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and untreated mice was resected and fixed with 10% formalin.
Paraffin-embedded samples were sliced into 3 uM sections for
hematoxylin and eosin staining and immunostaining, Antibodies
against ¢-smooth muscle actin (SMA) (DAKO, Glostrup, Denmark)
were used to identify the pericyte and anti-CD31 (Abcam, MA,
USA, USA), endothelial cell marker and anti-Ki67 (Labvision,
Fremont, CA, USA) antibodies to recognise the growth state cells
(G1, S, and M phase). Vascular areas within the tumours were
measured as the index of tumour vascularity by stained with anti-
CD31. Five fields of tumour sections were analysed at low
magnification using a computerised image analyser (Image-Pro
Plus, Media Cybernetics, MA, USA). The ratio of vessel area
against tumour area without necrosis was calculated.

Statistical analysis

Values were expressed as the meants.d. A two-tailed Student’s
t-test was used comparison between the pre- and post-treatment
groups. ANOVA analysis, followed by Dunnett’s test, was used for
multi-group comparisons. Pearson’s correlation coefficients were
used for determination between a significant positive and negative
relationship. Correlations between 0.4 and 0.6 were considered
moderate, whereas correlations from 0.7 to 1.0 were considered
strong. Significant differences were accepted when the P-value was
below 0.05.

RESULTS

Figure 1A shows change of the Gd concentrations in DCE-MRI
acquisition using Gd-DTPA at pretreatment, at 3-h, and 24-h post-
injection of A-83-01. A progressive accumulation of Gd in the

B 3 h (A-83-01 x1)
® 24 h (A-83-01 x2)

& Pretreatment

0.0357 5 54 h (A-83-01 x1)

0.030
0.025
0.020

0.015

Gd conc. (mmol I-1)

0.010

0.005

100
(s)

0.035

(g}

® Pretreatment @ 24 h (A-83-01 x2)

0.030
0.025
0.020

0.015

Gd conc. (mmol 1)

50

100
(s)

Figure |

150 200 250 300 350

150 200 250 300 350

tumour was observed during the first 60s followed by a plateau
phase. The group treated with a single injection of A-83-01 showed
the highest accumulation at 3 h post-injection of A-83-01 (1.7-fold
the TAUGCy,, Figure 1B) associated with a larger s.d., and a similar
level to those with pretreatment at 24 h (0.9-fold the IAUGCq). At
24 h after repeated injection, the tumour accumulation increased a
similar level to that at 3h after the single injection (1.8-fold the
TAUGCqq). Next, we observed changes of the tumour vasculature
repeat-treated by A-83-01 using Gd-L. The Gd concentration in
DCE-MRI acquisition of untreated mice was very low (Figure 1C).
The Gd concentration with Gd-L in repeat-treated mice increased
during the first 2005, and reached the same plateau value as with
that of the Gd-DTPA repeat-treated mice. Eventually the repeated
A-83-01 treatment increased 3.8-fold the IAUGCg of Gd-L
(Figure 1D), indicating a dramatic improvement in liposomal
contrast agent delivery to the tumour.

From the data obtained above, v, and K™" values were
calculated (Figure 2). With Gd-DTPA at 3h after the single
treatment, v, and K™*** were high values accompanied with great
variability, whereas at 24h, v, and K™ were similar to those of
the respective pretreatment values, suggesting that A-83-01
induced a transient change in the vasculature at around 3h.
On the other hand, at 24h after repeated treatment, all mice
showed increased v, and K" with Gd-DTPA (P <0.05) and Gd-L.
At 3h after the first treatment, v, and K™ did not show
significantly elevated values with Gd-DTPA, therefore, it can be
concluded that the repeated administration schedule changed the
tumour state positively for better liposomal contrast-agent
distribution. The most characteristic point of the v, and K™%
changes was the large dispersion of v, and K™ values after
repeated A-83-01 treatments with the use of Gd-L. The diversity
of local permeability of treated tumours may lead to large
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Figure 2 Values of fractional plasma volume (v,) (A) and volume transfer constant (K“*™) (B) in the tumour before (pre) and at 3h and 24 h after (post)
single or repeated A-83-01 injections using gadolinium (Gd)-DTPA and Gd-L as a contrast agent. Each column represents the mean £ SD (N=3 to 6).

dispersion of Gd-L. The mouse tumour core showed an increase in
the Gd concentration, as shown in Figure 1C, whereas the tumour
rim showed a high peak concentration at about 1min post-
injection of Gd-L that then decayed (data not shown). In contrast,
Gd-DTPA increased tumour Gd concentration homogeneously.
This finding suggests that Gd-L could detect small changes in
tumour micro-environments and brought about a big dispersion of
vp and K™ values among treated mice.

Figure 3 shows histological observations of the tumours with or
without the repeated A-83-01 treatment. Two distinct changes were
observed, although there was no difference in tumour cell shape or
necrosis. The first was intra-tumoural bleeding, which was
exclusively configured at the periphery of the A-83-0l-treated
tumours with 200-300 um width and 100 um depth (Figure 3A).
The bleeding lesions were not accompanied with tissue oedema,
suggesting minute rupture of tumour vessels. This means that
hyper-permeability had not occurred. The localised bleeding state
may correspond to the accumulation site of Gd-L. The second
observation was morphological changes of the tumour vasculature.
Abnormal blood vessels with irregular dilation were seen in the
untreated tumours, whereas the vasculature in A-83-01-treated
mice was smaller, and its shape was more round, suggesting the
vascular normalisation (Figure 3A). Tumour vascularity, the
percentage of vascular area (1.2%) in the treated tumours (post)
was not significantly lower than in the untreated tumours (pre,
2.9%, P>0.05), as the change was very diverse within a tumour
(Figure 3D). The abnormal tumour vessels were not accompanied
with pericytes, which were identified because of SMA reactivity
(Figure 3B). It is interesting to note that the normalised vessels in
tumours treated with A-83-01 were surrounded by pericytes
(Figure 3B). The Ki67 index (58.5%) was significantly higher in the
perivascular region of the A-83-01-treated tumours compared with
the untreated tumours (41.4%, P<0.05) (Figure 3C, E). These
findings suggested that the repeated A-83-01 treatment allowed the
recovery of blood flow during 24 h.

In the evaluation of apparent diffusion coefficient value, single-
treated groups at 3 and 24h did not show a difference compared
with the pretreatment, but the repeat-treated group at 24 h showed
a significant difference (P <0.01, Figure 4). Alteration of extra- and
intracellular fluid volume balance in repeat-administrated protocol
may occur in the tumour because the diffusion rate of intracellular
water is 1 order of magnitude smaller than that of the extracellular
water (Van Zijl et al, 1991; Gass ef al, 2001).

Next, the relation of DCE-MRI parameters with Gd-DTPA to
tumour apparent diffusion coefficient was investigated (Figure 5).
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There was a moderately negative correlation between the IAUGCg,
(Figure 5A),K"**(Figure 5B),v,, and apparent diffusion coefficient
(Figure 5C). This suggests that these parameters may be of value in
the assessment of tumour behaviour.

DISCUSSION

In this study, effects of a TSR-I inhibitor was firstly evaluated by
means of DCE-MRI with Gd-DTPA and Gd-L in mice bearing
colon 26 tumours. The effect of A-83-01 exhibited high IAUGCqq,
Vp, and K" values at 24 h after repeated treatment.

An increase in K™ by the use of Gd-L could conceivably
increase the permeability and surface area of the capillary
endothelium. The K™ wvalue estimated with Gd-L
(K™ =0.076 + 0.048 min ") after the repeated A-83-01 treatment
was higher to that with Gd-DTPA (K™™=0.035 % 0.009 min™ ")
(Figure 2B). Liposomal contrast agents are promising for
characterising the tumour vascularity and the angiogenesis status
through DCE-MRI method.

Anti-angiogenic agents such as anti-VEGF antibody and
tyrosine kinase inhibitor were reported that decrease both K™
and TAUGC (O’Connor et al, 2007; Bradley et al, 2008; Bradley
et al, 2009), and the decrease in K™ in solid tumours is
concerned with the anti-tumour effect (Morgan et al, 2003;
Marzola et al, 2004; Nakamura et al, 2006; Flaherty ef al, 2008).
In this study, K™%, IAUGCo, and v, were increased significantly
24h after the A-83-01 treatment. This increase may be explained
by different treatment protocols, different tumour models, and the
different signal inhibition between anti-angiogenic agent such as
kinase inhibitor and TSR-I inhibitor. Similar to A-83-01-treated
colon 26 solid tumours, LY364947-treated M109 solid tumours
increased IAUGC g at 3 h and recovered fully by 24 h post-injection
(Supplementary Figure S2).

It was reported that in a limited situation, anti-angiogenic
agents work to deliver more drugs into tumours through the
induction of vascular normalisation (Jain, 2001). Untreated colon
26 tumours showed low permeability, in spite of the absence of
pericytes or the leaky vessel state (Figure 2B, 3B). The increased
K™ and IAUGC4, values were related to the increased number of
growth state cells around the tumour vessel, and were correlated to
the decreased apparent diffusion coefficient value. Because of no
significant difference in tumour cell shape after treatment
(Figure 3A), intra-cellular volume did not change. Decreased
apparent diffusion coefficient, therefore, reflected a decrease in
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Figure 3 Histological analysis of tumours in untreated (pre) and treated (post) mice 24 h after repeated A-83-01 treatment. (A) Hematoxylin and eosin
staining ( x 40). Arrow indicates that zonal bleeding was observed at the periphery of the tumour with A-83-01 treatment. (B) Immunostaining with anti-
smooth muscle actin (SMA) antibody ( x 200 and inset, x 400). lrregularly dilated tumour vessels in untreated mice are not associated with pericytes,
whereas the normalized vessels after A-83-01 treatment are surrounded by SMA-positive pericytes (arrow). (€) Immunostaining with Ki67. Ki67-positive
proliferating tumour cells in the perivascular region are more prominent in the A-83-0l treated tumour than the untreated tumour ( x 200). (D) Mean
percentage of the vascular areas within the tumours as the index of tumour vascularity. (E) Ki67 index in perivascular regions of (C). Proliferating tumour
cells were increased significantly in A-83-01 treated tumours compared with untreated tumours (P <0.05). Each column represents the mean £ s.d. (N=5).
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Figure 4 Apparent diffusion coefficient of the tumours before (pre) and at different time points after (post) single (A) and repeated (B) intraperitoneal
A-83-01 injection. Repeat-treated tumours showed significant decreases in apparent diffusion coefficient compared with pretreatment. Each column
represents the mean £ s.d. (N=4).

extra-cellular fluid, suggesting that the recovery of delivery may be
related to vessel normalisation.

Furthermore, similar to negative correlation between tumour
interstitial fluid pressure and permeability of tumour (Haider et al,
2007), TAUGC, K", and v, showed a moderate negative
correlation to apparent diffusion coefficient, suggesting that these
parameters may be providing similar information. As apparent
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diffusion coefficient is acquired in clinic widely to detect and
diagnose a tumour, it could apply conveniently to examine the
permeability of tumour in patients.

Although there is room for improvement, DCE-MRI using
liposomal contrast agents such as Gd-L could be an important
method to anticipate the extravasation of the liposomal anti-cancer
drug during TBR-I inhibitor-combined therapy.

© 2009 Cancer Research UK
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Figure 5 1AUGC, transfer constant volume transfer constant (

), and fractional plasma volume (v,,) with gadolinium (Gd)-DTPA vs tumour apparent

diﬁ'uslon coefficient (ADC). There was a moderately negative correlation between the IAUGCqg and ADC (r=—04774, P=0.0451, N= [8) (A), between
K™ and ADC (r=—-05333, P=00227, N = {8) (B), and between v, and ADC (r=—05253, P=00252, N=18) (C).

In summary, we found that DCE-MRI parameters,
K™%, JAUGCs, and v, were positively related to tumour
vasculature by the treatment of A-83-01. Thus, TSR-I inhi-
bitor has the potential to enhance the delivery of liposomal
anti-cancer drugs and contrast agents. DCE-MRI forms a
capable tool to determine the administration schedule of
combination therapy with TSR-I inhibitor by K™ and v,
quantitation.
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Intensity-Based Bayesian Framework for Image Reconstruction from
Sparse Projection Data

Essam A. RASHED", Hiroyuki KUDO"

— Abstract
This paper presents a Bayesian framework for iterative image reconstruction from projection data
measured over a limited number of views. The classical Nyquist sampling rule yields the minimum
number of projection views required for accurate reconstruction. However, challenges exist in
many medical and industrial imaging applications in which the projection data is undersampled.
Classical analytical reconstruction methods such as FBP are not a good choice for use in such cases
because the data undersampling in the angular range introduces aliasing and streak artifacts that
degrade lesion detectability. In this paper, we propose a Bayesian framework for ML-EM-based
iterative reconstruction methods that incorporates a priori knowledge obtained from expected
intensity information. The proposed framework is based on the fact that, in tomographic imaging, it
is often possible to expect a set of intensity values of the reconstructed object with relatively high
accuracy. The image reconstruction cost function is modified to include the £, norm distance to the
a priori known information. The proposed method has the potential to regularize the solution to
reduce artifacts without missing lesions that cannot be expected from the a priori information.
Numerical studies showed a significant improvement in image quality and lesion detectability
under the condition of highly undersampled projection data.
Key words: Tomography, Image reconstruction, Sparse projection data, Bayesian method, Com-
pressed sensing
Med Imag Tech 27(4): 243-251, 2009

1. Introduction

In Computed Tomography (CT), projection data of the target object is measured over a set of many view angles.
The number of acquired projection views has a large influence to accuracy and stability of the image reconstruction.
In many imaging applications, the projection data is available only over a limited number of views. The term /im-
ited view projection data (also called sparse projection data) refers to the case where the projection data is acquired
over a small number of equally/unequally spaced angles less than the requirement by the Nyquist sampling rule
(1]. It is well-known that image reconstruction from the sparse projection data is an underdetermined problem and
the reconstructed image suffers from streak/aliasing artifacts that significantly degrade lesion detectability. Fig. 1
shows two CT imaging configurations for the conventional full scan and sparse scan. We note that image recon-
struction from the sparse projection data is an important problem in both medical and industrial imaging applica-
tions. In the following, we show examples for which the projection data becomes sparse. Electrocardiogram (ECG)
gated cardiac CT is a novel imaging technique used in diagnosing coronary artery disease thanks to its remarkable

ability to reduce cardiac motion artifacts [2]. The CT imaging is synchronized with the ECG signal representing
the cardiac motion and the projection data is re-organized such that all views correspond to each ECG temporal
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Fig. 1 Positions of x-ray source for CT data acquisition. The conventional full projection data (left) and
the sparse projection data (right).

window. Even by using high-speed modern CT scanners, it is known that the re-organization of measured data still
leads to a sparse projection data. Another important application of this paper is the nondestructive testing (NDT) in
industry using CT techniques [3). The NDT is used to examine internal cracks in various products and the sparse
projection data occurs due to limitations in the scanner geometry, imaging setup and data acquisition time.

In the literature, different approaches have been investigated to reduce the streak/aliasing artifacts caused by the
data undersampling. However, these approaches have not been used in commercial scanners yet. One direction to
overcome this problem is to estimate missing projection data by iterative or non-iterative methods (4, 5]. Another
direction is to incorporate a priori information for the scanned object into image reconstruction using Bayesian
framework. The a priori information can be expressed in different forms, such as Gaussian smoothness prior (6]

and Markov random field prior (7).
Recently, reconstruction of sparse signals/images is attracting attention of many research groups. Here, the term

sparse image means that the image to be reconstructed contains a small number of non-zero pixels. The recently
emerged theories of compressed sensing (8) demonstrate that it is possible to reconstruct accurate images using
projection data measured over a small number of views fewer than the traditional requirement (9, 10]. The main
idea is to include a distance function consisting of £, /£, norm of the reconstructed image into the cost function for
image reconstruction. Our group also applied this concept to blood vessel reconstruction [11], Anatomical-MAP
PET/SPECT reconstruction (12) and image reconstruction from truncated projection data [13]. Reconstruction
methods based on the compressed sensing have been also developed for respiratory-gated cone-beam CT (14] and
MRI imaging [15].

In this paper, we propose a new Bayesian framework to develop iterative image reconstruction methods from the
sparse projection data. In the compressed sensing framework, the image sparseness is enforced by transforming the
image into some domain (e.g. gradient or wavelet) such that the majority of coefficients are approximately zeros.
However, the sparsity assumption of object is not necessary in the proposed framework, as most applications in CT
deal with non-sparse objects. In the following, we explain the main idea of the proposed framework. Assuming that
% denotes the image vector, we represent the reconstructed image as a sum of two components; the reference image
(XR®) which includes all regions expected from the a priori known information (such as bones, soft tissues,..., etc)
and the target image (¥7) which includes unknown regions (such as lesions) that cannot be expected from the a pri-
ori information, as shown in Fig. 2. Medical imaging dedicated for diagnosis as well as NDT applications, in many
cases, aims at discovering the existence of X7 in the scanned object and/or detecting a temporal change or an indi-
vidual difference in the image. By using this image model, we consider the following two imaging scenarios. In the
first scenario, we assume that ¥R is a priori known with high accuracy. This a priori information can be obtained,
for example, by using the image reconstructed from all measured projection data in ECG gated cardiac CT. The ref-
erence image in this case is known to be blurred due to the motion artifacts but is still valid to be used as #%. In the
second scenario, we assume that both ¥ and ¥R are a priori unknown but a set of intensity values
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Fig. 2 The image model used in the proposed Bayesian framework. Reconstructed image ¥ (left),
reference image X® (middle) and target image X7 (right).

m = (my, ..., my) used to represent ¥% are known in prior to image reconstruction. The term intensity value refers
to the value of x-ray attenuation coefficient contained in the reference image ¥®. Each component of m corre-
sponds to an intensity value of a single region (organ) in ¥&. For example, the intensity values for air, water, lung,
and sternum for x-ray radiation of 70kev are known to be almost 0.0 (cm"), 1.0(cm™), 0.26 (cm™), and 1.25 (cm™),
respectively. Compared to the first scenario, the second scenario is not so difficult to be used in many CT applica-
tions. For example, in chest imaging, the intensity values of organs can be accurately expected by using a previous
scan of the same patient, an image averaged for different patients or commonly known intensity values. Moreover,
m can be estimated from the histogram of initial image reconstructed from the sparse projection data. We note that
our group has already proposed a theoretically similar framework to the one proposed here for the first scenario.
That framework was used to reconstruct PET/SPECT images with superior noise/contrast properties using template
images estimated from CT/MRI (12]. Also, a related work to the reconstruction method proposed for the first sce-

nario was recently published [14]. To the best of our knowledge, the reconstruction method proposed for the sec-
ond scenario is an original contribution. This paper is organized as follows. In section 2, the proposed Bayesian

framework and the associated iterative reconstruction methods are explained. In section 3, numerical studies per-
formed to evaluate the proposed framework are shown. In section 4, conclusion and future work are described.

2. Methodology

1) Problem definition

The aim of CT imaging is to reconstruct an object from measured projection data. When iterative techniques are
used for image reconstruction, this problem can be formulated as solving the linear equation A% =% where
% = (%3, ..., x,,) is the discrete representation of object, 4 = {a;;} is the m x n system matrix and § = (y,, ..., V)
is the measured projection data. When the dimension of § is smaller than the dimension of # (i.e. m < n), this
problem becomes underdetermined and reconstructing an accurate image becomes challenging. To overcome this
problem, the so-called Bayesian method takes a priori information on the scanned object into account. The pro-
posed Bayesian framework is based on the image model that the reconstructed image X can be represented as
# = #R + %7 as stated in section 1. Given j measured over a small number of views, the proposed reconstruction
method is based on minimizing the following cost function.

fz(®) = LG+ BD(X) )
L) = ; ; aijx; — yilog ; aijx; )

The formulation of Eq. (1) is well-known as maximum a posteriori (MAP) reconstruction, where L(%) is the nega-
tive log-likelihood function, D(¥) is the distance function between the reconstructed image % and the available a
priori information (described below) and B is the hyperparameter to control the strength of prior information, The
distance function D(.) can be formulated in various forms dependent on image properties and the nature of avail-
able a priori information. In this paper, we consider image reconstruction corresponding to the two scenarios
described in section 1. In the first scenario (i.e. the a priori information takes the form of reference image #%), we
propose the distance function as
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D(®) = Dp(#, #) = z d(x;, xF). 3)
j=1

In the second scenario, (i.e. the a priori information is a set of intensity values i), we propose the distance function
as

n
D@ = Dy(Z,) = ) minfwpd(x,my)] @)
j=1
The distance function in Eq. (3) simply measures the sum of pixel-by-pixel distance between ¥ and #X. On the
other hand, the distance function in Eq. (4) is defined as the sum of pixel-by-pixel minimum distance measured
between each image pixel x; and the set of a priori known intensity values my, (h = 1,...,H). The parameters
w4, ..., Wy Tepresent weights corresponding to the components of 7. For example, the weights w;, ..., wy can be
determined from the estimated intensity histogram of reference image X% (i.e. wy, should be large if many pixels in
%R have the intensity m,,). The single variable distance function d(.,.) should be carefully selected because it has
a large influence on the reconstructed image (12]. The conventional selection is the least square distance (i.e. €,
norm of ¥ — ¥R), however, we have found that a good choice that guarantees the convergence of associated itera-
tive methods and, at the same time, achieves significantly better image quality is the £, norm defined by
d(a,b) = |a - b|. &)

In the following section, we discuss some property of the £, norm that clarifies why £, norm is the proper distance
to be used in Eqgs. (3) and (4).

2) Power of £, norm distance

We explain why the £, norm behaves powerfully compared to the conventional £, norm in finding a solution of
the problem discussed above[11, 12). We first note that, in the proposed image model (Fig. 2), ¥ is relatively close
to X® as lesions (i.e. unexpected abnormal regions) usually arise in a small region. Therefore, the difference
between ¥ and #® corresponding to ¥7 becomes a sparse image. Let us consider the simple case of a two-compo-
nents image ¥ = (x,,%,) and a single-component projection data ¥ = (y,). Fig. 3 illustrates equi-contour lines
corresponding to the £, norm with p =1 and p =2. The dashed line L represents the linear equation
a;1%, + a;zx, = y;. In this case, the intersection point between £ and x, (or x;) axis (centered at the reference
image #R) is the sparse solution which we would like to reconstruct. From the equi-contour lines shown in Fig. 3, it
is clear that the £, norm distance gives a larger cost to the points far from the coordinate axes (i.e. non-sparse solu-
tions) compared to the £, norm. Consequently, we expect that the £, norm distance has a stronger power in finding
sparse solutions on or near the coordinate axes. This fact has been demonstrated in a few examples by our previous
work (11, 12]. In higher-dimension problems, the difference between the £, and €, norms can be significant. This
clarifies that, when the solution is sparse, the use of £; norm is the method of choice. Though the £, norm with
0 < p < 1 has a stronger power from this point of view, we preferred to use the £, norm because the convergent
iterative method is known for the £, norm (16].

3) Iterative reconstruction methods

The main obstacle in using the £; norm is the lack of convexity and differentiability of the cost function f(%).
Overcoming this drawback was made possible by using the so-called majorization-minimization strategy (16]. The
derivation of iterative reconstruction methods to minimize fz(X) is based on majorizing the non-separable part of
f(%) by a separable quadratic function around the current iterate % = 2@ (k is the iteration number) and then
minimizing the resulting cost function at each iteration. The detailed derivation using this technique can be found in
{12] (we will not repeat the derivation here). The final form of the iterative methods is expressed as repeating the
following two-substep procedure. The first substep is the normal image update of standard maximum likelihood
expectation-maximization (ML-EM) algorithm, and the second substep is the thresholding operation which rule is
determined by the a priori information. In the following, we outline the final form of two iterative methods associ-
ated with the two different imaging scenarios described in section 1. The main difference between the two methods
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Fig. 3 Equi-contour lines of the £, norm distance with p=2 (left) and p=1 (right). £ is the straight
line representing the linear equation to be solved and the solid point represents the solution
obtained by minimizing the £, norm distance.

is the nature of a priori information and the way to incorporate it into the cost function. The first method, R-MAP
{Reference-MAP) is used in the case where the reference image ¥R is available. On the other hand, the second
method, I'MAP (Intensity-MAP) is used in the case where the a priori information is limited to only a set of inten-
sity values ni = (m,, ..., my) arranged in ascending order (i.e. my <m, <+ < my). The R-MAP and I-MAP
methods are summarized as follows.

R-MAP reconstruction method
[STEP 1] (Preprocessing) Prepare the reference image ¥%.
[STEP 2] (Initialization) Set the initial image as #(® = #R, Set the iteration number as k « 0.
[STEP 3-1] (EM-update) Compute the image vector p = (py, Py, ..., Py) by
xj(k) S QY
o - 6

m .. n K
i=1 al} =1 Zjl___l ai}-:x}.,

pj =

[STEP 3-2] (Intensity thresholding) Compute the image vector § = (qy, g, ..., §) by

pi—8 p>xf+§

aG=p;+8 p<x -8, §=
R

]

B @)

elsewhere

[STEP 3-3] (Image update) Compute ¥+ = (xfk“),xgkﬂ), ...,x,(lk“)) by xj(k“): max (g, €), where € > 0
is a small number to ensure the positivity of pixel value (this technique is sometimes used in ML-EM-based itera-
tive algorithms to avoid dividing by zero in Eq. (6)).

[STEP 4] (Convergence check) Increment the iteration number as k « k + 1 and go to [STEP 3-1] until reach-
ing to a stopping criteria.

I-MAP reconstruction method

[STEP 1] (Preprocessing) Prepare the set of a priori known intensity values .

[STEP 2] (Initialization) Set the initial image as ¥(®) = ¢ where &£ > 0 is a small positive number. Set the itera-
tion number as k « 0.

[STEP 3-1] (EM-update) Compute the image vector § = (pq, Py, ..., Pn) bY Eq. (6).

[STEP 3-2] (Intensity thresholding) Compute the image vector § = (qy, g5, ..., q,) DY
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(P + 64 p; < Mj,
m M <y < min (W5
pj— 81 M <pj<s
pj + Gjn Sp-1 <pj < My o
q=4{ m max (M7, sh-1) <p; <min (M, s,), k=23, H—-1 ®
Pi = Gjn M, <pj < s,
P+ Ou Sp-1 <pj < Mjy
My max (M, su-1) Sp; < M}y
\pj — 8u pj > Mjly

where &, = (ﬁxj(k)“’h)/ (2 ai}')’sh = (WpMp + Ope1Mpy1)/ (Op + Opyr) s Mjp = my, — 6 and M}, = my, + & .

[STEP 3-3] (Image update) Compute ¥*+1 = (xfk“), XD 2y by x].("“): max (q;, €)-

[STEP 4] (Convergence check) Increment the iteration number as k ¢ k + 1 and go to [STEP 3-1] until reach-
ing to a stopping criteria.

The thresholding function in Eq. (7) for the R-MAP method has the form of well-known soft-thresholding used
in the wavelet denoising. In practical implementation, the soft-thresholding trims the image pixel value p; in
[STEP 3-2] toward the value of xf when they are relatively close, otherwise, p; is shifted “softly” toward xf. On
the other hand, the thresholding function in Eq. (8) for the I-MAP method can be expressed as a combination of
multiple successive soft-thresholding functions. The meaning of this thresholding is as follows. If the pixel value p;
is close to any component m,, of the intensity vector 7 (i.e. located inside the thresholding window controlled by
the parameter wp), p; is trimmed to m,. Otherwise, p; is shifted “softly” toward the closest value among
my, my, ..., my. The thresholding functions in both methods are designed to find the correct pixel value using the a
priori information when the projection data is sparse. As shown later, the proposed framework significantly reduces
the streak/aliasing artifacts.

3. Experimental results

1) Numerical phantom

In this simulation, we implemented ordered-subsets versions of the proposed methods (R-MAP and I-MAP) and
the conventional OS-EM method. The phantom shown in Fig. 2 was used and noise free projection data was used
for image reconstruction. The image size was 512x512 (pixels) and the projection data was computed by parallel-
beam geometry with 512 (radial bins) and 8/16 views (over 180°). In this phantom, the pixel intensity value inside
each region is uniform. For the R-MAP method, we assumed that the accurate reference image ¥R is a priori
known with no registration errors (ideal setup). For the -MAP method, the intensity values representing the a pri-
ori information were 7 = (0.0, 0.2, 1.0, 2.0), where the value of zero corresponds to the region outside the object
(air) and the other values correspond to the three regions in the reference image #%. All the iterative methods were
implemented with 300 iterations and 4 subsets. The main aim of this simulation was to evaluate detectability of
unexpected regions (lesions) #T in the reconstructed image when the projection data is sparse. The reconstructed
images are shown in Fig. 4. In the conventional OS-EM images, the severe streak/aliasing artifacts are present and
the contrast of reconstructed lesions ¥7 is low, which reduces possibility of detecting the lesions. However, a sig-
nificant improvement in the lesion detectability was achieved in both the R-MAP and I-MAP methods. By using
only 16 projection views, most of lesions with different size, contrast, and topology were recognized. As described
in (12), the R-MAP method, which uses the reference image X%, is sensitive to registration errors between ¥ and
#R. However, this is not the case for the I-'MAP method. Moreover, as explained above, the required a priori infor-
mation for the I-MAP method is significantly smaller than that for the R-MAP method.
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Fig. 4 (a) Numerical phantom, (b) the reference image ¥® for the R-MAP method and (c) intensity values m for the
I-MAP method. Reconstructed images using (d) the conventional OS-EM, (¢) R-MAP and (f) I-MAP methods
(8 views in top row and 16 views in bottom row). The gray scale is [0.0, 2.0].
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Fig. 5 (a) Chest phantom. Images (top) and central horizontal profiles (bottom) reconstructed from 16
projection views using (b) OS-EM and (c) I-MAP methods. The gray scale is [0.0, 2.0}.

2) Realistic chest phantom
In clinical CT applications, the attenuation coefficient within the same organ is not absolutely uniform in general.
In this study, a realistic chest phantom was used to evaluate the I-MAP method. The phantom represents a slice of
human thorax and the intensity value within each region (organ) is non-uniform as shown by the profile plot in Fig.
5(a). A 2D Gaussian fluctuation function was used to generate this phantom from the original segmented chest
image. The chest phantom contains lung lesions with different topology, size and contrast together with the blood-
vessel structures as shown in Fig, 5(a). To handle the effect of intensity variation within the same region, the dis-
tance function in Eq. (§) was modified as
) a—-b—4 (a—b>4)
d(a,b) =d(a,b,A)=sb—a—4 (a~b<-4), )]
0 (otherwise)
where A is the parameter empirically determined by the degree of intensity fluctuation within the same region. The
derivation of the corresponding thresholding function in this case is direct and is omitted. The a priori information
for the I-MAP method 7 = (0.0, 0.26, 1.0, 1.2, 2.0) represents values of attenuation coefficients corresponding to
air, lungs, soft tissues, heart and bones. /M was computed as average values of each region. In this study, the image
model in Fig. 2 was used under the assumption that the reference image ¥¥ contains normal thorax structures (i.e.
lungs, soft-tissue, heart and bones), but does not contain the other unexpected structures. On the other hand, the tar-
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get image %7 contains the unexpected structures such as lesions (with different topology, size and contrast) and
blood-vessels located inside the lungs. Therefore, the purpose of image reconstruction here was to improve detect-
ability (contrast and spatial resolution) of the lesions and blood-vessels X in the reconstructed image when the pro-
jection data is sparse. Of course, in the -MAP method, only the intensity values constructing the normal structures
were used instead of the reference image #R itself. The projection data was computed over 16 views and other sim-
ulation setups were similar to those in the previous study. The reconstructed images shown in Fig. 5 demonstrate
that the conventional OS-EM reconstruction suffers from severe streak/aliasing artifacts and low-contrast in the
lung lesions so that lesion detectability is poor. On the other hand, by using the I-MAP, most of lesions can be rec-
ognized correctly by reducing the image artifacts and recover the contrast of lesions and blood vessels. The pro-
posed I-MAP method still works well even if intensity value within the same region is slightly non-uniform.

4. Conclusions

We proposed a Bayesian framework to develop iterative image reconstruction methods in CT when the projec-
tion data is sparse. The proposed framework is appropriate to reduce streak/aliasing artifacts by using a priori infor-
mation on intensity values of scanned object. The main contribution of this paper was to reduce the required a
priori information for image improvement to only a set of intensity values, whereas the previous similar methods
assumed that the reference image is accurately known. The cost function for image reconstruction was designed by
adding a distance function based on the £; norm, which compares each pixel value of reconstructed image to the a
priori known intensity values. We think that the a priori information on the intensity values is relatively easy to
obtain in many clinical CT imaging situations and, therefore, the proposed framework sounds practical. The recon-
structed images in the numerical studies show that the proposed framework can significantly reduce image artifacts
and preserve image details unexpected from the a priori knowledge even if the intensity values within the same
region are non-uniform. Applying the proposed framework to real patient data is currently under investigation.
Future work may include investigating possible approaches to obtain the a priori information in various imaging
situations and extending the proposed method to the limited angle and truncation problems.

Finally, we remark that the proposed Bayesian framework is general such that it has a potential to be used in the
other limited-data problems. However, we expect that its validity and power strongly depend on the type of image
artifacts to be eliminated by the use of a priori knowledge. Since such experimental evaluation must be done
dependent on the type of limited-data, as a first step, this paper limited the focus-of-attention to the case of “sparse
projection data”, just due to the fact that it is simplest among all the limited-data problems. We will publish experi-

mental results for the other limited-data problems in separate publications [13].
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Iterative Region-of-Interest Reconstruction From Truncated CT
Projection Data Under Blind Object Support

Essam A. RASHED™!, Hiroyuki KUDO"!, Frédéric NOO™

~ Abstract

We have investigated image reconstruction from truncated projection data in computed tomogra-
phy. Region-of-interest (ROI) imaging techniques, which are practically implemented by limiting
X-ray exposure to the target region of the object, provide so-called truncated projection data. This
limitation in the projection data converts the image reconstruction problem to an undetermined
problem in which extra effort is needed to achieve accurate ROI reconstruction. Recently devel-
oped theories based on differentiated backprojection (DBP) suggest the possibility of achieving
accurate ROI imaging in some clinical imaging scenarios. An essential requirement for achieving
exact ROI reconstruction is prior knowledge of the object support (OS). However, the exact OS is
not always available in many imaging applications. In this paper, first, we investigate how the
image artifacts depend on the accuracy of the a priori known OS, and second, we propose an EM-
based iterative reconstruction algorithm to reduce the ROI artifacts when the OS is unknown. The
image reconstruction cost function is modified to include a thresholding function in the form of £,
norm, and thanks to this modification, the OS is automatically detected by the thresholding func-
tion and the ROI artifacts are reduced. The experimental results, including numerical simulations
and real data with different ROI and object configurations, indicate that a significant reduction in
ROI artifacts can be achieved by using the proposed algorithm.

Key words: Tomography, Image reconstruction, ROI imaging, Truncated projection data, Object
support
Med Imag Tech 27(5): 321-331, 2009

1. Introduction

Computed Tomography (CT) has become the most popular medical imaging modality to diagnose various dis-
eases. The widespread use of CT increased the radiation dose in the population as CT involves much higher dose
over the traditional plain-film radiography (1] . The interest was recently focused on developing reconstruction
algorithms from low dose CT projection data to reduce the radiation dose. The dose reduction is challenging as the
decreasing of the x-ray beam intensity increases the statistical noise in the reconstructed images. One possible
approach to achieve the dose reduction is the Region-of-Interest (ROI) CT imaging by focusing the radiation only
to the organ of interest, which reduces unnecessary radiation to the remaining portion of the patient. This imaging
setup directly leads to data truncation problem in which left and/or right portions of the projection data are missing
for all the view angles. Fig, 1 illustrates CT imaging setups for the full scan and the ROI scan. The topic of ROI
imaging has been studied for a long time (e.g.(2 ~ 5]) and, based on the concept of analytical reconstruction, it had
been believed that ROI reconstruction, even for a small ROI, requires all projection rays passing through the whole
object and any truncation leads to losing the solution exactness. However, the recently developed theories based on
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Fig. 1 CT imaging configurations for whole object imaging (left) and ROI imaging (right).

the concept of Differentiated Backprojection (DBP) (6] and Backprojection-Filtration (BPF) (7] succeeded in
reducing the required set of projection rays for theoretically exact and stable ROI reconstruction. It became clear
that the position of the ROI is an important factor to determine the possibility of accurate ROI reconstruction.
Defrise et al. (8] provided a sufficient condition for accurate ROI reconstruction with truncated projection data. The

exact reconstruction requires that the ROI contains a small limited region inside (9, 10] or outside the object with
known intensity values. Practically, the availability of accurate prior information inside the object is difficult, how-
ever selecting this region as a portion of the background is more feasible as the attenuation value of air is known to
be almost zero. Enforcing this a priori information of the background region is usually done using the Object Sup-
port (OS) constraint during image reconstruction. The OS is the region where the object is certainly inside. In real
applications, however, the a priori knowledge of the OS is not always available or requires extra efforts to be esti-
mated accurately. Alternatively, OS is selected a slightly larger than the true object to ensure that the object is
located completely inside. Through numerical studies, it is known that the lack of exact OS produces DC-shift and
low-frequency artifacts in the reconstructed images [11, 12].

The aim of this paper is two-fold. The first aim is to evaluate the relation between the accuracy of prior knowl-
edge of OS constraint and the quality of image reconstructed from truncated projection data. The second aim is to
propose an iterative ROI reconstruction algorithm from truncated projection data when the OS is unknown or tech-
nically unavailable. Throughout this paper, we consider the truncated projection data such that only the projection
rays passing through the ROI are measured. These settings are suitable to achieve a reduction in the radiation expo-
sure outside the ROL In the proposed algorithm, the cost function is modified to include a thresholding function in
the form of £, norm distance. The OS is then automatically estimated by the thresholding function and iteratively
converges towards the exact one. In section 2, we explain necessary basic concepts and the proposed iterative
reconstruction algorithm. In section 3, we present numerical results of simulation studies and real data. In section 4,
we conclude the paper.

2. Methodology

1) Object support constraint

‘We assume that the projection data is truncated such that it includes only the projection rays corresponding to all
lines passing through a limited ROI Q. We represent the OS (the a priori known region where the object is cer-
tainly inside) by g. Then, the exact reconstruction of € is possible if there exists a set of pixels x ; such that x ;€ Q
and x; & U (8]. In other words, ROI should be defined such that it includes a limited region outside the OS where
the intensity value is a priori known to be zero. Two different imaging configurations are shown in Fig. 2 that illus-
trates Defrise's condition. In the setup of (a), the exact reconstruction is possible as the ROI is selected such that it
contains a small region outside the OS g (hatched area), while the exact reconstruction is theoretically not possible

in the setup of (b) as it corresponds to the so-called interior problem [13). The challenging of this theory is that,
when the accuracy of OS is worse, the observed ROI should be selected to cover a larger region of the scanned
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Fig. 2 Two different ROI imaging configurations, (a) ROI contains a region (shaded) outside the OS
(Defrise’s condition is satisfied and the solution exactness is assured) and (b) ROl is contained
completely inside the OS (interior problem and the solution is not unique).

object and a larger area outside the object. A typical clinical application that demonstrates these imaging configura-
tions is the cardiac ROI imaging. To obtain a theoretically accurate reconstruction, the ROI should be selected care-
fully such that it includes a region where the intensity value is a priori known to be zero. Considering the fact that
it is difficult to determine the exact contours for different patients (exact OS) in prior to imaging, the ROI should be
selected large enough to include the target object (heart) and the region outside the OS similarly to the setup of Fig.
2(a). The aim of this work is to estimate the exact OS during image reconstruction. This will allow us to reduce the
size of ROI leading to dose reduction and other benefits. Finally, we remark that analytical solution have not been
found yet for this truncation problem so that using iterative algorithms is an only way to perform image reconstruc-
tion in this problem [8~10].

2) Tterative algorithms with zero-pixels identification

To estimate the OS, for example, iterative algorithms which alternate image reconstruction and zero-pixels iden-
tification (by thresholding or image segmentation) can be considered. However, such brute-force algorithms cannot
be implemented efficiently and their convergences are not guaranteed in general. In this paper, we introduce a more
sophisticated class of iterative algorithms based on the relatively new concept of so-called sparse signal recovery or
compressed sensing (14] . The main idea is to include a distance function consisting of £, /£ norm of reconstructed
images into the cost function for image reconstruction. Then, this additional £, /£y norm term works as a threshold-
ing operation applied after each iteration step, which replaces small pixels values to zeros (i.e. identifying zero-pix-
els). Here, the word “zero-pixels” refers to pixels which have zero pixel values. As a result, unlike the ordinary
iterative algorithms such as ART and EM algorithm, this new class of iterative algorithms can automatically esti-
mate the OS during image reconstruction. When this concept is combined with the EM iterative reconstruction
algorithm, it was shown that the resulting algorithm takes the form of alternating the following two substeps [15].
The first substep is the regular iteration step of EM algorithm, and the second substep is the thresholding operation
called the hard/soft thresholding in the wavelet literature. The accuracy of zero-pixels identification is improved as
the iteration proceeds, and the estimated OS approaches to the exact object boundary.

Recently, such algorithms have been investigated to solve general inverse problems, and are attracting attention
of many researchers (e.g. (16, 17) ). Our group also applied this class of iterative algorithms to 3D blood vessel
reconstruction from limited number of projections (18] and PET/SPECT reconstruction [15). In this paper, we
use the same concept to estimate the OS in image reconstruction from truncated projection data. As shown later,
this concept leads to automatically estimating the OS during the iteration and thereby reducing the DC-shift and
low-frequency artifacts significantly.

3) Proposed reconstruction algorithm

In this section, we explain the proposed reconstruction algorithm. First, we note that the iterative algorithm here

is essentially same as that in (15], though the target imaging application and the nature of projection data in this
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paper are completely different from that in (15]. Let X =(x,...,x,) denote the image vector and P =(y;,e.s ¥py)
denote the measured projection data. These two vectors are related to each other by the linear equation 4% =y,
where 4={a;} is the mxn system matrix. Then, the proposed cost function for image reconstruction is expressed
as

F@=LE+ BT, 0
Where L(X) is the negative log-likelihood function, T(¥) is the distance function between the reconstructed image
X and the null image, and £ is the hyperparameter. The definition of L(¥) and T(¥) are given by

=] j=1

L(x) = Z iarf X;~ i log(Za,] JJ @

TG)=3sx), and s@)=lim}f* =] ‘*° ®
x)=) s(x;), and s(f)= lim}f =
j=1 . e-+0 0 ¢=0

We derive the iterative reconstruction algorithm by using the majorization-minimization strategy same as that in

(15]. The essential outline of the derivation is as follows. At each iteration k, we approximately majorize the non-
separable part of the cost function L(¥) by a separable quadratic function L(%;¥*) around ¥ = ¥® as:
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where C(¥®) is the term independent of X. Consequently, the final form of the separable surrogate cost function is

pj = ’ (5)

given by
f(f;x"‘>>=zlﬂ[t,-(x,-—p,~>2+s(x,»>]+co“c“‘>> with 7, = ﬁ(k)Z y (©)
J=

At each iteration number k, the above cost function f(¥;%*’) is minimized instead of f(%) to obtain the next
iterate ¥**D. Setting the partial derivative of Eq. (6) with respect to X equal to zero and then applying the non-neg-
ativity constraint ¥ = 0 yields the iteration formula given below by Eq. (7). The proposed iterative algorithm, which
we call Th-OSEM (Threshold ordered subsets expectation maximization), is summarized as follows:

[STEP 1] (Initialization) Set the initial image as ¥ = ¢ where £> 0 is a small positive mumber. Set the iteration
number as k « 0.

[STEP 2-1] (Majorization) Around the current iterate ¥, L(%) is (approximately) majorized using the separable
function of Eq. (4) to get the surrogate cost function of Eq. (6).

[STEP 2-2] (Minimization) We minimize the cost function of Eq. (6) over X 20 to obtain the next iteration
7 kD),

g= argmx_in fG,x®), ij(-k“) =max(q;,0) (7)

where & > 0 is a small value to guarantee that x**) > 0.

[STEP 3] (Convergence check) Increment the iteration number as k « k+1 and go to {[STEP 2-1] until reaching
to a stopping criterion.

The practical implementation of the proposed algorithm is simply described as follows, In [STEP 2-1], the
majorization substep is applied by computing p =(p,, py,..., p,,} Using Eq. (5) which is same as executing a single
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iteration of the conventional OSEM algorithm. The minimization in [STEP 2-2] can be explicitly performed by the
following thresholding function [(15].

0 N
g,= Pj J (8)
p; elsewhere

The Th-OSEM algorithm is executed as one substep of the conventional OSEM algorithm (Eq. (5)) followed by
the pixel-by-pixel thresholding (Eq. (8)). The OSEM algorithm was used as a basic iterative algorithm to develop
the proposed iterative method, because the non-negativity feature of the EM-based algorithms is helpful in regular-
izing the solution and estimating the OS more accurately. However, we note that the similar algorithms can be
developed based on the other iterative algorithms such as ART and the conjugate gradient. The thresholding func-
tion in Eq. (8) has a large similarity to the well-known hard-thresholding operation in the wavelet denoising. This
proposed algorithm belongs to a class of recently developed iterative reconstruction algorithms which use a sparsity
constraint by employing a distance function based on the £;/£y norm (15~ 18]. A useful theoretical analysis of
convergence can be found in [19].

4) Handling the hyperparameter §

In maximum a posteriori (MAP) reconstruction algorithms, the hyperparameter # in Eq. (1) is known as the reg-
ularization parameter which handles the strength of the prior term. In the proposed algorithm, 4 controls the size of
the thresholding window as in Eq. (8). It is clear that # should be carefully selected, because, if it is assigned to a
relatively large value, some low-frequency details in the reconstructed image will be lost due to the strong thresh-
olding. In contrast, if f is relatively small, the merit of thresholding is small and the reconstruction algorithm
behaves similar to the conventional iterative algorithms. We propose to use a dynamic value for this parameter by
starting with a relatively large value ( £, ) and then gradually decreasing it to zero according to the following rule.

,}i_?lﬂk=0 and ). f, =oo ®)
k=0

A simple setup to satisfy Eq. (9) is to use S, = f, /(1+k). This approach is based on the observation that, in the
early iterations, a strong thresholding is required for the rough detection of the OS and a weak thresholding is pre-
ferred later to retrieve missing image details. We expect that the iteration converges to an approximate solution to
the following optimization problem.

Minimize T(X) subjectto AX=y, x=20 (10)

The rationale behind why the dynamic value of hyperparameter B, should satisfy Eq. (9) is as follows. First, the
left equation in Eq. (9) is necessary, because the value of # in the cost function of Eq. (1) should be close to zero
for the solution minimizing f(¥) to coincide with the solution to the constrained problem of Eq. (10). On the other
hand, the right equation in Eq. (9) intuitively means that the speed to decrease the value of S, to zero should be suf-
ficiently slow. This constraint is necessary, because, if the speed to decrease the value of B is too fast, the iteration
is trapped at some point before reaching to the solution minimizing T(%). For example, £, = f, /(1+ k) satisfies
this constraint, but 8, = f, /(1+ k)? does not. We also note that the similar constraints have been used in the row-
action maximum likelihood algorithm (RAMLA) for image reconstruction in emission tomography (20] and the
gradient descent method with diminishing stepsize (21, p51].

3. Numerical results

1) The effect of OS

Simulation studies were performed to evaluate the effect of g priori knowledge of the OS to the quality of recon-
structed images. These studies were performed using a single slice (z = 0) of the FORBILD thorax phantom with
image matrix size of 512x512 pixels. The ROI was set to be a circle with a diameter of 160 pixels covering the car-
diac region as shown in Fig. 3(a). The ROI position was selected such that the condition of Defrise is satisfied when
the OS is close to the exact one (i.e. the ROI contains a small region outside the exact OS). The projection data were
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computed with parallel-beam geometry for 512 radial bins and 512 views (over 180°%), and the data were truncated
manually such that only projection rays passing through the selected ROI are used for the reconstruction. Different
selections of the OS constraint g4 were applied that include exact OS knowledge, the case where the OS is known
with different degrees of OS accuracy (110% ~ 150% larger than the exact OS) and the unknown OS. The “exact
OS> means the true exact contour of the scanned object. The “110% OS” means the region inside the ellipse whose
semi-axis length is 10% larger than that of the ellipse corresponding to the “exact OS”. The definitions of “130%
0S” and “150% OS” are similar (see Fig. 3(a)). The reconstruction was performed using the conventional OSEM
algorithm with 8 subsets and 100 iterations for each setup. The implementation of the iterative reconstruction is as
follows:

[Step 1] The image matrix X in the iterative algorithm is prepared such that it contains the whole object (not the
ROI Q only) though only the ROI is the target to be reconstructed accurately.

[Step 2] The whole image matrix X is reconstructed by OSEM (section 3.1) or Th-OSEM (section 3.2) using only
a set of projection data ¥ which intersect the ROI Q. When the OS is a priori known, after every iteration k, pixel
values outside the OS are set to zeros.

[Step 3] Trim the reconstructed image matrix X to the small image which contains only the ROI Q.

Reconstructed ROIs are shown in Fig. 3 and the corresponding ROI central horizontal and vertical profiles are
shown in Fig. 4. In Fig. 3, the reconstructed whole image matrix (512x512 pixels) was trimmed to the ROI image
consisting of 512300 pixels for display. It can be observed that improving the OS accuracy results in reduction of
the DC-shift and low-frequency artifacts in the reconstructed images.

We note that, in the problem dealt with in this paper, 100 iterations with 8 subsets are reasonable choices, which
were determined from the experimental optimization of iteration number. The explanation is as follows. The OSEM
algorithm is normally used in PET/SPECT reconstruction. Though 100 iterations with 8 subsets are too many in
PET/SPECT applications, the nature of the reconstruction problem in this paper differs from that in PET/SPECT
with respect to the following point. In CT, unlike PET/SPECT imaging, the object normally contains low-contrast
structures and the compressed gray scale (e.g. [0.94, 1.03] in Fig. 3) is used for image display to make the low-con-
trast structures visible. To recover the low-contrast structures with allowable small DC/low-contrast artifacts, more
numbers of iterations are necessary compared to the case of PET/SPECT. So, we have carefully optimized the iter-
ation number in the experimental study. In Fig. 5, we showed the profiles of the reconstructed images with 10, 20,
50,100, and 1000 iterations of the OSEM algorithm with 8 subsets. The results demonstrate that the DC/low-con-
trast artifacts still continue to decrease up to approximately 100 iterations, but only very small improvements were

' (a) /.Exact 0s

-/

08-130%

. .
0S-110% 085-130% 0S8-150%

Unknown OS

Fig. 3 (2) FORBILD thorax phantom (z = 0) and different OS setups, ROI reconstruction results with
different OS degrees of accuracy, (b) OS is unknown, (c) OS is exact and (d) ~ (f) OS is known
as the region that is larger than the exact OS. The display gray scale is [0.94, 1.03].
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