantages of spectral CT over the conventional CT are apparent. In the numerical
phantom, the materials in the 2" — 6t disks have similar attenuation curves which imply a
very challenging task to distinguish them using the conventional CT. However, by
employing the photon counting detector, these materials can be reconstructed in different
channels and mapped into different colors (see Figure 2). which is much easier to
distinguish. Therefore, it is no wonder that spectral CT has attracted a great deal of attention
in recent years, and is a major direction of CT development. Consequently, the proposed
algorithm has arrived in the right time to promote spectral CT.

In the implementation of the proposed AdSA, there are several parameters that need to be
selected. The most primary one is the PS. In our experiments, the PS is set as 8 x 8 pixels.
Actually, extensive numerical simulations have been conducted to optimize the PS. We
found that, when the PS is small, the AdSA can accurately capture the small-sized features
which correspond to high frequency information. However, because most of the noises are
also in high frequency, it is hard for the AdSA to get rid of noises with a small PS. On the
other hand, when the PS is large, an apparent DC component will be introduced even though
the AdSA can effectively suppress noises. For example, when the PS is 64 x 64, the
resulting images are almost the same as the RI for all the channels. This is because most of
the DCs are kept in the large patches, although they have been subtracted by the mean
values. Another weakness brought by large PS is the exponential growth of the
computational cost, which is a serious issue. In summary, the PS has to be selected to
compromise the aforementioned problems, resulting in the size 8x8 for practical
applications.

Besides the patch size, the selection of the RI also significantly affects the performance of
the AdSA. In the numerical simulations, the StTV is selected to reconstruct the RI from
projections of all the photon energies, because the phantom is piecewise constant, and it
precisely matches the image model of TV minimization. In the preclinical experiments, an
algorithm called BM3D is used to suppress noise. In fact, finding a good RI is one of the key
issues for the AdSA, and the dependency of RI is also a weakness of the proposed method.
An additional experiment is conducted to support this point. When the Rl is selected as the
noise-free reconstruction to regularize the noisy reconstructions with 2 x 10# incident
photons, the reconstructed image quality is much better than its counterpart using the RI
reconstructed from the projection with 2 x 10% incident photons. Nevertheless, no matter
what image is selected as the RI, the spectral images reconstructed by the AdSA are much
better than the ones reconstructed merely from the data in one channel. This is because the
noise level in any channel of the spectral CT is much greater than the noise level in whole
energy integrating data.

Furthermore, the convergence of the proposed algorithm is highly concerned. This can be
explained by the physical meaning. Because the reconstructed images from all the channels
are highly correlated, the most intuitionistic relevant information comes from their edges and
textures. These features are relatively invariable even when the attenuation coefficients of
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different materials vary in their own patterns. If the selected reference image contain some
fine features, by using the constraint Eq.(9), the features will be preserved well in each
channel. Actually, the magnitudes and direct current components of image patches are only
determined by the fidelity term. Thus, the convergence of Eq.(9) is guaranteed.

The aforementioned numerical simulations and preclinical application not only have
validated the feasibility, but also have demonstrated several merits of the proposed
algorithm. In comparison to the FBP and StTV, the AdSA has a strong capability for de-
noising, which can be seen by comparing the numerical simulations without noise and with
2 x 10% incident photons. When the amount of incident photons is reduced to an ultra-low
level, the AdSA still could reconstruct images with very similar image quality to the noise-
free case. The AdSA is good at dealing with low contrast images. Both the quantitative
RMSE and SSIM measurements have shown that the higher the photon energy is, the greater
the advantage of the AdSA is over the competitors. Because higher photon energies make
lower contrast images, this implies that the AJSA works better for low contrast images.
When the patch size is appropriately selected, high frequency information can also be
restored well. This point can be confirmed by both the reconstructed smallest disk in the
numerical simulations and the long and narrow crevice in the preclinical mouse study. With
the truncated data, the AdSA can almost accurately reconstruct the whole spectral image if a
global RI is available. This color diffusion phenomenon is attributed to the global prior
information provided by the RI and the limited-angle projections for the surrounding regions
of the ROI. Once an RI has been selected, no more parameters need to be selected. This is an
important merit for the proposed iterative algorithm. In this work, the SLs of patches need to
be determined thousands of times in one iteration. The introduced ASL successfully skips
the complex procedure, and two relevant parameters (c1 and ¢,) are always fixed. This
demonstrates the AdSA is more convenient and flexible for all conditions.

The key of the proposed AdSA method is to employ the RI to improve the spectral CT
image quality. Actually, the method of making use of RI to improve the image quality for
spectral CT has been employed in several literatures, but in different forms. In [38], Xu et al.
adopted the gray scale image reconstructed from the global projections as an initial guess of
the reconstructed images in a different channel. However, we treat the gray scale image as an
RI to improve the image quality throughout the whole reconstruction procedure. In [55],
Zhang et al. proposed an algorithm named TV-SM-LM. While the TV-SM-LM calculates the
L2-norm value of the differences between different channels, the proposed AdSA measures
the similarities between Tls and the RIs. While the RI of the AdSA is fixed, it is dynamic in
the TV-SM-LM. Therefore, the proposed AdSA is different from the existing methods.

In conclusion, an algorithm that incorporates the information of an RI is proposed for
spectral image reconstruction. Both the extensive numerical simulations and preclinical
application demonstrate that the proposed algorithm has strong capability for anti-noising. It
is also robust and stable for interior reconstruction. This can help to advance spectral CT by
improving the accuracy of material decomposition from low-dose projections. Furthermore,
the strategy to adjust the SL makes the proposed algorithm more competitive.
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Figure 1.
Sketch map of the 2D phantom, in which different colors represent different materials.
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Fig. 2.
Spectral reconstruction results from noisy projections assuming 2x 104 incident photons per

detector element. From top to bottom rows, the images are reconstructed by the StTV, AdSA
and FBP, respectively. The images in the first three columns, from left to right, are for the
15, 4t and 8™ channels respectively, and the display windows are [0 1], [0 0.5] and [0 0.3]
e ! respectively. The last column shows the corresponding material decomposition results.
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Fig. 3.

Relative biases of different material regions, which are marked with red squares in figure 2.
From left to right, the plots are for the soft tissue, 12.4%Ca + 87.6%water and 1.6%gold

+ 98.4%water, respectively.
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Fig. 4.
Spectral reconstruction results from noise-free truncated projections. The top and bottom

rows are for the images reconstructed by the StTV and AdSA, respectively. The images in
the first three columns, from left to right, are for the 15¢, 4™ and 8t channels, respectively,
and the display windows are [0 1], [0 0.5] and [0 0.3] c7L, respectively. The last column
shows the corresponding material decomposition results. The circles indicate the ROIs.
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Fig. 5.
Profiles along the line in the top-left of figure 4. From left to right, the plots are for the 15,

4t and 8t channels in Figure 4, respectively.
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Fig. 6.
Same as Figure 4, but from noisy projections assuming 2x10% incident photons per detector

element.
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Fig. 7.
Same as Figure 5, but for the images in figure 6.
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Fig. 8.

Spgectral reconstruction results of the mouse study from global projections. From top to
bottom rows, the images are reconstructed by the StTV, AdSA and FBP, respectively. The 15t
and 2"d column images are respectively for the 2" and 13! channels, and the display
windows are [-1000, 2000] HU. The 3" column images are the corresponding material
decomposition results.
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Fig. 9.

Spgectral reconstruction results of the mouse study from truncated projections. The top and
bottom images are reconstructed by the StTV and AdSA, respectively. The 15t and 2
column images are for the 2"d and 13 channels, respectively, and the display windows are
[-1000, 2000] HU. The 3" column images are the corresponding material decomposition
results.
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Table 1

Pseudo-codes for gradient descent method with adaptive step lengths.

Setting ax1, @ man €1, G and /gy,
Initializing a o =0, /=1;
repeat
if ¢ (ar)>¢ 0+ crard’ (0)or [plak) = dlagrs) and /> 1]
Choose the a4« with dichotomy within (a4 .1, a ) to fulfil the conditions (13) and (15), then break;
elseif [’ (a )| <~ (0)
agx = agy then break;
elseif ¢ (ay) 20
Choose the a,» with dichotomy within (a4 .1, a ) to fulfil the conditions (13) and (15), then break;
else
agp1 = ags* 11
[+ +;
I /> [y OF @Lg s> oy
error(‘Initial step length is not suitable!”)
end
end

end(repeat)
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Table 2

Pseudo-codes for the proposed algorithm.

Initialization
Setting ax 1, Amax 1 &, Imaxe Ds Kmax
Initializing #, k=0, © = 1;
Obtaining an RI

Reconstruction procedure (for any channel)
while A< Kppay

k++;

Updating 7L to f]éS _ SART Using the OS-SART method;
Initializing the patch index 7,
Repeat (until patch window moves over entire image)

Subtracting the DC component to get fkosl _ SART and a;
Determining the update direction 7%Awith fgsl_ sART @nd a,

Determining the step length ;= using f]é).sl— SART® @’and %/ according to conditions (13) and (15);
Updating /' patch using equation (10);
Normalizing the patch and adding back the DC component to get fkosl_ SART

i+ +;
end (Repeat)

Averaging different values for the same pixel to get the image estimate 7‘*1;
Accelerating the result by using FISTA;

Calculate o,
_n 57 Lk k.
If kmod T=0,d _sz:k_THd,

If the difference of & and ¢! is small enough, break;
T+ 4
end(if)
end (while)
Output: 71

Phys Med Biol. Author manuscript; available in PMC 2017 December 21.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Wang et al.

Table 3
Parameters for 17 disks of the 2D phantom.
Obj. Center(cm) Radius Material
(cm)
0 (0.000,0.000) 0.9 Soft Tissue
1 (0.550,0.000) 0.15 12.4%Ca + 87.6%Water
2 (0.275,~0.4763) 0.15 6.296Ca + 93.8%Water
3 (-0.275,-0.4763) 0.15 1.2%lodine + 98.8%Water
4 (-0.550,0.000) 0.15 1.4%Barium + 98.6%Water
5 (-0.275,0.4763) 0.15 1.5%Gadolinium + 98.5%Water
6 (0.275,0.4763) 0.15 1.6%Gold + 98.4%Water
7 (0.275,0.000) 0.08 12.4%Ca + 87.6%Water
8 (0.1375,-0.23815) 0.07 6.2%Ca + 93.8%Water
9 (-0.1375,-0.23815) 0.06 1.2%lodine + 98.8%Water
10 (-0.275,0.000) 0.05 1.4%Barium + 98.6%Water
11 (-0.1375,0.23815) 0.04 1.5%Gadolinium + 98.5%Water
12 (0.1375,0.23815) 0.03 1.6%Gold + 98.4%Water
13 (0.000,-0.100) 0.02 1.2%lodine + 98.8%Water
14 (0.100,0.000) 0.015 1.2%lodine + 98.8%Water
15 (0.000,0.100) 0.01 1.2%lodine + 98.8%Water
16 (-0.100,0.000) 0.005 1.2%lodine + 98.8%Water
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