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Purpose: Digital breast tomosynthesis is a relatively new diagnostic x-ray modality that allows
high resolution breast imaging while suppressing interference from overlapping anatomical struc-
tures. However, proper visualization of micro-calcifications remains a challenge. For the subset
of systems we consider, the main cause of deterioration is movement of the x-ray source during
exposures. We propose a modified grouped coordinate ascent algorithm that includes a specific
acquisition model to compensate for this deterioration.

Methods: We create a resolution model based on the movement of the x-ray source during image
acquisition and combine this with a grouped coordinate ascent algorithm. Choosing planes parallel
to the detector surface as the groups enables efficient implementation of the position dependent res-
olution model. In the current implementation, the resolution model is approximated by a Gaussian
smoothing kernel.

The effect of the resolution model on the iterative reconstruction is evaluated by measuring
contrast to noise ratio (CNR) of spherical micro-calcifications in a homogeneous background. After
this, our new reconstruction method is compared to the optimized filtered backprojection method
for the considered system, by performing two observer studies: the first study simulates clusters of
spherical micro-calcifications in a power law background for a free search task; the second study
simulates smooth or irregular micro-calcifications in the same type of backgrounds for a classification
task.

Results: Including the resolution model in the iterative reconstruction methods increases the
CNR of micro-calcifications. The first observer study shows a significant improvement in detection
of micro-calcifications (p = 0.029) while the second study shows that performance on a classification
task remains the same (p = 0.935) compared to the filtered backprojection method.

Conclusions: Our method shows higher CNR and improved visualization of micro-calcifications
in an observer experiment on synthetic data. Further study of the negative results of the classification
task showed performance variations throughout the volume linked to the changing noise structure
introduced by the combination of the resolution model and the smoothing prior.

I. INTRODUCTION

Early detection of breast cancers by mammography
has been shown to improve patient outcome [1]. How-
ever, some lesions, like masses in dense breasts, remain
difficult to detect due to the amount of anatomical noise
[2]. A three dimensional imaging technique, like digital
breast tomosynthesis (DBT), may be able to solve this
problem by removing interference from overlapping dense
tissue [3]. Current experience shows that visualization of
masses is much improved [4], but problems remain for
micro-calcifications [5, 6].
One path to improve visualization of micro-

calcifications is to optimize the dose and angular
distribution of the limited angle set of projections [7–9].
These projections are then usually reconstructed with
filtered backprojection (FBP) although this reconstruc-
tion by FBP is not always optimal [10, 11] because of
the limited angular range and low dose acquisitions,
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especially for small angular range [12]. This while
according to Lu [9] a small angular range is actually
better for visualizing subtle micro-calcifications when
using a simultaneous algebraic reconstruction technique
(SART), showing that reconstruction technique and
acquisition geometry are linked and that an optimal
geometry for one reconstruction might not be valid for
another method.

The second approach is improving and optimizing the
reconstruction algorithm itself. Das [13] shows that
switching to a penalized maximum likelihood method sig-
nificantly improves the detection of micro-calcifications.
Within one iterative method, the precise choice of pa-
rameters of the regularization can make a difference [14],
both positive and negative. Therefore Lu [15] creates an
optimized regularization that preserves the contrast of
micro-calcifications in DBT and later introduces a mul-
tiscale regularization that also preserves details in low
contrast lesions [16].

Since iterative reconstruction is most effective when
the projection is based on an accurate model of the acqui-
sition process, it might be worth focusing on this aspect
in addition to the work on image regularization. Chung
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[17] improves the model by taking the polychromatic na-
ture of the x-ray spectrum into account. However, we
believe that next to the limited angular range, the mo-
tion of the x-ray tube focal spot during image formation
is the major deteriorating factor in many tomosynthesis
systems. Tube motion may contribute blurring on a scale
several times larger than the pixel spacing on mammog-
raphy flat panel detectors (typically ≤ 100 µm). This
deterioration can be seen as a large drop of the modula-
tion transfer function (MTF) as a function of the height
above the detector plane [18].

Resolution recovery methods have been used success-
fully in iterative reconstruction methods for single pho-
ton emission computed tomography (SPECT) [19, 20],
positron emission tomography (PET) [21, 22] and com-
puted tomography (CT) [23, 24]. The general idea be-
hind these methods is that by taking into account the size
of the x-ray source size, collimation effects and detector
characteristics, the final reconstruction is improved. We
will follow the same idea by modeling the combined ef-
fect of the x-ray source motion and the finite detector
size as a position dependent point spread function (PSF)
during reconstruction. Effects from the finite size of the
voxels in the reconstructed volume are avoided by using
distance driven projection and backprojection [25].

We will combine our resolution model with the noise
and acquisition models of the Maximum Likelihood for
Transmission (MLTR) algorithm [26, 31], but this algo-
rithm (like all iterative methods) is quite slow in compar-
ison to FBP. Therefore we try to improve the convergence
speed of the algorithm by applying a grouped coordinate
ascent (GCA) approach [27, 28], where groups of voxels
are updated sequentially instead of simultaneously. By
choosing the reconstruction planes parallel to the detec-
tor as the groups in the GCA algorithm, we can intro-
duce a resolution model which is dependent on the height
above the detector. The adapted MLTR algorithm will
also be combined with a regularization term to create a
maximum a posteriori algorithm (MAPTR).

II. MATERIALS AND METHODS

A. Resolution Model

Iterative reconstruction requires a mathematical model
of the image acquisition. In the simplest case the esti-
mated transmission scan ŷi can be written as

ŷi = bie
−

∑
j lijµj (1)

with µj the linear attenuation in voxel j of the recon-
struction volume, bi the blank value for projection line i
and lij the intersection length between projection line i
and voxel j. In this case we want to capture resolution
effects both from the detector and from the pulsed expo-
sures from a continuously moving x-ray source. Equation

(2) expands (1) to include these effects.

ŷsθ =

∫ θ+α
2

θ−α
2

∑
n

Asnbn(ϕ) e
−

∑
p

∑
k lnkp(ϕ) µkp dϕ (2)

The two-dimensional version of this geometry is shown in
figure 1. Index i of the projection lines has been split in
detector coordinate s in the XY plane and angle θ on the
arc of projection angles ϕ, with the integral over these
angles ϕ representing the tube motion during one of the
acquisitions of the tomosynthesis series. Volume coordi-
nate j has been split in plane number p on the Z-axis
and in-plane coordinate k. The blank value bn(ϕ) now
includes the variable intensity (waveform) of the x-ray ex-
posure during each pulse and the smoothing kernel with
coefficients Asn represents the intrinsic detector blurring.

FIG. 1. Acquisition geometry with moving x-ray source.

It is however not feasible to create an update equation
from the new acquisition model in equation (2). There-
fore we create a simplified version from which to derive
the new update equation.
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ŷsθ =

θ+α
2∑

ϕ=θ−α
2

∑
n

Asnbnϕ e
−

∑
p

∑
k lnϕkp µkp (3)

=

θ+α
2∑

ϕ=θ−α
2

∑
n

Asnbnϕ e
−

∑
p ̸=P

∑
k lnϕkp µkp

e−
∑

k lnϕkP µkP

(4)

≈ bsθ e
−

∑
p̸=P

∑
k lsθkp µkp

∑
n

Asn

θ+α
2∑

ϕ=θ−α
2

wθϕe
−

∑
k lnϕkP µkP

(5)

≈ bsθ e
−

∑
p̸=P

∑
k lsθkp µkp∑

n

Asn

∑
ξ

wP
nξe

−
∑

k lξθkP µkP (6)

= bsθ e
−

∑
p̸=P

∑
k lsθkp µkp

∑
n

AP
sne

−
∑

k lnθkP µkP

(7)

Equation (3) is obtained from (2) by replacing the inte-
gral over ϕ by a sum. In (4) we assume that the volume is
homogeneous everywhere except for a few high contrast
lesions in plane P and thus split out the contribution
of attenuation in that plane. The contributions of the
homogeneous parts of the volume are then placed out-
side of the smoothing kernel in equation (5), with bsθ
the total blank value for angle θ and wθϕ the normalized
waveform of the exposure at angle θ. The key approx-
imation is then applied in (6) where the sum over the
sparsely sampled angles with kernel wθϕ is replaced by a
sum over the densely sampled detector pixels with ker-
nel wP

nξ, which is combined with kernel Asn to form AP
sn

in (7).
At this point we can assume that there are more high

contrast lesions in the volume, but that they don’t over-
lap in the projections. Repeating the previous steps for
all other planes results in (8). Reverting back to index i
for the projection lines and index j for the reconstruc-
tion volume and including scatter term si gives our final
approximation of the acquisition process in equation (9).

ŷsθ ≈ bsθ
∏
p

∑
n

Ap
sne

−
∑

k lnθkp µkp (8)

ŷi = bi
∏
p

∑
n

Ap
ine

−
∑

j∈p lnjµj + si (9)

In essence, the motion blur, which is dependent on the
height above the detector plane, is combined with the
detector blur to form a system resolution model Ap

in.

B. Grouped Coordinate Ascent Algorithm for DBT

In the MLTR algorithm, attenuation distribution µ⃗ is
obtained by maximizing log-likelihood function L. As-

suming that the data are subject to Poisson noise, the
log-likelihood can be written as

L =
∑
i

yi ln ŷi − ŷi (10)

with yi the measured transmission scan, i the index of
the projection line and ŷi the mathematical model of
the transmission scan, such as for example the models
in equations (1) or (9).

With the model in equation (1), we can construct the
update step of a gradient ascent algorithm [26, 27, 29]
using formula (11), where αj ≥ 0 is a design parameter.

∆µj =
−αj

∂L
∂µj∑

k αk
∂2L

∂µj∂µk

(11)

=
αj

∑
i lij(yi − ŷi)∑

i lij ŷi
∑

k αklik
(12)

Choosing αj = 1 for all j in equation (12) results in
the MLTR algorithm and αj = µold

j + ϵ, with ϵ a small
positive constant to make sure αj > 0, gives the convex
algorithm [30]. The computational cost of this algorithm
is dominated by the four (back)projections. If αj is con-
stant one of the projections can be precomputed, reduc-
ing the cost to three (back)projections per iteration.

To create a GCA algorithm, the image is divided into
regions (patches) that are updated separately and se-
quentially [27, 29]. Accelerated convergence is partly due
to the sequential updates but mainly due to an increased
step size in the update. In equation (12) we can consider
a patch update as an update with αj = 0 everywhere ex-
cept in the current group. Therefore the sum

∑
h αhlih

in the denominator will be smaller and the step size for
updates will be larger for smaller patches. We choose to
use each plane (parallel to the detector surface) in the re-
construction volume as a separate patch. This is both the
logical choice, since this is how tomosynthesis images are
visualized, and close to optimal, since it minimizes the de-
nominator in equation (12), indicating that voxels in one
plane share little information in the projection. Splitting
the updates in this way does not change the computa-
tional cost because for each iteration the same number
of intersection lengths lij need to be calculated. In the
real implementation, this introduces some overhead, but
the three full (back)projections in each iteration remain
dominant.

The MLTR and MAPTR algorithms combined with
the plane-by-plane GCA updates will be called MLTR-p
and MAPTR-p from now on.

According to the central slice theorem, a (parallel
beam) projection provides a central slice perpendicular
to the projection lines in the Fourier domain. It fol-
lows that in tomosynthesis, no samples along the vertical
axis in the Fourier domain are obtained. These samples
correspond to attenuation distributions that are nearly
uniform within the plane, but vary in the direction or-
thogonal to the plane. As a consequence, the maximum
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likelihood algorithm has no strong preference about how
attenuation components, that are uniform in the plane,
should be distributed along the planes. This is very ob-
vious when choosing the groups as planes parallel to the
detector surface, where the patchwork algorithm tends to
accumulate all low frequency information in the first up-
dated plane. To ensure that low frequency information
will be uniformly distributed over all planes, we initialize
the reconstruction volume with a rough estimate of the
attenuation and divide the update step for each plane
in the first two iterations by the number of planes that
still need to be updated in the current iteration. This
still leaves a limited non-uniformity in the volume, which
is largely removed by reversing the update order of the
patches in the second iteration. The effects of this initial-
ization on the reconstruction of a homogeneous phantom
are shown in figure 2.

FIG. 2. Effect of initial updates on the patchwork recon-
struction of a homogeneous phantom. Axial slices of the first
five iterations (rows) are shown. Left: normal (full weight)
updates, going from bottom to top; middle: reduced weight
updates in iterations 1 and 2, going from bottom to top; right:
reduced weight updates in iterations 1 and 2, going from bot-
tom to top, except for iteration 2, where the update direction
is reversed.

C. Patchwork Reconstruction with Resolution
Modeling

To create the full patchwork reconstruction, we com-
bine the resolution model with the grouped coordinate
ascent updates so that each group (patch) has its own
unique acquisition model determined by the resolution
model and is updated separately and sequentially [31].

To derive the update for the new algorithm, we intro-
duce the following definitions that describe the acquisi-

tion model.

ŷi = bi
∏
p

ψ̄p
i + si (13)

ψ̄p
i =

∑
n

Ap
inψ

p
n (14)

ψp
i = e−

∑
j∈p lijµj (15)

With this we can calculate the update step in using
equation (11), where αj > 0 inside the current patch
and αj = 0 outside. The approximation for the second
derivative comes from the assumption that the intersec-
tion lengths are smooth on the scale of the kernel Ap

in
(18).

−αj
∂L

∂µj
= αj

∑
i

lijψ
p(j)
i

∑
n

A
p(j)
in

yn − ŷn

ψ̄
p(j)
n

ŷn − sn
ŷn

(16)∑
k

αk
∂2L

∂µj∂µk
≈ −

∑
i

lijψ
p(j)
i ·

∑
k

αklik ·

∑
n

A
p(j)
in

ŷn − sn

ψ̄
p(j)
n

(
1− ynsn

ŷ2n

) (17)

∑
n

Ap
inψ

p
n

∑
k∈p

lnk ≈
∑
k∈p

lik
∑
n

Ap
inψ

p
n (18)

If αj = µj or constant for all j inside the current patch,
then this update equation has a computational cost of
five (back)projections for each full iteration. The convo-
lution operation adds an additional cost, but this is small
in comparison to the additional forward and backprojec-
tion needed in this algorithm.

The MLTR-p and MAPTR-p algorithms that include
the plane-by-plane resolution model will be called MLTR-
pr and MAPTR-pr from now on.

D. Determining Smoothing Kernel Ap
in.

To determine the smoothing kernels Ap
in we assume

that the exposure waveform is Gaussian, and the pulse
duration in the DICOM header represents its full width
at half maximum (FWHM). This FWHM is then pro-
jected from the arc on which the focal spot moves onto
the detector plane with projection lines crossing in the
midpoint of plane p, as shown in figure 1. It is clear from
the geometry that the projected FWHM will be smaller if
plane p is closer to the detector, and wider if p is further
from the detector.

Figures 3 and 4 show that these approximations are
appropriate for small calcification with the relative error
in the projection increasing with the diameter (and thus
contrast) of the projected object.

Figure 3 shows the projections of five calcifications
with diameters 100, 125, 150, 175 and 200 µm, located at
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60 mm above the detector plane. The left column shows
the projections created using a simulation according to
the accurate description in formula (3) and the middle
column is simulated using the approximated description
in formula (9). The right column then shows the rela-
tive error in the projection by dividing both projections.
The maximum error of the projections without resolu-
tion model (1) and with resolution model (9) are shown
in figure 4.

FIG. 3. Projection of 5 calcifications (diameters: 100, 125,
150, 175 and 200 µm) located at 60 mm above the detector.
Left column: simulation using formula 3; middle column: pro-
jection using formula 9; right column: error in the projection
by dividing the left and middle columns.
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FIG. 4. Maximum relative error for projections of different di-
ameter calcifications without resolution model (equation (1))
and with the approximate model (equation (9)).

E. Phantom Simulation and Reconstruction

To test the new reconstruction method, we compare it
to other methods by evaluating reconstructions of phan-
toms containing simulated lesions. The creation and sim-
ulation of these phantoms is described in this section, the
evaluation methods in the next section.
We simulated two types of background images: a sim-

ple homogeneous background with linear attenuation set

at a 50-50 mix of adipose and glandular tissue and a back-
ground with structured noise created by filtering white
noise with a power law filter [32, 33] f(ν) = κ/νβ , with
ν the frequency, β = 3 and κ = 10−5 mm−1. The
linear attenuation coefficients of this background were
rescaled to values between the attenuation of adipose and
glandular tissue. The resulting images were reduced to
500x500x200 isotropic voxels with sides of 85 µm. Figure
5 shows some examples of the second type of background.
These volumes are then placed in one of three possible
locations, always with one side above the chest-side de-
tector edge: central at 27 mm above the detector plane
(location 1), 75 mm off center at a height of 47 mm (lo-
cation 2) and central at 67 mm above the detector plane
(location 3). These locations are shown on figure 6.

FIG. 5. Four examples of the power law backgrounds.

FIG. 6. Three locations in the breast where the simulated
backgrounds are located.

Sixteen spherical micro-calcifications were added to the
middle plane of the homogeneous background in a four
by four grid. Separate volumes were created for calcifi-
cations with a diameter of 100 µm, 150 µm and 200 µm.

The structured background images were used to gener-
ate two additional data sets: in the first we added a ran-
dom number of clusters to each background image, Pois-
son distributed with a mean of 1.0 per image, and placed
at a random location within the volume (but not on the
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edge). Each cluster consisted of a random number of cal-
cifications, with a mean of 2.5 per cluster (again Poisson
distributed), but with a minimum of a single calcification
per cluster. The individual calcifications were spherical,
with a diameter between 100 and 200 µm, spaced 0.5 to
1.5 mm apart in a random direction and set in a volume
with isotropic voxel spacing of 5 µm. Figure 7 shows
some enlarged examples of the generated clusters.

FIG. 7. Eight examples of simulated clusters consisting of
spherical micro-calcifications.

For the second data set using the structured back-
grounds, we created two series of micro-calcifications
(smooth, corresponding to Le Gal II and irregular, corre-
sponding to Le Gal IV) according to the method of Näppi
[34]. These micro-calcifications were rescaled to a diame-
ter of 200, 300, 400, 500 or 600 µm by changing the voxel
spacing of the simulated volume, resulting in isotropic
voxel spacings between 6 and 18 µm, depending on the
rescaling. Figure 8 shows some enlarged examples of the
generated calcifications.

FIG. 8. Examples of smooth (Le Gal II, top row) and irregular
(Le Gal IV, bottom row) micro-calcifications.

Projections of these volumes were simulated according
to the acquisition model described in equation (3) and
with increased detector sampling. Nine source positions
were sampled for each exposure angle, corresponding to
an exposure time of 120 ms per projection, x-ray energy
was set to 20 keV and Poisson noise was generated with a
blank scan of 1500 photons per pixel (12.5 µGy detector
dose after attenuation).
The geometric blurring parameters for our model

were determined for the Mammomat Inspiration system
(Siemens, Erlangen, Germany – Breast tomosynthesis
with Siemens MAMMOMAT Inspiration is an investi-
gational practice and is limited by U.S. law to investiga-
tional use. It is not commercially available in the U.S.
and its future availability cannot be ensured.), which is
in clinical use on site. Therefore we included the Siemens
iFBP method [35] as an additional point of reference next

to the iterative methods we described. It was used with-
out detector binning, with slice thickness filter and with
a filter designed so that resulting reconstructed slices re-
semble 2D mammography images.

For the maximum a posteriori methods, the Huber
prior (equation (19)) was used, with β = 3.0 · 10−4 and
δ = 2.5 · 10−4 mm−1. Since the average reconstructed
attenuation is about 0.06 mm−1, the prior function is
mostly active in linear mode (second line of equation
(19)).

|µj − µk| < δ : P (µ⃗) = −β
∑
j,k

wjk
(µj − µk)

2

2δ2

|µj − µk| ≥ δ : P (µ⃗) = −β
∑
j,k

wjk
|µj − µk| − δ/2

δ

(19)

Figure 9 shows an example of three of these reconstruc-
tion methods (iFBP, MLTR-pr and MAPTR-pr) for two
simulated calcifications.

FIG. 9. Projection and reconstruction of two simulated calci-
fications. 1) smooth (Le Gal II), 2) irregular (Le Gal IV); a)
high resolution projection, b) Siemens iFBP, c) MLTR-pr, d)
MAPTR-pr.

F. Reconstruction Comparison

The effect of the resolution model on the iterative
reconstruction is shown by evaluating peak contrast to
noise ratio (pCNR) for 50 iterations of MLTR-p, MLTR-
pr, MAPTR-p and MAPTR-pr, using the first simulated
phantom described in section II E. The pCNR was cal-
culated by dividing the difference of the maximum atten-
uation in the reconstructed calcification and the median
attenuation of a surrounding region of 32 by 32 pixels by
the standard deviation in that surrounding region.

We compare the convergence speed of the patchwork
iterative methods with and without resolution model
(MLTR-p, MLTR-pr, MAPTR-p and MAPTR-pr) with
their non-patched equivalents (MLTR and MAPTR) by
plotting the difference between the likelihood and the
maximum likelihood (L − Lmax) as a function of itera-
tion number for a reconstruction of the pCNR phantom
with 150 µm calcification placed in region 3 used for the
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pCNR measurements described above. Likelihood L is
defined in equation (10) and the maximum value of the
likelihood Lmax can be calculated by replacing ŷi with
yi in this equation. These first results were then used to
determine the number of iterations to use for our algo-
rithms in further evaluation.
A final, more detailed comparison was limited to the

MLTR-pr, MAPTR-pr and iFBP reconstructions. It was
split in two distinct observer experiments: first, a free
search study to check the detectability of small spherical
micro-calcifications and second, a classification task to
check the discrimination between smooth (Le Gal II) and
irregular (Le Gal IV) micro-calcifications.
For the detection study, 7 readers performed a free

search on 120 cases for each reconstruction (with 40 of
those cases used for initial training) and scored detected
lesions on a 4 point scale as shown in table I. Results
were analyzed using the weighted JAFROC method [36].

Score Description

1 I see a hint of a calcification

2 This might be a calcification

3 This is probably a calcification

4 I am sure this is a calcification

TABLE I. Evaluation scale for the detection experiment.

For the classification study, 5 readers evaluated 300
cases for each reconstruction (of which 100 cases were
used as initial training) by classifying them as smooth or
irregular and providing their certainty of this classifica-
tion (low, medium or high certainty). These results were
transformed to scores from 1 (smooth, high certainty) to
6 (irregular, high certainty) and then analyzed using the
DBM MRMC method [37].
Data of the classification study was further split per

location and in overlapping size groups (200 – 400 µm,
300 – 500 µm and 400 – 600 µm) for further analysis
using the same methods as the full data set.

III. RESULTS

Figure 10 shows the mean pCNR for each calcification
diameter (100, 150 and 200 µm) and each location (as
shown in figure 6). The reconstructions that include a
resolution model score equal or higher than those without
resolution model, and maximal pCNR is achieved by the
MAPTR-pr algorithm before iteration 10.
The reconstructions shown in figure 11 (iFBP and 50

iterations of both MLTR-p and MLTR-pr on the pro-
jections in figure 3) illustrate that the resolution model
has a significant effect on the FWHM and intensity in
the reconstruction. The FWHM and contrast is similar
between the iFBP reconstruction and the MLTR-p algo-
rithm, but there are no artifacts visible in the MLTR-p
reconstruction. The MLTR-pr reconstruction shows both
improved FWHM and contrast.

Figure 12 shows L−Lmax in function of the logarithm
of the number of iterations for the MLTR, MLTR-p and
MLTR-pr reconstructions. The algorithms that include a
regularization term (MAPTR, MAPTR-p and MAPTR-
pr) are not shown on the graph for clarity, since at this
scale the curves would overlap. The MLTR and MLTR-
p reconstructions converge to the same likelihood, while
the MLTR-pr converges to a different value at a slower
pace due to the resolution model. Some concrete com-
parisons of the convergence speed: MLTR-p only needs
3 iterations to reach the likelihood that MLTR reaches
in iteration 25, 7 iterations to reach the likelihood of 100
iterations of MLTR and 23 iterations to reach 500 itera-
tions of MLTR.

This can also be seen subjectively in figure 13. The
images on the top row, 20 iterations of MAPTR on the
left and 3 iterations of MAPTR-p on the right are almost
alike. The images on the bottom row are 3 iterations of
the MAPTR algorithms and show that the image inten-
sities have not yet converged. The image on the left is
shown with the same window level setting as the images
in the top row, while the window level setting for the im-
age on the right is set from the minimum to the maximum
pixel value to show more details.

Tables II and III and figure 14 shows results for the de-
tection study. The extension from the point of the lowest
confidence score (1 in table I) is shown in grey. There
are significant differences between the iFBP and the
MAPTR-pr reconstruction (p = 0.029) and between the
MLTR-pr and MAPTR-pr reconstructions (p = 0.022)
for detecting the smallest micro-calcifications (<200 µm).
There is no difference between the iFBP and the MLTR-
pr reconstruction (p = 0.893).

Reconstruction Figure of Merit (95% CI)

Siemens iFBP 0.780 (0.710 – 0.851)

MLTR-pr 0.778 (0.717 – 0.840)

MAPTR-pr 0.819 (0.765 – 0.873)

TABLE II. AFROC figures of merit from the detection study.

Differences p-value

Siemens iFBP vs. MLTR-pr 0.893

Siemens iFBP vs. MAPTR-pr 0.029

MLTR-pr vs. MAPTR-pr 0.022

TABLE III. P-values for the differences between the figures
of merit from the detection study.

Reconstruction Figure of Merit (95% CI)

Siemens iFBP 0.774 (0.733 – 0.815)

MLTR-pr 0.773 (0.716 – 0.829)

MAPTR-pr 0.769 (0.719 – 0.819)

p-value 0.935

TABLE IV. ROC figures of merit from the classification study.
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FIG. 10. Overview of pCNR results.

FIG. 11. Reconstruction of the simulated projection shown
in figure 3. Left: Siemens iFBP; middle: 50 iterations of
MLTR-p; right: 50 iterations of MLTR-pr.

Table IV and figure 15 show the results for the shape
discrimination study with the area under the ROC curve
as the figure of merit. The p-value of 0.935 indicates that
the three reconstruction methods have identical perfor-
mance when considering shape discrimination of small
lesions.

The results from the further sub-analysis of the clas-
sification task are listed in table V. None of the results
in this table are statistically significantly different (p >
0.05).

1 10 100 1000

-1.2 1́007

-1.1 1́007

-1.0 1́007
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MLTR
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L
 -
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m

a
x

FIG. 12. Convergence of the MLTR, MLTR-p and MLTR-pr
algorithms.

IV. DISCUSSION

We introduced a resolution model in the grouped co-
ordinate ascent algorithm to improve visualization of
micro-calcifications. The first evaluation shows the effect
of the resolution model on the GCA algorithm (MLTR-
pr and MAPTR-pr vs MLTR-p and MAPTR-p). The
increased pCNR when applying the resolution model can
be explained by the fact that the attenuation of the cal-
cifications is now concentrated in less voxels so that the
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FIG. 13. A cluster of micro-calcifications in the reconstructed
ROI to evaluate Convergence. a) 20 iterations of MAPTR; b)
3 iterations of MAPTR-p; c) 3 iterations of MAPTR; d) 3
iterations of MAPTR with adjusted window level.

Location Reconstruction Figure of Merit

small medium large

Siemens iFBP 0.691 0.789 0.842

1 MLTR-pr 0.681 0.779 0.839

MAPTR-pr 0.726 0.803 0.844

Siemens iFBP 0.633 0.684 0.796

2 MLTR-pr 0.687 0.756 0.822

MAPTR-pr 0.620 0.702 0.858

Siemens iFBP 0.685 0.779 0.870

3 MLTR-pr 0.734 0.811 0.859

MAPTR-pr 0.652 0.754 0.827

TABLE V. ROC figures of merit of the classification study
sub-analyses.

contrast increases, and that the resolution model causes
an additional smoothing of the background, thus reduc-
ing the noise. The higher pCNR of the regularized ver-
sions of the algorithms is a result of the Huber prior which
reduces noise in the background while maintaining the
contrast in the calcifications for these reconstructions.
Further evaluations then show that the patchwork re-

construction with resolution modeling and smoothing
prior (MAPTR-pr) can improve upon the Siemens iFBP
after only 3 iterations for detecting very small micro-
calcifications while performing at the same level for clas-
sifying slightly larger micro-calcifications.
The identical performance of all three reconstruction

methods for the classification task was unexpected, so
we examined the scores further by splitting up the re-
sults per lesion size and location (shown in table V). In

this table, we can see that for location 1 MAPTR-pr
has the highest scores and for locations 2 and 3 MLTR-
pr performs better than the two other reconstructions.
We believe this is caused by the smoothing prior, which
smooths more in planes further from the detector, be-
cause the likelihood provides less information there. A
possible solution which we will investigate, is to vary the
prior strength as a function of the position, aiming at a
more uniform balance between prior and likelihood [38].

A useful feature of the proposed algorithm is the
improved convergence speed per iteration that comes
from applying a grouped coordinate ascent algorithm, al-
though this effect is reduced by the resolution model. The
convergence of the MLTR-pr algorithm towards a lower
likelihood than MLTR-p is a consequence of the resolu-
tion model which strongly reduces the degrees of freedom
of the reconstruction. This reduction limits the propaga-
tion of Poisson noise and thus lowers the similarity be-
tween the measured data and the estimated transmission
scan, and therefore the likelihood of the reconstruction.
Nevertheless, convergence of the MLTR-pr and MAPTR-
pr algorithms is sufficiently fast to make the computation
time acceptable for clinical applications.

From the pCNR results in figure 10 we expect that a
few more iterations will further improve the results, but
we would like to keep reconstruction time as short as
possible. Therefore we will investigate more effective ini-
tialization methods, that allow full weight updates in the
two first iterations where we now used reduced strength
updates to allow for a simple homogeneous initialization.

The new algorithm currently results in a limited im-
provement on the clinical image quality, as shown in a
comparison with iFBP in figure 16. This makes sense
when considering the fact that the iFBP algorithm has
been specifically optimized for the Mammomat Inspira-
tion system. We expect further improvements in our al-
gorithm when including the measured point spread func-
tions of the system in the resolution model instead of a
Gaussian approximation.

V. CONCLUSIONS

The described method greatly increases convergence
rate per iteration of DBT reconstruction while including
an accurate resolution model. Adding a Huber-prior to
the algorithm limits the noise in the image and allows
reconstruction of clinical images in only 3 iterations while
increasing detection performance in comparison to iFBP
and maintaining the same level of lesion discrimination
performance.

ACKNOWLEDGMENTS

The authors would like to thank Nicholas Marshall
for providing the MTF measurements for the resolution
model; Federica Zanca for her advice on designing the



10

0.0 0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0

Siemens iFBP

MLTR-pr

MAPTR-pr

False Positive Fraction

L
e
s
io

n
 L

o
c
a
li
z
a
ti

o
n

 F
r
a
c
ti

o
n

FIG. 14. AFROC curves from the detection study results.
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FIG. 16. A cluster of micro-calcifications (left: iFBP, right: three iterations of MAPTR-pr).
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