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Abstract—Artifacts in computed tomography (CT) reconstruc-
tion are often caused by an inaccurate modeling of the acquisition
during reconstruction. These artifacts can be severe when metals
are in the field of view. A better modeling of the acquisition
during reconstruction reduces artifacts but often leads to a
substantial increase in computation time. Because metals are the
most prominent source of the artifacts, we hypothesize it would
be sufficient to limit the more complex model to regions close to
metals and use less complex, faster models for the other parts. For
this purpose we present a patchwork (back)projector, embedded
in an iterative reconstruction algorithm, which is able to change
reconstruction properties for a particular area in the object.
We combined reconstruction models with different complexity
for the reduction of non-linear partial volume effects and beam
hardening. In this way we reduced the computation time while
keeping the same image quality. Moreover, an improved conver-
gence is achieved by dividing the image into subareas, patches.
The presented results are for a two dimensional geometry, in the
future we will extend this to three dimensions.

I. INTRODUCTION

Classic computed tomography (CT) reconstruction often
suffers from severe artifacts when metallic objects are in the
field-of-view. These artifacts are mostly caused by a discrep-
ancy between the true acquisition process and the model used
during reconstruction [1]. Consequently, most artifacts can be
reduced by using a more accurate acquisition model in the
reconstruction. Unfortunately, algorithms which use a more
accurate acquisition model need much more computation time.

We hypothesize that we can limit the more accurate but
complex modeling of the acquisition to areas in the object that
contain metals, because metals are often the most prominent
source of the artifacts. A less complex, faster model can then
be used for the rest of the object.

In this work we will consider two important causes of
(metal) artifacts: non-linear partial volume effects and beam
hardening.

The nonlinear partial volume effect is mainly important near
edges between different materials. It stems from averaging
the attenuation coefficient over the in-plane and axial width
of the focal spot and the detector elements. Most algorithms
(implicitly) assume that partial volume effects result in a
linear combination of the attenuation values. However, the true
process is non-linear and varies with the angle of the projection
line. It is shown that reconstruction on a finer grid [2] reduces
artifacts. Likewise, a denser sampling of the detector elements
and/or the focal spot is expected to reduce artifacts.

Dept. of Nuclear Medicine, K.U.Leuven, B-3000 Leuven, Belgium.
katrien.vanslambrouck @uz.kuleuven.be. This work is supported by the SBO-
project QUANTIVIAM (060819) of the Institute for the Promotion of Inno-
vation through Science and Technology in Flanders (IWT-Vlaanderen) and a
2010 IEEE NSS-MIC Trainee Grant.

Beam hardening artifacts are due to the polychromatic na-
ture of the x-ray beams. This causes severe artifacts especially
when metals are present in the object. Statistical iterative
reconstruction with polychromatic model is an important way
to reduce beam hardening artifacts caused by metals [3][4][5].
In principle, statistical iterative reconstruction with polychro-
matic model is superior to projection completion methods
[6][7][8], because projection completion destroys potentially
useful information about the metal itself and its surroundings.

In section II we present our patchwork projector and the
patchwork reconstruction structure that combines different
resolution and projection models depending on the location in
the object. Section III presents the experiments we performed.
The results are shown in section IV. The description and
experiments are presented for a 2D fan beam geometry.
Extensions to other geometries are possible.

II. METHODS
A. The patchwork (back)projector

The goal is to develop a reconstruction structure with
different projection properties depending on the particular
location in the reconstruction volume. The projection structure
will be called the patchwork projector and can be introduced in
an iterative reconstruction algorithm. We divide the reconstruc-
tion volume into areas or patches. Subsequently, we can adjust
the projection properties for each of the different patches. Our
patchwork projector is based on a distance driven projector
[9].

The patches are updated sequentially in each iteration,
i.e. each patch is treated as a separate group in a grouped
coordinate ascent algorithm as in [10]. The sequential update
and the smaller field of view for smaller patches can result in
an increased convergence, as also described in [10].

B. Reconstruction

Reconstruction was done by using filtered backprojection
(FBP), maximum likelihood for transmission (MLTR) [11],
a polychromatic modification to MLTR (MLTR_C) and it-
erative maximum likelihood polychromatic algorithm for CT
(IMPACT) [3].

MLTR, MLTR_C, and IMPACT are maximum likelihood
algorithms based on the Poisson likelihood L:
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with ¢ the index of the projection lines, I the total number
of projection lines, y; the measured transmission scan and ¥;



the estimated transmission scan. The following update step is
applied [11]:
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The different reconstruction algorithms use a different basic
projection model which is explained in the following.

1) MLTR: MLTR has a regular monochromatic projection
model for transmission:
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with ¢ the index of the projection lines, j the pixel index, J
the total number of pixels, b; the blank value for projection
line 4, [;; the intersection length of projection line ¢ and pixel
j and p; the linear attenuation in pixel j.

2) MLTR_C: MLTR_C is based on MLTR but takes into
account the polychromatic behavior of water via a simple
water correction, the projection model becomes:
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with k the energy bin, K the total number of bins and b, the
blank value for projection line ¢ at energy k and
water
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where £%3'" is the linear attenuation for water at a chosen
reference energy and p)™** is the linear attenuation for
water at energy k. Note that the complexity (in terms of
(back)projections) of this model doesn’t change compared to
regular MLTR but knowledge about the energy spectrum of
the x-ray tube is required.

3) IMPACT: The IMPACT projection model [3] uses a fully

polychromatic projection estimate:
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The energy dependent linear attenuation pj;, can be written
as a linear combination of the Compton and photo electric
component:

Wik = Or0; + Pro; 7

with O and ®; the energy dependence of the Compton
scattering and the photoelectric effect respectively and 6; and
¢; the material dependence. We assume that 6; and ¢; are
unambiguously determined by the attenuation at a chosen
reference energy: 0; = 6(j1jref) and ¢; = ¢(f1) rer). The final
projection estimate becomes:
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When calculating the update step in (2), we can see that the
complexity in terms of (back)projections is 8, compared to 3
for MLTR. Again, the energy spectrum of the x-ray tube is
required

C. Local models

1) Step 1: Resolution: By increasing the resolution we want
to reduce non-linear partial volume artifacts. As said before,
these artifacts are prominent around metals. Therefore, we
will apply a non-uniform sampling for the different patches.
Non uniform grids were already used before [12][13][14] but
mainly with a view to increased resolution in regions of inter-
est. Here, the patches containing metals will be reconstructed
on a finer grid to limit non-linear partial volume effects at
the edges of the metal. Likewise, for the metal patches, the
detector elements will be subsampled.

2) Step 2: Reconstruction model: When comparing
the complexity of MLTR and IMPACT in terms of
(back)projections, we have 3 for MLTR and 8 for IMPACT.
We assume that the reduction of beam hardening artifacts
in waterlike materials does not need such a complex model
and that we can limit IMPACT to patches with metals and
other dense objects (e.g. dense bone). Therefore, we will use
the IMPACT projection model in the metal and bone patches
and a less complex model, MLTR or MLTR_C in the patches
containing waterlike materials.

ITII. EXPERIMENTS
A. Simulation for the water phantom

Two-dimensional simulations were done by using the CT-
simulator created by B. De Man [15], wherein we replaced the
ray driven projector by a distance driven projector. The sim-
ulator took into account polychromaticity, resolution effects
and noise. Resolution effects are introduced via subsampling
the detector elements, the view angles (to simulate continuous
rotation) and the source (which has a finite width of 0.06 cm)
each five times. The pixel size for simulation was 0.05 mm.
We simulated a fan-beam geometry with a fan angle of 52.14°,
using a flat detector of 101.8 cm with 672 elements and 1160
angles over 360°. We used a water phantom of 18 cm with
two (dense) bone inserts (3.2 cm) and two iron inserts (1.2
cm). The phantom is depicted in figure 1(a).

Fig. 1. (a) water phantom with bone and iron inserts, (b) patch structure
indicated by dashed lines.

B. Reconstruction

We started by doing a regular FBP, MLTR and IMPACT re-
construction on a 400x400 reconstruction grid, corresponding
to an area of 20x20 cm, with a pixel size of 0.5 mm. For the
iterative methods we did 50 iterations and used 116 subsets
for each iteration.
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Fig. 2. Reconstructions: reconstruction with FBP (a), reconstruction with regular MLTR (b) and IMPACT (e), reconstruction with patches: increased resolution
for iron patch for MLTR (c) and IMPACT (f), reconstruction with patches: increased resolution for iron patch and combination of projection model: MLTR
+ IMPACT (d), MLTR_C + IMPACT (e). Windowed in interval [-700, 500] HU.

To apply the patchwork reconstruction structure, we have to
divide the image into patches. The patchwork structure used
for the water phantom is depicted in figure 1(b).

In a first step we increased the resolution for the patches
containing iron during the reconstruction. For the iron patches
the pixel size was 0.25 mm and they were projected with
detector elements which were subsampled twice. The other
patches had the regular pixel size (0.5mm) and no detector
subsampling. In this first step we used the same projection
model for all patches in the image, this was either MLTR or
IMPACT.

Finally, we also changed the projection model for the recon-
struction. We used the full polychromatic IMPACT model for
the iron and bone patches and the MLTR or MLTR_C model
for the water patch. The sampling properties are the same as
in the previous step.

C. Convergence analysis

To evaluate the influence of the patch structure on the
convergence we did the following experiment. We simulated
again the fan bean geometry described in III-A to compute
the projection of the Shepp-Logan phantom shown in figure
3(a). A noise free monochromatic simulation was done for 800
equally spaced angles over 360°, without any subsampling and
with pixel size 0.5 mm. The reconstruction was done using
regular MLTR, MLTR for 9 equal patches and MLTR for
25 equal patches. The pixel size (0.5mm) was the same for
all three reconstructions and for all patches and no detector
subsampling was applied.

To quantify the possible difference in convergence, we
calculated the difference between the maximal likelihood and
the likelihood for the reconstruction at a certain iteration:
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We evaluated the convergence for 30 iterations using 5 subsets.

IV. RESULTS

Figure 2 shows the reconstruction for the water phantom. In
2(a) we show the reconstruction with FBP, 2(b) and 2(e) show
a regular reconstruction for MLTR and IMPACT respectively.
In 2(c) and 2(f) we see the result for the reconstruction with an
increased resolution for the pixels and detector elements of the
iron patch. All patches are reconstructed with the MLTR (c) or
IMPACT (f) projection model. In figure 2(d) and 2(g) we see
the result of combining the IMPACT and MLTR or MLTR_C
model. IMPACT is used for the iron and bone patch, combined
with MLTR (d) and MLTR_C (g) for the water patch. Again
the sampling is increased twice for the pixels and the detector
elements of the iron patches.

Figure 3 and figure 4 present the result of the convergence
analysis. Figure 3 shows the different reconstructions: 3(b)
for the regular MLTR reconstruction, 3(c) for an MLTR
reconstruction with 9 equally sized patches and 3(d) with 25
equally sized patches. The difference in convergence AL is
shown in figure 4.
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Fig. 3. Convergence analysis, reconstructions: phantom image (a), regular
MLTR (b), MLTR with 9 equal patches (c) and MLTR with 25 equal patches.
(The patch structure is shown next to the image.)
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Fig. 4. Convergence analysis, likelihood: AL for regular MLTR (solid line),
MLTR with 9 patches (dashed line) and MLTR with 25 patches (dotted line).

V. DISCUSSION

We proposed the patchwork reconstruction method which
is able to adjust the projection properties depending on the
location in the object. For this purpose, we divided the object
into subareas, called patches. A different projection model with
different resolution can be chosen for each patch.

In a first step we changed the resolution for the patches
containing metals. We assumed that a better modeling of non-
linear partial volume effects limited to patches containing
metals should reduce the artifacts. We increased the sampling
both in the reconstruction volume and in the detector. Applying
this subsampling to the whole image would dramatically
increase the computation time. When comparing the recon-
structions (b) with (c), and (e) with (f) in figure 2 we see that
streaks originating from the metals are clearly reduced. This is
partly because of the better resolution modeling for the metal

patches. A second reason is an improved convergence. While
dark streaks in between metallic objects are often hard to
reduce, reconstruction with patches seems to achieve this quite
easily. This accelerated convergence is due to the sequential
update of the patches and due to the smaller field of view
of the smaller patches, which enables a bigger update step
for these patches in each iteration [10]. This is also shown in
the convergence experiment (figure 3 and 4) where we used 9
and 25 equally sized patches during the reconstruction. When
comparing the reconstructions in figure 3 we see that the qual-
ity of the reconstruction improves by increasing the number
of patches, for the same number of iterations. This indicates
an improved overall convergence. This is also shown in figure
4 where we compare AL for the three reconstructions. AL
decreases when more patches are used. We have seen a similar
acceleration for other iterative reconstruction models, e.g. the
convex algorithm [16].

Besides varying the resolution for the patches we also
changed the projection model. In this way we limit the
complex computation of IMPACT to a smaller area. As can
be seen in figure 2(d) and 2(g), combining MLTR without
water correction with IMPACT does not sufficiently reduce
the artifacts, therefore we used a water corrected version of
MLTR: MLTR_C. We see that the combination of IMPACT
and MLTR_C (figure 2(g)) gives similar image quality as
IMPACT for all patches (figure 2(f)). Using MLTR_C in-
stead of IMPACT is considerably faster by using only 3
(back)projections per iteration instead of 8 for IMPACT.

In the future we want to apply this method to data coming
from a clinical CT equipment. These data are often already
precorrected for beam hardening effects in waterlike materials.
We hope that the use of MLTR instead of MLTR_C will suffice
for these data.

A possible disadvantage of the use of patches is that due
to a different convergence between them, their edges can be
visible. These edges often disappear by doing more iterations.
Besides, the presence of these edges does probably not affect
the clinical value.

In this study we have manually determined the location of
the patches. This process could be automated by segmenting
an initial raw FBP reconstruction and searching for the highly
attenuating parts in the object by thresholding.

The presented patchwork approach also enables focus of
attention reconstruction, where a particular region of interest
is reconstructed with optimal parameters (increased resolution,
full polychromatic modeling), while the rest of the object
is reconstructed with reduced accuracy, ensuring high image
quality where needed, obtained within an acceptable com-
putation time. This would be particularly useful for in vivo
microCT imaging, where often a relatively large field of view
must be scanned for studying a small region of interest.

In a next step we will extent this patchwork reconstruction
structure to three dimensions.

VI. CONCLUSION

The reduction of metal artifacts asks for an accurate, com-
plex, often time consuming modeling of the acquisition. We



presented a structure, the patchwork projection, which makes
use of local models and can in this way limit these complex
calculations to certain subareas, patches, of the reconstruction
volume. We could achieve similar image quality for a com-
bined IMPACT/MLTR_C reconstruction, compared to a full
IMPACT reconstruction. This reduced the complexity of the
model for a major part of the reconstruction volume from
8 (back)projections to 3. Partial volume artifacts could be
reduced by locally increasing the resolution which has only
a minor influence on the computation time compared to an
increased resolution for the whole image. Furthermore, the
use of patches increases convergence which also eliminates
persistent streaks in between metallic objects.
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