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Abstract

Interest exists in developing computed tomography (CT) dedicated for breast-cancer imaging.
Because breast tissues are radiation-sensitive, the total radiation exposure in a breast-CT scan is
kept low, often comparable to a typical two-view mammography exam, thus resulting in a
challenging low-dose-data-reconstruction problem. In recent years, evidence exists suggesting that
iterative reconstruction may yield images of improved quality from low-dose data. In this work,
based upon the constrained image-total-variation (TV) minimization program and its numerical
solver, i.e., the adaptive steepest descent-projection onto the convex set (ASD-POCS), we
investigate and evaluate iterative image reconstructions from low-dose breast-CT data of patients,
with focuses on identifying and determining key reconstruction parameters, devising surrogate
utility metrics for characterizing reconstruction quality, and tailoring the program and ASD-POCS
to the specific reconstruction task under consideration. The ASD-POCS reconstructions appear to
outperform the corresponding clinical FDK reconstructions, in terms of subjective visualization
and surrogate utility metrics.

Correspondence to: Xiaochuan Pan, xpan@ichi cago. edu.
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l. Introduction

Computed tomography (CT) dedicated for breast-cancer imaging has been a focus of recent
investigation [1]-[8]. Current breast-CT prototype scanners employ flat-panel detectors for
collecting projection data from the breast at ~500 views over a circular source trajectory,
and the FDK algorithm [9], or its variants, is used for reconstructing breast-CT images.

A concern in breast CT is radiation exposure to the breast, because breast tissues are
radiation-sensitive [4]. The total radiation exposure in a breast-CT scan thus is kept low,
often comparable to a typical two-view mammography exam [4]. When such a low level of
exposure is distributed over a large number (~500) of projection views in breast CT, data
collected at each view are of low signal-to-noise ratio (SNR). It can thus be challenging to
reconstruct images of sufficient spatial and contrast resolutions for detecting calcifications
and for discerning and characterizing subtle lesions [10], [11].

In recent years, a great deal of effort has been devoted to the development of iterative
image-reconstruction algorithms from low-dose (i.e., low-SNR) data collected in diagnostic
CT. There are indications that iterative reconstruction techniques may yield images of
improved quality from low-SNR data [12]-[25]. In this work, we investigate and evaluate
iterative image reconstructions from low-SNR breast-CT data collected in a clinical trial
under a research setting using dedicated breast-CT systems.

[l. Basic Materials and Methods

A. Patient-data collection

As described in detail in Ref. [11], the dedicated breast-CT scanner considered employs a
flat-panel detector to collect cone-beam projections at 500 views uniformly distributed over
27 of a circular source trajectory. The panel detector consists of 1024x786 effective bins,
each of which has a width of 0.388x0.388 mm2. The source-to-iso-center and the source-to-
detector distances were 45.83 cm and 87.78 cm, respectively. Patient data were acquired in a
clinical trial for performance evaluation of the breast-CT scanner [26]-[30].

B. Iterative reconstruction

In the reconstruction, an optimization program specifies solutions, whereas iterative
algorithms are devised to achieve the designed solutions through solving the optimization
program [31]-[47]. In this work, the optimization program and algorithm considered are
summarized below.

1) Optimization program—We use vectors f and g of N and M entries, respectively, to
denote image and data, and design reconstruction f* as a solution to the optimization
program:

f*=argmin|f||, subjectto D(f) <eand f; >0, ()

where ||f||Tv denotes the image’s total variation (TV) [31], [48],

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Bian et al.

Page 3

D(f)=|#t—gll,/M (2

the average Euclidean data divergence, # the system matrix, f; the j-th entry of f, and ca
non-negative parameter for controlling the allowable average inconsistency between data
and imaging model per detector bin. The optimization program in Eq. (1) is referred to as
constrained TV-minimization.

2) Reconstruction algorithms—Algorithms can be developed for image reconstruction
through solving the optimization program in Eg. (1). One such algorithm uses adaptively the
steepest descent (SD) and projection-onto-the-convex-set (POCS) [49]-[51] to reduce image
TV and data divergence, respectively. The algorithm, referred to as the ASD-POCS
algorithm [31]-[34], [46], [47], has been demonstrated numerically to solve the constrained
TV-minimization in Eq. (1).

The constrained TV-minimization and ASD-POCS algorithm have previously been
described in detail [31], [32], [46], [47]. In this work, we investigate and demonstrate their
application to reconstructing images from low-SNR breast-CT data.

lll. Reconstruction parameters and their determination

A number of reconstruction parameters are needed for a complete specification of the
constrained TV-minimization, ASD-POCS algorithm, and thus final reconstructions [32],
[46], [47]. We identify below the key reconstruction parameters involved and illustrate their
determination in breast-CT applications.

A. Program parameters

For given data g, the complete specification of the constrained TV-minimization in Eq. (1)
involves three key parameters: (a) the pixel width® (or, equivalently, pixel number N for a
given image support); (b) system matrix #; and (c) parameter < controlling the allowable
inconsistency level between data and data model. Their appropriate selection can have a
significant impact on reconstruction properties.

1) Pixel width—In general, pixels of small widths may be preferred for possibly yielding
sufficient level of spatial and contrast resolutions for detecting micro-calcifications and
discerning subtle, low-contrast lesions and normal tissues in breast-CT images. When an
image support is given, the smaller the pixel width, the larger the pixel number N (i.e., the
entries of f to be reconstructed). However, M is fixed, and increasing N can result in not only
an unrealistic demand on reconstruction time and computation memory, but also a severely
under-determined system matrix # and consequently a reconstruction possibly with
significant artifacts. In Sec. VI-Al, we discuss the selection of pixel width.

2) System matrix—System matrix * plays a key role in specifying the constrained TV-
minimization in Eq. (1). For given values of M and N, the property of # depends upon how

IThe generalization of the discussion of pixels in 2D to that of voxels in 3D is straightforward.

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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its elements are actually calculated. For a given scanning geometry, different calculations of
the elements can yield # with different numerical properties. In this work, a standard way
was used to calculate an element of # as the intersection length of an X-ray with a pixel
[52], [53].

3) Parameter e—The specification of the constrained TV-minimization in Eq. (1) involves
parameter & which sets an upper bound on the allowable discrepancy between data and data

model. A larger £ generally permits a larger solution set than does a smaller ¢, thus allowing

smoother reconstructions with decreased TV. For a given data set and imaging task, methods
can be devised for estimating ¢ [32]-[34]. In Sec. VI-A we describe a scheme based upon an
image-power-spectrum metric for estimating .

B. Algorithm parameters

Like any algorithm, the ASD-POCS is specified also by algorithmic parameters, including
the methods used for reducing data divergence and image TV, and the parameters used for
controlling the relative strength between the two reductions [32]-[34]. Different selections
of the parameters generally yield different paths hopefully leading to the solutions specified
by optimization program.

1) Computation methods—The POCS is efficient in reducing the data divergence of Eq.
(2) to close to . However, when a convergence is desired, we then switch to the SD method
[30], to further reduce data divergence robustly in the neighborhood of &. Otherwise the SD

method for lowering image TV remains unchanged in the ASD-POCS.

2) Additional algorithm parameters—Additional key parameters in the ASD-POCS
are described in detail in Ref. [32]: (a) parameter f¢q controls the update strength in the
POCS; and (b) parameters rmn.x and areq balance the reduction strengths in data divergence
and image TV. Parameter values similar to those in Refs. [32] were selected, because results
of previous and current studies indicate that ASD-POCS with such parameter selections can
robustly yield numerically convergent reconstructions according to convergence conditions
designed based on Egs. (3) and (4) below.

C. Convergence parameters

With the program and algorithm parameters discussed, we describe below convergence
conditions (or, equivalently, convergence parameters).

1) Convergence conditions—Convergence conditions can be derived for constrained
TV-minimization [32]-[34]:

D(E™) - & (3)

eo(f™) = —1, (@

as iteration number n — oo, where f(" denotes the reconstruction at iteration n, c,(f("M) is a
quantity that can be calculated from f( by use of Eq. (21) in Ref. [32]; and the program
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parameter ¢ is chosen to be above the POCS minimum of D(f), which is larger than, or equal
to, the true minimum of D(f). In a practical reconstruction, Egs. (3) and (4) cannot be
satisfied, because a computer has only a finite precision, and because only a finite number of
iterations can be performed. Therefore, we form the relaxed convergence conditions:

| | <10 *and |c,(f™M) + 1] < 1072, for use in this study. When Egs. (3) and (4)
are referred to, we mean the relaxed convergence conditions.

D(F)—e
g

2) Role of iteration numbers—When a convergent reconstruction is of sole interest, its
satisfaction of the convergence conditions are the only concern, and the number of iterations
required is thus irrelevant. Reconstructions at iterations prior to reaching the convergence,
however, can resemble the convergent reconstruction. Moreover, it is not uncommon that, in
terms of utility metrics of interest, reconstructions at early iterations may be of some utility,
as discussed in Sec. V1. Therefore, if such a reconstruction is of interest, the iteration
number becomes a reconstruction parameter; and for different data conditions, a fixed
iteration number is likely to yield reconstructions of different levels of image quality.

IV. Algorithm verification and evaluation

A. Algorithm verification

The ASD-POCS and its numerical implementation are first verified in an inverse-crime
study [54]-[56], in which a selected # is used for generating data from a given discrete
image (i.e., the truth image), and the same matrix * is also used in the algorithm for image
reconstruction, from the generated data, on the same array of the truth image. We devise an
inverse-crime study mimicking the data sampling condition in the breast-CT study, along
with convergence conditions tailored specifically to the inverse-crime study below:

DE™) =0, ©

RMSE(f™, £)) — 0, (6)

CTV(E™ £5) -0, @)

ca(f™) = —1, (9

as iteration n increases, where f denotes the truth image, RMSE is the root mean square
error between f(" and fo, and CTV(F™, o) = |[I"lrv — IIfollrvl/lifollTv-

In contrast to Egs. (3) and (4), the convergence conditions for the inverse-crime study
include the following modifications: (a) because the same matrix # is used for data
generation and image reconstruction, the data divergence should be zero, i.e., £=0; and (b)
because the truth image is known, itself and its TV can both be exploited for devising
convergence conditions in Egs. (6) and (7). An inverse-crime study avoids the selection of

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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some reconstruction parameters such as pixel width and &, which are needed in real-data
studies.

B. Reconstruction evaluation

A meaningful evaluation of image reconstruction from low-SNR breast-CT data is a non-
trivial undertaking because a breast consists of complex, subtle low-contrast textures and
because the evaluation should be clinical-task-specific. In general, metrics such as image
RMSE and image contrast are inadequate for meaningful assessment of breast-CT
reconstruction. Instead, in addition to visual inspection, power-spectrum metrics are devised
for evaluating breast-CT reconstruction [57], [58].

1) Visual assessment—Visual inspection offers an important, effective assessment of
breast-CT-image reconstruction, even though it may not provide a quantitative result. In
real-data studies below, we first perform visual inspection of reconstructed images, focusing
primarily on detecting possible artifacts, assessing their overall visual perception, and
correlating image visualization to metric-based evaluation result. Visual inspection will also
be used for guiding the selection of pixel width in Sec. VI-Al.

2) Power-spectrum metrics—The anatomical power spectrum has been established as a
useful tool for characterizing breast-image quality [57], [58]. From a reconstruction, one can
calculate its power spectrum P(K), where k is the radial frequency (in units of cyc/mm) in the
image-frequency space [33], [58]. It has been shown empirically [58] that P(k) with 0.1 < k
< 0.5 contains useful texture information in a breast image, that P(k) with k> 0.5 hold
largely noise and artifact contents, and that the curve P(k) over 0.1 < k< 0.5 can be fitted to
a power law: P(K) o< k7, where fis the fitted power parameter.

Using knowledge of P(k) (For details how P(k) was calculated, please refer to Sec. 4.3 of
Ref. [33].) with 0.1 < k< 0.5, we obtain two metrics for evaluation of breast-CT
reconstruction: (a) Ap, the area under the power spectrum (AUP) P(K) with 0.1 <k< 0.5 and
(b) S, a parameter representing the strength and shape of the anatomical power spectrum. It
has been found [57] that a smaller S could be correlated to an earlier detection of a growing
lesion2. As discussed in Sec. VI-A2, metric Ap is used for guiding the selection of in real-
data studies.

V. Verification: inverse-crime studies

A. Inverse-crime-study design of breast-CT relevance

Without loss of generality, we illustrate below a 2D inverse-crime study: a 2D slice, shown
in Fig. 1a, of a clinical FDK reconstruction on a 380x380 image array from low-SNR breast-
CT data is used as the truth image fo. The use of a clinical image as the truth image allows
for the verification study to be of high breast-CT-imaging relevance, because the image
contains realistic texture information about breast-tissue. The truth image was used to

2The power spectrum result [57] assumes that the image has a shift invariant property and that image noise is a wide-sense stationary
stochastic process. Although reconstructed breast-CT images may not strictly satisfy the conditions, we find power-spectrum metrics
useful in evaluation of breast-CT images.

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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generate data at 500 projection views uniformly distributed over 2 for a scanning
configuration identical to that of the dedicated breast-CT scanner considered, and the
detector used consists of 1024 bins with a width of 0.388 mm in the detector plane.

B. Results of the inverse-crime study

In practical reconstructions, it is unlikely that Egs. (5)—(8) can be achieved, because of finite
computer precision, and because of a finite number of iterations performed. Therefore, using
Egs. (5)-(8), we devise practical convergence conditions: D(f(") < 1078, RMSE(f("M) < 1075,
CTV(EM, f5) <1073, and |c,(fM) + 1| < 1072, and show in Fig. 2 how the convergence
metrics evolve as iteration number n increases.

In Figs. 1b and 1c, we show the numerically convergent reconstruction and its difference
with respect to the truth image in Fig. 1a. The results verify (a) that the ASD-POCS can
numerically satisfy the convergent conditions, (b) that its computer program is implemented
correctly, and (c) that the achieved convergent reconstruction is numerically close to the
truth image. Although the inverse-crime study shown is only for a 2D case, it has been
carried out for 2D or 3D breast-CT reconstructions, and results and observations similar to
those discussed above have been obtained in these additional studies.

VI. Results of Patient-data Studies

In this section, following a demonstration of determination of key reconstruction parameters,
we present 2D and 3D reconstructions from breast-CT data.

A. Data-specific determination of reconstruction parameters

All of the reconstruction parameters except for pixel width and € have been determined in
Sec. 11, because they are generally robust to data conditions considered. However, as
discussed previously, an adequate selection of pixel width and ¢ can be sensitive to data
conditions, and their data-specific determination is illustrated below.

1) Determination of pixel width—We determine an adequate pixel width through
performing visual inspection of a series of reconstructions obtained with different pixel
widths. For the case considered, its clinical FDK reconstruction with a pixel width of 0.33
mm is displayed in Fig. 3a for a benchmarking purpose, whereas its ASD-POCS
reconstruction with pixel width of 0.33 mm is shown in Fig. 3b. To reveal texture details, a
zoomed-in view of the selected ROI indicated by the box in the clinical FDK reconstruction
is displayed below the corresponding reconstruction. The ASD-POCS reconstruction with a
0.33-mm pixel width in Fig. 3b shows slightly enhanced contrast comparing to that of the
clinical FDK reconstruction in Fig. 3a, but some salt-and-pepper artifacts can also be
observed. We also considered below reconstructions with pixel widths that are one half (i.e.,
0.165 mm) or quarter (i.e., 0.083 mm) of the clinical-FDK-pixel width. For a fair
comparison, ASD-POCS reconstructions were converted to the image array of the clinical
FDK reconstruction for visualization and for metric calculation. In Figs. 3c or 3d, we show
ASD-POCS reconstructions with pixel widths of 0.165 mm or 0.083 mm. Salt-and-pepper
artifacts appear to be reduced in the reconstructions, as shown in Figs. 3c or 3d. In fact,
inspection of the ASD-POCS images displayed with their actual reconstruction-pixel widths,

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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which are not shown here, also unveils some under-sampled reconstruction artifacts. This is
because, when the pixel width is reduced from 0.33 mm to 0.165 mm or 0.083 mm, the pixel
number N increases by 4 or 16 times, thus starting to create issues resulted from under-
determinedness in #. However, such artifacts largely diminish when the reconstructions are
converted to display on the image array of the clinical FDK reconstruction, leaving with
only slight artifacts observed near the skin edge.

For alleviating this issue, we double the data set by including values interpolated from two
adjacent rays at each view, resulting in an enlarged data set with an increased M, which is
referred to as a doubled-data set. In Fig. 3e, we show the ASD-POCS reconstruction with a
0.165-mm pixel width from the up-sampled data set in which salt-and-pepper artifacts are
further reduced. We have also performed ASD-POCS reconstructions with a 0.083-mm
pixel width from doubled-data sets and display them in Fig. 3f, which visually resembles the
image in Fig. 3e. The additional reconstruction suggests that, for the patient case considered,
a pixel dimension smaller than 0.165 mm does not gain in spatial or contrast resolutions, but
only with substantially increased cost in computational time and memory. Therefore, we
chose the pixel width as one half of that of the clinical FDK reconstruction, along with
doubled-data sets, to reconstruct images for all patient cases considered in the work. The
Euclidean data divergence at the 200th ASD-POCS iteration is chosen as the value in a
pixel-width study.

2) Determination of parameter e—For a given data set, the POCS residual of the
Euclidean data divergence is used as the base upon which a set of £ values is selected for
ASD-POCS reconstructions. In Fig. 4, we display reconstructions obtained with e=1.172 x
1075,1.182 x 1075, 1.187 x 107°, 1.205 x 107>, 1.217 x 1075, 1.231 x 107°, and observe
that, while a small ¢yields a noisy reconstruction, an increased ¢ can, on the other hand, lead
to undesirable blocky artifacts in reconstructed images. Conversely, reconstructions with &=
1.182x107° and 1.187x107° appear to be near a balance point beyond which breast anatomic
information stops, while noise keeps, increasing. This is also confirmed by the quantitative
study result below.

We describe below a scheme that employs a power-spectrum metric for quantitatively
determining &. For each selected & value, we perform an ASD-POCS reconstruction from
which the AUP metric, Ap, can be calculated. Conversely, existing studies [58] also suggest
that noise content is largely contained in P(k) with k= 0.5 cyc/mm. Therefore, we calculate
another AUP metric, By, as the area under the curve P(k) for 0.5 < k< 3 cyc/mm, and
employ it as a noise measure in a reconstruction. As & decreases, Ay rises before leveling out
around &,, whereas By increases continuously, as shown in the top panel of Fig. 5.
Furthermore, we have computed the derivatives of Ap and By with respect to &, as depicted
in the bottom panel of Fig. 5, to appreciate the variation trends of Ay, (i.e., information) and
By, (i.e., noise) as functions of &. It can be observed that, when & becomes smaller than &, the
derivative of A, becomes almost zero, whereas the derivative of B, remains significantly
non-zero, suggesting that information stops, while noise keeps, increasing in ASD-POCS
reconstructions with & decreasing to be below &, Therefore, £=1.187 x 1075 in the
neighborhood of &, is chosen for yielding an appropriate reconstruction for a given data set.
The visual superiority of the reconstruction obtained with the chosen ¢ is corroborated by

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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the result in Fig. 4. Based on the results above, we selected & within the neighborhood of &,
(near the beginning of the plateau region indicated in the bottom of Fig. 5).

B. Results of breast-CT reconstructions

We have performed image reconstructions from low-SNR breast-CT data and present below
reconstructions of three cases representing small-, medium-, and large-size breasts. Using
the methods described above, reconstruction parameters were determined for each of the
cases. In ASD-POCS reconstructions of 2D or 3D breast-CT images below, one half of the
pixel or voxel widths of the corresponding clinical FDK reconstructions were used, along
with the corresponding doubled-data sets.

1) 2D breast-CT reconstructions—We discuss first 2D reconstructions of the breasts
within the plane containing the circular source trajectory (i.e., the middle plane), thus
avoiding potential cone-beam artifacts.

a) Visualization of 2D breast-CT reconstructions: We display in Figs. 6, 7, and 8 clinical
FDK (left) and convergent ASD-POCS (right) reconstructions, along with the zoomed-in
views of the ROI enclosed by the box, for the three cases. The overall visual appearance for
both clinical FDK and ASD-POCS reconstructions are comparable, whereas the latter
appear to show enhanced detail, including the calcification within the small breast in Fig. 6.
As expected, reconstructions of the large breast appear noisier than the other two cases of
smaller breasts. However, some fine details of glandular tissues in the ASD-POCS
reconstruction of the large breast appear to be better resolved than those in the
corresponding clinical FDK reconstruction. (The wavy background in the large breast
images are due to data truncation as a consequence of the breast size is larger than the field
of view of the scanner.) The seemingly severer wavy background in the ASD-POCS
reconstruction than that in the corresponding clinical FDK reconstruction is the consequence
of the more elevated values in FDK images due to data truncation.

b) Characterization of 2D breast-CT reconstructions. Studies suggest a direct correlation
between a smaller power-spectrum metric fand an improved lesion-detection performance
[57], [59]. Therefore, in addition to visualization inspection, fwas calculated from each of
the reconstructions and used as a surrogate utility metric for quantitatively characterizing the
reconstructions. The fvalues estimated from the clinical FDK and ASD-POCS
reconstructions in Table I indicate that the latter yields £ smaller than the former. Studies on
additional patient cases are consistent with those shown for the three cases.

c) Evolution of 2D breast-CT reconstructions: It is of practical interest in investigating
reconstructions at intermediate iterations. In Figs. 9, 10, and 11, we display ASD-POCS
reconstructions at iterations 60 and 80, respectively, for the three cases. Images at the
iterations visually resemble their respective convergent reconstructions shown in the right
column of Figs. 6, 7, and 8. The power-spectrum metric /5 calculated from the
reconstructions is displayed in Fig 12. It can be observed that £ values at iteration number n
above 80 are close to those of the convergent ASD-POCS reconstructions, corroborating the

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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observation on the resemblance of these intermediate reconstructions to their corresponding
convergent reconstructions.

2) 3D breast-CT reconstructions—As given by Eq. (4), c,(f(") — -1 provides a
theoretical, necessary condition for a convergent ASD-POCS reconstruction. Previous
studies [32], [46], [47] have shown, however, that ASD-POCS-reconstruction quality, in
terms of visualization and various quantitative metrics, remains largely unchanged when
c,(f(M) becomes lower than -0.6, even before reaching —1. Therefore, a relaxed
convergence condition c,(f(") < -0.6, instead of Eq. (4), was used for 3D patient-data
reconstructions in this work, which requires much fewer iterations than that for achieving
the convergence condition in Eq. (4), thus resulting in a considerable saving in computation
time.

a) Visualization of 3D breast-CT reconstructions: In Figs. 13, 14, and 15, we display 3D
clinical FDK (left) and convergent ASD-POCS reconstructions (right), respectively, within
transverse (row 1), coronal (row 2), and sagittal(row 3) slices. The observations similar to
those for 2D reconstructions can be made for these 3D reconstructions: the overall
visualizations of both clinical FDK and ASD-POCS reconstructions are generally
comparable, whereas the latter reveal enhanced details. For example, calcifications with
improved contrast in ASD-POCS reconstructions of case 2 can be observed in Fig. 14, and
some fine glandular tissue details in the ASD-POCS reconstructions appear to be better
resolved than those in the corresponding clinical FDK reconstructions.

b) Characterization of 3D breast-CT reconstructions. We have also calculated the
power-spectrum metric 5 from a stack of 40 transverse slices within the 3D reconstructions,
and display the calculation result in Table 1. It can be observed that ASD-POCS
reconstructions yield £ smaller than the corresponding clinical FDK reconstructions. Again,
studies on additional patient cases reveal results similar to those of the three cases.

c) Evolution of 3D breast-CT reconstructions. In Figs. 16, 17, and 18, we display ASD-
POCS reconstructions at iterations 60 and 80, respectively, for the three cases. Again,
images at iterations 60 and 80 appear visually to resemble their corresponding convergent
reconstructions shown in the right column of Figs. 13, 14, and 15. The power-spectrum
metric £ calculated from the reconstructions is displayed in Fig 19, clearly indicating that g
values at iteration number n above 80 are already close to those of the convergent ASD-
POCS reconstructions, consistent with the observation on the resemblance of these
intermediate reconstructions to their respective convergent reconstructions.

VII. Discussion

We have investigated an iterative image reconstruction in low-dose breast-CT imaging. For
any reconstruction design and algorithm, multiple parameters are likely to be involved,
which can have a significant impact on reconstruction properties and utility. Therefore, the
emphasis of this work is placed on (a) tailoring an existing algorithmic framework, i.e., the
ASD-POCS, to addressing reconstructions of low-contrast breast images from low-dose
patient data, (b) devising surrogate utility metrics (e.g., f) for characterizing reconstruction

Phys Med Biol. Author manuscript; available in PMC 2015 June 07.
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quality, and (c) using the surrogate utility metrics for guiding an adequate adaption of the
algorithmic framework to the reconstruction task under consideration. Also, patient cases
representing a range of breast sizes are considered for characterization of the reconstruction
robustness in low-dose breast CT.

For the cases under study, the ASD-POCS reconstructions appear to yield some degree of
visual enhancement in terms of spatial and contrast details relative to the corresponding
clinical FDK reconstructions, which serve as references. Such an observation is also
corroborated by quantitative results of a power-spectrum metric Sthat has been used as a
surrogate utility index for evaluating breast images. However, it should be noted that it
remains to be shown as to whether such an “improvement” translates into utility
improvement in realistic, clinical applications in which diseases (e.g., calcification cluster or
low-contrast tumor,) tasks (e.g., screening or diagnosis,) and observers (e.g., human or
computer observers) must also be carefully specified. Clearly, a meaningful evaluation of
the clinical utility of ASD-POCS reconstructions for low-dose breast CT needs to be carried
out in well-designed studies of specific clinical applications. Such an evaluation is beyond
the scope of the current work; however, we are working currently on the design of such
studies in which clinically-relevant metrics are being devised for guiding the adaption of
iterative reconstructions for a given clinical task.

Depending upon data condition and reconstruction design, the number of iterations can be
quite large if the goal is to achieve the designed solution (i.e., the convergent reconstruction)
in terms of its numerical satisfaction of the convergence conditions. However, as
demonstrated, reconstructions at early iterations, before reaching the convergent
reconstruction, may highly resemble, visually and quantitatively, the former. Therefore,
from a practical point of view, reconstructions at early iterations can be of practical utility.

When the data-SNR level is low, reconstruction of breast-CT images can be challenging.
Because the total imaging exposure is approximately proportional to the product of the
projection-view number and X-ray flux at each projection view. For a given amount of total
exposure radiation, the data-SNR level at each view can be increased through the reduction
of the view number. It is perhaps of practical interest to investigate how, for a given amount
of total exposure radiation, a trade-off between view numbers and X-ray flux per view
would affect reconstruction “quality” in breast-CT imaging.
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Figure 1.
(a) Truth image, (b) the ASD-POCS reconstruction, and (c) difference between the truth

image and the ASD-POCS reconstruction, in the inverse-crime study. The display windows
for (a) and (b) is [0.15, 0.25] cm~1 and for (c) is [-1.0 x 1074, 1.0 x 1074] cm™1,
respectively.
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Figure 2.

Evolution of convergence metrics as the iteration number increases in the inverse-crime
study: D(f(M) (top), RMSE(f(™M, o) (middle), and CTV(fM", f;) (bottom) as functions of
c,(fM). The arrows in the plots indicate the increasing direction of the iteration number, the
three “O” (right to left) indicate points at iterations 2000, 4000, and 6000, whereas the solid

circs denote the designed solution.
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Figure3.
Clinical FDK reconstruction (a); ASD-POCS reconstructions, from the original data, with

pixel widths that are (b) the same as, (c) one half of, and (d) a quarter of that of the clinical
FDK reconstruction; and ASD-POCS reconstructions, from doubled-data, with pixel widths
that are one half (e) and a quarter (f) of that of the clinical FDK reconstruction. Beneath
each of the reconstructions, we display the corresponding zoomed-in view of the ROl within
the box depicted in (a). The display window is [0.15, 0.25] cm™L.
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Figure4.
ASD-POCS reconstructions with (a) £=1.172 x 107>, (b) 1.182 x 1075, (c) 1.187 x 1075,

(d) 1.205 x 1075, (e) 1.217 x 107>, and (f) 1.231 x 10~°. Beneath each of the
reconstructions, we display the corresponding zoomed-in view of the ROI within the box
depicted in Fig. 3a. The display window is [0.15, 0.25] cm™1.
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Figureb.
(Top) Ay (dotted) and By (dashed) with an arbitrary unit, and (bottom) their respective

derivatives as functions of & (x107°). ASD-POCS reconstructions with & values of data
points denoted by “<” are shown in Fig. 4. Also, &, denotes the neighborhood where the
derivative of Ay levels out to become zero. By, in the top plot was scaled up for illustration
convenience.
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Figure®6.
Clinical FDK (left) and ASD-POCS (right) reconstructions for a small-size breast (case 1).

Beneath each of the reconstructions, we display the corresponding zoomed-in view of the
ROI within the box depicted in the clinical FDK reconstruction. The display window is
[0.15,0.25] cm™L.
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Figure7.
Clinical FDK (left) and ASD-POCS (right) reconstructions for a medium-size breast (case

2). Beneath each of the reconstructions, we display the corresponding zoomed-in view of the
ROI within the box depicted in Fig. 3a. The display window is [0.15, 0.25] cm™1.
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Figure8.
Clinical FDK (left) and ASD-POCS (right) reconstructions for a large-size breast (case 3).

Beneath each of the reconstructions, we display the corresponding zoomed-in view of the
ROI within the box depicted in the clinical FDK reconstruction. The display window is
[0.15, 0.25] cm™L.
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Figure9.
ASD-POCS reconstructions at iterations 60 (left) and 80 (right) for the small-size breast.

Beneath each of the reconstructions, we display the corresponding zoomed-in view of the
ROI within the box depicted in the clinical FDK reconstruction of Fig. 6. The display
window is [0.15, 0.25] cm™1.
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Figure 10.
ASD-POCS reconstructions at iterations 60 (left) and 80 (right) for the medium-size breast.

Beneath each of the reconstructions, we display the corresponding zoomed-in view of the
ROI within the box depicted in Fig. 3a. The display window is [0.15, 0.25] cm™1.
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Figure 11.
ASD-POCS reconstructions at iterations 60 (left) and 80 (right) for the large-size breast.

Beneath each of the reconstructions, we display the corresponding zoomed-in view of the
ROI within the box depicted in the clinical FDK reconstruction of Fig. 8. The display
window is [0.15, 0.25] cm™1.
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Figure12.
Power-spectrum metric £ as functions of iteration number n, along with those estimated

from the convergent ASD-POCS reconstructions (dashed), for small- (row 1), medium- (row
2), and large-size (row 3) patient breast cases. Values of £ estimated from the corresponding
clinical FDK images (dotted) are plotted as benchmarking references.
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Figure 13.
Clinical FDK (left) and ASD-POCS (right) reconstructions within transverse (row 1),

coronal (row 2), and sagittal(row 3) slices for the small-size breast. The display window is
[0.15, 0.25] cm™L.
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Figure 14.
Clinical FDK (left) and ASD-POCS (right) reconstructions within transverse (row 1),

coronal (row 2), and sagittal(row 3) slices for the medium-size breast. The display window
is [0.15, 0.30] cm™L.
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Figure 15.
Clinical FDK (left) and ASD-POCS (right) reconstructions within transverse (row 1),

coronal (row 2), and sagittal(row 3) slices for the large-size breast. The display window is
[0.15, 0.25] cm™L.
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Figure 16.
ASD-POCS reconstructions at iterations 60 (left) and 80 (right) within transverse (row 1),

coronal (row 2), and sagittal(row 3) slices for the small-size breast. The display window is
[0.15, 0.25] cm™L.
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Figure 17.
ASD-POCS reconstructions at iterations 60 (left) and 80 (right) within transverse (row 1),

coronal (row 2), and sagittal(row 3) slices for the medium-size breast. The display window
is [0.15, 0.30] cm™L.
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Figure 18.
ASD-POCS reconstructions at iterations 60 (left) and 80 (right) within transverse (row 1),

coronal (row 2), and sagittal(row 3) slices for a large-size breast. The display window is
[0.15, 0.25] cm™L.
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Figure19.
Power-spectrum metric £ as functions of iteration number n, along with those estimated

from the convergent ASD-POCS reconstructions (dashed), for small- (row 1), medium- (row
2), and large-size (row 3) patient breast cases. Values of £ estimated from the corresponding
clinical FDK images (dotted) are plotted as benchmarking references.
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Table |

Estimated power-spectrum metric 5

B Casel | Case2 | Case3
FDK 2.156 1.559 2411
ASD-POCS | 1.804 0.932 2.136
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Table Il

Estimated power-spectrum metric S

B casel | case2 | case3

FDK 1.925 | 1.900 | 2.202

ASD-POCS | 1.663 | 1.337 | 2.159
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