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Purpose: In iterative reconstruction, metal artifacts can be reduced by applying more accurate reconstruc-
tion models that are usually also more computationally demanding. The hypothesis of this work is that these
complex models only need to be applied in the vicinity of the metals and that a less complex model can be
used for the remainder of the reconstruction volume.

Method: A method is described that automatically divides the reconstruction volume into metal and non-
metal regions. The different regions are called patches. A different energy and resolution model can be
assigned to each of the patches. The patches containing metals are reconstructed with a fully polychromatic
spectral model (IMPACT) and if necessary with an increased resolution model. The patch without metals
is reconstructed with a simple polychromatic model (MLTRC) that only includes the spectral behavior of
water attenuation. Comparing the computational complexity of IMPACT and MLTRC gives a ratio of
8:3. The different patches are updated sequentially as in a grouped coordinate algorithm. Two phantoms
were simulated and measured: a circular phantom containing small metal cylinders and a body phantom
representing a human pelvis with two femoral implants. As a first test, the sequential update of the patches
was applied while using the same energy model for all patches. Secondly, the local model approach was
applied using MLTRC for non-metal regions and IMPACT for metal regions. The results of different iterative
reconstruction schemes are compared to the results of projection completion, another important method for
the reduction of metal artifacts.

Results: Reconstruction schemes including the sequential update of the patches result in images with less
streak artifacts compared to a regular reconstruction. The sequential update of each of the metal regions
improves the relative convergence of the metals (edges and attenuation values) against the rest of the image,
which leads to an improved artifact reduction. Using the combined IMPACT+MLTRC model results in a
similar image quality as using IMPACT everywhere, while providing an important benefit regarding compu-
tational complexity. Some streak and shadow artifacts were still present, but all structures present in the
phantom could be observed. Projection completion results in reconstructions with less obvious streak and
shadow artifacts but tends to deform or erase structures lying close to or in between metallic structures.

Conclusions: Metal artifact reduction with iterative reconstruction can be achieved by using complex models
only locally without losing image quality. Separately updating metal regions leads to reduced streak arti-
facts. Structures lying close to or in between metals are often better reconstructed, compared to projection
completion results, because all available information is used.
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I. INTRODUCTION

Image quality of computed tomography (CT) recon-
structions is often seriously degraded when metals are
present in the field of view. Shadows and streaks mask
the object reconstruction, which often hinders good in-
terpretation of the results in the regions close to and in
between metals.

Reconstruction for CT is typically done by filtered
back projection (FBP). FBP is based on an analytical
inversion of the Radon transform, yielding good and fast
reconstructions in (nearly) ideal conditions. However,
these conditions are not met when metals are present.
Several metal artifact reduction (MAR) methods exist.
Two important groups are projection completion (PC)
and statistical reconstruction with advanced projection
model.

In PC, the projections going through metals are con-
sidered as corrupted and are replaced by interpolated
projections that cause less or no artifacts. PC starts
by making an initial reconstruction, typically FBP. The
metals in this reconstruction are segmented and for-
ward projected. Hereupon, the metal projections in
the measurement are removed and replaced by inter-
polated projections (e.g. linear interpolation1, polyno-
mial interpolation2–4). The sinogram with the interpo-
lated projections is then used for a new reconstruction.
The metals are copied from the initial reconstruction and
pasted into the final reconstruction. This method is fast,
because usually based on FBP-like reconstruction and of-
ten yields artifact-free images. An important disadvan-
tage of PC is the information loss caused by removing
and interpolating projection data. At first, loss of infor-
mation may be caused by the segmentation: the shape,
edge regions, and attenuation values of the metals might
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be affected. When artifacts are severe, a proper segmen-
tation is not always straightforward. In some applica-
tions as e.g. implant follow-up in orthopedic surgery,
this information can be important. Moreover, by re-
moving and replacing projections, not only information
about the metals, but about all objects contributing to
the removed projections is (partly) lost, especially edge
information5. This causes new artifacts, even far away
from the metals. The more projections that need to
be replaced, the more information that is lost and the
higher the chance for introducing new artifacts. Some
more advanced PC methods try to compensate for this
information loss. The information is retrieved by using
tissue segmentation during interpolation4–7, by merging
images8,9 or projections10 or by using information out of
other non-affected projections11,12.

An alternative method is iterative (statistical) recon-
struction with an advanced projection model. Most arti-
facts arise because of incorrect or incomplete modeling of
the acquisition. This implies that when a more accurate
model is used, artifacts should be substantially reduced.
Analytical methods as FBP use an inverse model, which
makes adaptations to the model very difficult. Iterative
methods make use of a forward model which is more suit-
able for the introduction of more complex models.

A more elaborated discussion on the origin of (metal)
artifacts can be found in Barrett and Neat13 and De Man
et al.14. The most important causes of metal artifacts
are: beam hardening, (non)-linear partial volume effects,
scatter, noise, and motion. Beam hardening is due to the
polychromatic nature of X-rays emerging from the tube
causing a non-linear behavior between absorber thick-
ness and linear attenuation. Classical algorithms assume
a monochromatic X-ray beam and consequently a lin-
ear behavior. This leads to cupping artifacts and dark
shadows and streaks in between and around the metals.
Non-linear partial volume artifacts stem from integrat-
ing the attenuation over the finite width of the X-ray
beam. Most algorithms implicitly assume this results in
a simple averaging of the attenuation. Actually, it yields
the (log-converted) intensity average. Ignoring this ef-
fect gives rise to dark and white streaks connecting the
edges of highly attenuation objects, like metals. Scat-
ter is secondary radiation coming from electron-photon
interactions (Compton scatter) or atom-photon interac-
tions (Rayleigh scatter). This secondary radiation con-
taminates the measurement. Usually scattered photons
are ignored. Artifacts arising here are also cupping, shad-
ows and streaks. Another source of contamination is
noise, which has several origins. The quantum nature
of the photons is considered as the most important. In
the presence of metals this noise can lead to fine streaks
connecting the metals. Motion will also lead to severe
artifacts in the presence of metals but will not be consid-
ered in this study.

Iterative reconstruction with maximization of the Pois-
son likelihood (maximum likelihood (ML) reconstruc-
tion), inherently takes into account a Poisson model for

noise in the projection data. In most of current CT
systems, energy-integrating detectors are used, which
results in a compound Poisson distribution of the sig-
nal. However, simple Poisson is usually a sufficient
approximation15. ML reconstruction usually leads to re-
duced noise, compared to FBP, in the reconstructed im-
age. The acquisition model can be adapted to include the
effects described above that cause severe artifacts in the
presence of metals. Several maximum likelihood itera-
tive algorithms exist that have a polychromatic model to
reduce beam hardening artifacts16–19. In De Man20 and
Zbijewski and Beekman21 ML methods reducing (non)-
linear partial volume artifacts are presented. Further, if
an estimate of the scatter contribution is available, inclu-
sion in the model is straightforward. Using more accurate
models strongly reduces artifacts. The main disadvan-
tage of all iterative methods is the increased computation
time. Unfortunately, when the complexity of the model
increases, the computation time is enormously prolonged
and this makes use in daily practice almost impossible.

In this paper we present a framework for iterative max-
imum likelihood reconstruction that limits the extra time
caused by increasing the model complexity. Complex
models are only necessary in certain regions of the object,
more specifically around metals, and less complex models
can be used for the remainder of the object. A patch-
work structure is presented which allows local model re-
construction. Different projection models will be used
in different parts of the reconstruction volume. Using
complex models where needed and simpler models else-
where should limit the computation time while keeping
similar image quality. Secondly, an improved artifact re-
duction can be achieved by altering the convergence of
the different image parts. The results of the local model
iterative reconstruction schemes will be compared with
FBP-based projection completions methods.

II. METHODS

In this section the different steps in making a local
model reconstruction are explained. The first part ex-
plains how the different regions are defined. Secondly,
the different models that will be used are explained. Fi-
nally, the combination of models is described. At the end
of this section, the projection completion methods used
as comparison, are also briefly described.

A. Patch definition

The patchwork structure divides the reconstruction
volume in non-overlapping regions, patches, and assigns
particular reconstruction parameters to each of these re-
gions. The patches are defined based upon segmenta-
tion of an initial reconstruction. This reconstruction can
be made by FBP, but a single iteration of an iterative
method is more desirable because then less artifacts are
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present which simplifies the segmentation. As the shape
of the segmentation will not determine the final shape of
the object, the segmentation accuracy is not crucial, al-
though it should preferentially contain the whole metal.
In this study the metal regions are defined by a thresh-
olding method. These regions are dilated with a few pix-
els to ensure inclusion of the entire metal, see figure 1.
Each of the metal regions is considered a patch, the re-
mainder of the object is another patch. An object with
four metallic inserts, thus results in five patches. Note
that thresholding segments the metals each in a separate
patch. This means that bone structure would be assigned
to the major patch together with soft tissue and air.

B. Maximum Likelihood Reconstruction and the different
projection models

The reconstruction is done by a maximum likelihood
method, which is based on the Poisson likelihood:

L =
∑
i

(
yi ln ŷi − ŷi), (1)

with i the index of the projection lines, yi the mea-
sured transmission scan and ŷi the estimated transmis-
sion scan, computed from the current reconstruction im-
age µ⃗ = {µj}, with µj the linear attenuation coefficient
in voxel j. A gradient ascent algorithm for optimizing
this likelihood, as a function of µ⃗, has been proposed be-
fore by Nuyts et al.22 and Fessler et al.23. The algorithm
can be derived as follows: starting with a quadratic ex-

pansion and the condition that
∂2L

∂µj∂µh
≤ 0 for all j and

h (negative definite Hessian):

L(µ⃗+∆µ⃗) ≃ T1(µ⃗;∆µ⃗) (2)

= L(µ⃗) +
∑
j

∂L

∂µj

∣∣∣
µ⃗
∆µj +

1

2

∑
j,h

∂2L

∂µj∂µh

∣∣∣
µ⃗
∆µj∆µh(3)

≥ L(µ⃗) +
∑
j

∂L

∂µj

∣∣∣
µ⃗
∆µj +

1

2

∑
j,h

∂2L

∂µj∂µh

∣∣∣
µ⃗
∆µj

2. (4)

The last expression (4) follows from 2(µj − µn
j )(µh −

µn
h) ≤ (µj − µn

j )
2 + (µh − µn

h)
2 and the fact that the

second derivatives are negative. It is a surrogate function
for T1(µ⃗;∆µ⃗) (3), because it is equal to T1 at ∆µ = 0
and below T1 elsewhere. Maximization of this surrogate
leads to the following update for ∆µj :

∆µj = −

∂L

∂µj∑
h

∂2L

∂µj∂µh

, (5)

where all derivatives are evaluated in the current recon-
struction µ⃗. To calculate the update for µj , a model
for ŷi needs to be defined. In this work the energy and
resolution properties of the model can be changed. Fur-
thermore a scatter term can be included.

1. Energy model

a. Monochromatic model: MLTR The monochro-
matic model is the one used in MLTR (ML for
transmission)22:

ŷi = bi exp
(
−

∑
j

lijµj

)
+ si, (6)

where bi is the blank value for projection line i in the
presence of (bowtie) filters, lij is the intersection length
of projection line i and pixel j, and si is the scatter term
for projection ray i. This yields the following update
step:

∆µj =

∑
i lij

ŷi−si
ŷi

(ŷi − yi)∑
i lij

∑
h lih(ŷi − si)(1− yisi

ŷ2
i
)
. (7)

A complete update step requires one projection and two
backprojections.

b. Polychromatic water model: MLTRC MLTRC is
a polychromatic extension of MLTR which takes into ac-
count the polychromatic behavior of the X-rays going
through water. The projection model becomes:

ŷi =
∑
k

ŷik+si =
∑
k

bik exp
(
−Pk

∑
j

lijµj,ref

)
+si, (8)

Pk =
µwater
k

µwater
ref

, (9)

where k is the energy bin and bik the blank value for
projection line i at energy k in the presence of (bowtie)
filters, µwater

ref is the linear attenuation coefficient of wa-
ter at a chosen reference energy and µj,ref is the recon-
structed linear attenuation coefficient in pixel j at the
same reference energy. The MLTRC update becomes:

∆µj =

∑
i lijY

P
i (1− yi

ŷi
)∑

i lij
∑

h lih

[
(1− yi

ŷi
)Y PP

i + yi

ŷ2
i
(Y P

i )2
] (10)

with

Y P
i =

∑
k

Pkŷik (11)

Y PP
i =

∑
k

(Pk)
2ŷik. (12)

Usually a limited set of energy bins, e.g. 10, is enough
to represent the spectrum. Note that the complexity (in
terms of (back)projections) of this model is the same as
that of regular MLTR.
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FIG. 1. Patch definition Definition of the different patches based upon segmentation of an initial reconstruction (1 iteration
with 116 subsets of IMPACT). Result: a background patch and four metal patches.

FIG. 2. MLTR and MLTRC Reconstruction of (computer) water phantom with fat (darker) and PMMA (brighter) inserts.
Reconstructions are performed for 10 iterations with 116 subsets with MLTR and MLTRC. (Window = 300 HU, Center = 0
HU). The profile through the reconstruction is compared with the true profile, where black = original, dark gray = MLTR and
light gray = MLTRC.

The effect of using MLTRC compared to MLTR is
shown in the next example. A simple polychromatic
simulation (spectrum of 120 kV) is performed using a
phantom of 50 cm with several ‘fat’ and PMMA (poly-
methyl methacrylate) details. The results for a recon-
struction with MLTR and MLTRC are shown in figure 2.
For MLTR the typical cupping is present, which is elimi-
nated using MLTRC. Materials other than water are only
partly corrected. The more the spectral properties of a
material differ from those of water, the less effective this
correction will be. In fact, the effect of using MLTRC is
similar to using a (polynomial) water pre-correction on
raw data24. However, with MLTRC projections for dif-
ferent energies can be calculated which will be necessary
when combining it with fully polychromatic models.

c. Full polychromatic model: IMPACT The IM-
PACT (iterative maximum likelihood polychromatic al-
gorithm for CT)16 projection model uses a fully poly-

chromatic projection estimate:

ŷi =
∑
k

ŷik + si

=
∑
k

bik exp

(
−Θk

∑
j

lijθ(µj,ref)− Φk

∑
j

lijϕ(µj,ref)

)
+ si.(13)

The energy dependent linear attenuation is written as a
linear combination of the Compton and the photo-electric
component, with Θk and Φk the energy dependence of re-
spectively Compton scattering and photo-electric effect,

and θ⃗ and ϕ⃗ the material dependence. We assume that

θ⃗ and ϕ⃗ are unambiguously determined by the attenu-
ation at a chosen reference energy: θj = θ(µj,ref) and
ϕj = ϕ(µj,ref). To obtain this, we assume that a list of
possible materials is available, which has been sorted ac-
cording to increasing effective attenuation. We further
assume that attenuation in every pixel can be well mod-
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eled as a mixture of two adjacent materials in this list.
The update becomes:

∆µj =
ϕ′
j

∑
i lijeiY

Φ
i + θ′j

∑
i lijeiY

Θ
i

ϕ′
j

∑
i lijMi + θ′j

∑
i lijNi

(14)

with

ϕ′
j =

∂ϕ

∂µj
θ′j =

∂θ

∂µj

ei = 1− yi
ŷi

Y Φ
i =

∑
k

Φkŷik Y Θ
i =

∑
k

Θkŷik

Y ΦΦ
i =

∑
k

Φ2
kŷik Y ΘΘ

i =
∑
k

Θ2
kŷik

Y ΦΘ
i =

∑
k

ΦkΘkŷik.

Mi =
(∑

h

lihϕ
′
h

)(
Y ΦΦ
i ei +

yi(Y
Φ
i )2

ŷ2i

)
+

(∑
h

lihθ
′
h

)(
Y ΦΘ
i ei +

yiY
Φ
i Y Θ

i

ŷ2i

)
Ni =

(∑
h

lihϕ
′
h

)(
Y ΦΘ
i ei +

yiY
Φ
i Y Θ

i

ŷ2i

)
+

(∑
h

lihθ
′
h

)(
Y ΘΘ
i ei +

yi(Y
Θ
i )2

ŷ2i

)
The complexity for each update is 8 (back)projections.

As for MLTRC, a limited number of bins gives a sufficient
representation of the spectrum.
Note that the condition that the Hessian of the like-

lihood should be negative definite, is only proved for
MLTR without or with small scatter (if ŷ2i ≥ yisi), in
other cases (substantial scatter, more complex model, ...)
it cannot be proved. In our experience, this never caused
convergence problems.

2. Resolution

The resolution is modeled by subsampling the detector
elements (Q equally sized samples) and decreasing the
pixel size in the reconstruction image (M = J ∗ f , the
new number of pixels with f the (integer) size factor and
J the original number of pixels).

ŷi = bi

Q∑
q=1

exp
(
−

M∑
m=1

liqmµm

)
(15)

This resolution model does not take into account
crosstalk and gantry motion.

3. Scatter

The influence of scatter is not always negligible. In-
cluding scatter, the projection model can be represented
by ŷSi = ŷi +Spi, with pi a known profile and S the pro-
file factor. (This profile can be calculated e.g. by Monte
Carlo simulations.) The profile factor S will be updated
in each iteration. The update strategy is the same as in
(2), which gives:

ŷSi = ŷi + Spi, L =
∑
i

(
yi ln ŷ

S
i − ŷSi ) (16)

∆S = −
∂L
∂S
∂2L
∂S2

(17)

=

∑
i(

yi

ŷS
i
− 1)pi∑

i
yi

(ŷS
i )2

p2i
. (18)

In this work, no scatter profile is available, a constant
scatter profile, pi = 1, will be used.

C. Local model reconstruction

For the local model reconstruction, a proper projection
model ŷi,p will be assigned to each of the patches. As ex-
plained before, the models can differ in their energy and
resolution properties. The combined projection estimate
becomes:

ŷi =
∑
k

bik
∏
p

zik,p + Spi with zik,p =
ŷik,p
bik

(19)

Each zik,p is calculated separately for each patch using
the model assigned to that particular patch. During re-
construction, a patch will be treated as a group of pixels,
or image-block, in a grouped coordinate algorithm23,25.
This means that the patches are updated one by one, for
each patch update only the voxels belonging to that par-
ticular patch are updated. Consequently, the sum over
h in the denominator of eq. (5) is also limited to these
voxels. As will be discussed later, this has a significant
effect on local convergence.

Note that the summation over the energies, k, happens
after combining the projections of the different patches.
Therefore it is difficult to combine true monochromatic
and polychromatic energy models. IMPACT and ML-
TRC are both polychromatic algorithms, they both pro-
duce a projection for each energy bin k and can therefore
be combined in reconstructions where patches have differ-
ent energy models. As mentioned before, using MLTRC
instead of MLTR does not increase the computational
complexity, moreover, cupping artifacts are reduced.

Updating the scatter term is a sinogram procedure
which is applied after combining the contributions from
different patches and different energy bins. Therefore eq.
(18) will not be affected by the introduction of patches.
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All iterative reconstructions are initialized with a non-
zero image. One could use the FBP reconstruction, but
in our experience artifacts present in an initial recon-
struction are often hard to remove. We prefer using a
contour image. This is a contour of the object filled with
the attenuation value of water. This contour image can
of course be based on the FBP reconstruction. Here, the
contour image will be based on the initial reconstruction
which is also used to define the patches.

D. Projection Completion

The results obtained with the iterative methods will be
compared to three projection completion methods. The
methods start by making an initial FBP-reconstruction.
Based on this image a segmentation of the metals, by
k-means clustering, is performed. The metal projec-
tions are determined by a forward projection of these
segmented metals and removed from the original mea-
surement. These projections are replaced by artificial
projections. The new data set is then used to generate a
new reconstruction with substantial artifact reduction.
The first PC method that will be used, is the classical

PC as proposed by Kalender et al.1 where the metal pro-
jections are replaced by new ones based on linear inter-
polation. New streaks caused by removing information
can (partly) by avoided by including a normalization step
as in Müller et al.5 and Meyer et al. (NMAR)6. In this
second approach (PC-NMAR), the measured sinogram is
normalized, the interpolation step is applied and finally
the interpolated sinogram is denormalized. For normal-
ization a prior image is constructed. A segmentation of
the original reconstruction defines air, tissue and bone re-
gions. The prior image is built by assigning a particular
attenuation value to the different regions. The air regions
become µj = 0 (-1000 HU), the tissue region receives the
typical attenuation value obtained at the particular en-
ergy settings of the scan (in HU this is around 0 HU). The
bone regions retain their original values and the metal re-
gions are set to 0 HU. The normalization is applied by
dividing the measured sinogram by the projection of the
prior image. Information about the intersection lengths
for the different tissues is included, leading to reconstruc-
tions with less artifacts compared to regular PC. As men-
tioned in Meyer et al.6, when artifacts are severe, the seg-
mentation process can be difficult and this can affect the
prior image. Therefore, the prior image will be based on
the result of a regular PC reconstruction. Note that even
when using the normalized algorithm, artifacts can still
be present because some information about the object
is irreversibly lost during the replacement of the projec-
tions, e.g. edge information between different soft-tissue
structures.
The third method, PC-FSMAR8, is an extension of

the PC-NMAR method. The idea of this method is to
retrieve edge information present in the FBP reconstruc-
tion by combining high frequencies of both FBP and PC-

NMAR reconstructions. PC-FSMAR results in the fol-
lowing weighted sum:

µFSMAR
j = µNMARLow

j +wjµ
FBPHigh
j +(1−wj)µ

NMARHigh
j

(20)
with µNMARLow

j the low frequencies of the PC-NMAR re-

construction, and µFBPHigh
j and µNMARHigh

j the high fre-
quencies of the FBP and PC-NMAR reconstruction. The
normalized weights wj decrease with increasing distance
of pixel j to the metal. An advantage of PC-FSMAR
over other more advanced methods is the clear and rather
straightforward implementation.

III. SIMULATIONS AND MEASUREMENTS

To evaluate the proposed techniques two phantoms
were used. The first phantom is a circular phantom made
of PMMA with diameter 19 cm. It contains two alu-
minum inserts of 3 cm diameter and two iron inserts of
1 cm diameter as shown in figure 3. The phantom struc-
ture is identical for the simulation and the measurement.
The second phantom represents a part of a human pelvis
and hips with two femoral implants. The phantom con-
tains a titanium based implant and a cobalt-chromium
based implant. An extra aluminum insert with diameter
of 3 cm is added. Further some extra PMMA cylinders of
1 cm diameter are placed around the metals. This phan-
tom was also simulated. Besides, a second composition
of the body phantom was used for simulations. Here,
the two implants remain and are now surrounded by a
bone structure which is based on the bone structure in
a human pelvis. The real and computer phantoms are
depicted in figure 4.

A. Simulations

The simulator is based on the CT-simulator of De Man
et al.14 extended with a distance driven projector26. The
simulations were two-dimensional and included Poisson
noise, a polychromatic spectrum (50 bins) and subsam-
pling of the detector elements (10 times), views (5 times),
source (5 times, width 0.1 cm) and image pixels of 0.01
cm. The geometry and spectrum properties were based
on a Siemens Sensation 16 system at 120kV. The spec-
trum was determined using Spektr software27. The sim-
ulation also took into account afterglow and crosstalk
between the detectors.

B. Measurements

Both phantoms were scanned on a Siemens Sensation
16 (part of a Biograph 16 PET/CT system). A circular
scan at 120 kV and 300 mA was performed using colli-
mation 2 x 1.00 mm and a rotation time of 0.5 s. Only
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FIG. 3. Circular phantom The circular phantom on the left and its computer representation on the right. This phantom is
a PMMA disk with diameter 19 cm and contains two cylindrical aluminum inserts of 3 cm diameter and two cylindrical iron
inserts of 1 cm diameter.

FIG. 4. Body phantom On the left the scaffold for the body phantom is shown. This scaffold is put into water for scanning.
The slice which is scanned is marked with arrows. The computer representation of the slice is shown in the middle. This
phantom contains two implants (titanium-based and cobalt-chromium-based), an aluminum insert with diameter 3 cm and
several PMMA inserts of diameter 1 cm. On the right, the variation of the computer phantom with a bone structure included,
is also shown.

one slice of 1.00 mm will be used for a two-dimensional
reconstruction.
Data obtained from clinical scanners are typically cor-

rected for beam hardening and other effects. The cor-
rections are often non-linear and can interfere with our
proposed models. Siemens assisted to obtain raw data
without beam hardening corrections.

C. Reconstruction

All data sets are reconstructed with different recon-
struction schemes:

1. Four FBP-based reconstructions are performed:
regular FBP, PC, PC-NMAR and PC-FSMAR.

2. A regular MLTR, MLTRC, and IMPACT recon-
struction is done.

3. Different reconstructions based on a patchwork
structure are performed:

(a) Patched MLTR, Patched MLTRC, or
Patched IMPACT: Different patches are
defined by the patched structure but the same
energy model (MLTR, MLTRC or IMPACT)
is used in all patches.

(b) MLTRC + IMPACT: The energy model for
the metal patches is IMPACT, the remaining
patch without metals uses the MLTRC energy
model.

(c) Resolution: For the patched methods, a
second patched reconstruction has been done
with increased resolution in the patches with
the highest attenuating materials (iron and
the implants). This means that three times
more pixels were used and a threefold detec-
tor subsampling was applied for the projection
of the particular patch.

Adaptive filtering of the projections28 is applied to all
FBP-based reconstructions. The iterative reconstruc-
tions schemes consist of 20 iterations with 116 subsets.

IV. RESULTS

A. Simulations

a. Circular computer phantom The circular (com-
puter) phantom is reconstructed with a pixel size of 0.1
cm. The results of the different reconstruction schemes
are shown in figure 5.
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FIG. 5. Simulation, circular phantom Reconstruction of the circular (computer) phantom with FBP, PC, PC-NMAR,
PC-FSMAR, MLTR, MLTRC, IMPACT, Patched MLTR, Patched MLTRC, Patched IMPACT and MLTRC+IMPACT. When
using patches a reconstruction with and without resolution modeling in the Fe-patches is show. (Window = 750 HU, Center =
0 HU.)
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Artifacts are reduced for MLTR, MLTRC, and IM-
PACT compared to FBP. Differences between MLTR,
MLTRC, and IMPACT are small. In a narrow window,
MLTRC and IMPACT show reduced cupping compared
to MLTR, and the IMPACT reconstruction has no dark
streak between the aluminum inserts. The difference be-
tween the reconstruction methods becomes more clear
when using a patched update, with IMPACT having no
streaks in between any of the metallic inserts. Intro-
ducing a higher resolution for the iron patches has some
influence but very little. Note that MLTRC+IMPACT,
using MLTRC for the non-metal patches, gives a very
similar result as using IMPACT for the whole image.
The results for PC and PC-NMAR are almost per-

fect. However, this is an almost ideal situation: a sym-
metrical homogeneous circular phantom. PC-NMAR is
performing better that regular PC. PC-FSMAR reintro-
duces some of FBP artefacts in the PC reconstruction.
b. Body computer phantom

Body phantom with PMMA details The pixel
size for this reconstruction was 0.1 cm. The over-
all results for the body phantom (fig. 6) are similar
to the results of the circular phantom. The cobalt-
chromium femoral prosthesis is attenuating more and
consequently suffers more from beam hardening, mak-
ing MLTR worse compared to MLTRC and IMPACT.
Also here, the patched reconstruction methods perform
better that the regular reconstruction methods. Using
MLTRC+IMPACT results in the same image quality as
Patched IMPACT.
PC, and especially PC-NMAR, give a smooth, seem-

ingly artifact-free result. However, the PMMA details are
deformed or have disappeared. These details are partly
recovered by PC-FSMAR. However, together with high
frequency information from the object, also some of the
streaks and shadows from the FBP image are reintro-
duced and cover some PMMA elements.

Body phantom with bone structure The recon-
struction pixel size is 0.1 cm. Figure 7 shows the results
for FBP, PC-NMAR, PC-FSMAR, IMPACT, Patched
IMPACT and MLTRC+IMPACT. The results for the
other methods are not shown, but they are analogous
to previous examples. The edges of the bone structure
are not sufficiently reconstructed with PC or PC-NMAR.
PC-FSMAR regains some contrast, but also here FBP
artifacts are retrieved together with edge information.
The iterative methods are reconstructing the bone struc-
ture well. Note that bone is segmented into the major
patch which is reconstructed with MLTRC in the com-
bined MLTRC+IMPACT reconstruction, showing that
MLTRC suffices for the reconstruction of these bone re-
gions.

B. Measurements

c. Circular phantom The measurement was recon-
structed on a grid with isotropic pixels of 0.098 cm. The
results for the measurement of the circular phantom (fig.
8) are similar to those for the simulated data set. The
introduction of patches in Patched IMPACT leads to a
substantial artifact reduction compared to regular IM-
PACT. Replacing IMPACT by MLTRC in the non-metal
patch does not lead to image degradation. The results for
projection completion are equivalent to the simulations.

d. Body phantom The measurement of the body
phantom was reconstructed on a grid with isotropic pixels
of 0.098 cm. The results are shown in figure 9. They are
comparable to those of the simulation. With Patched IM-
PACT and MLTRC + IMPACT strongly reducing the ar-
tifacts and only little influence of the use of an increased
resolution for the implant patches. The details around
the implants are reconstructed well. The results for PC
and PC-NMAR have only mild streaks or shadows with
PC-NMAR outperforming PC. The PMMA details are
deformed for PC and PC-NMAR and, as in the simula-
tion, partly retrieved in PC-FSMAR.

V. DISCUSSION

Two important methods for metal artifact reduction
are projection completion and iterative reconstruction
with advanced projection model. Where projection com-
pletion is fast, the influence of replacing data always in-
cludes a risk. Iterative reconstruction uses all available
information but is extremely slow when using a more
complex model. In this study we presented a local model
reconstruction scheme where complex models are only
applied to a limited area of the reconstruction volume.
The framework for our local model scheme is the patch-
work structure and projector.

The reconstruction volume was divided in several re-
gions or patches. For each of these patches a different
energy and resolution model could be defined. This is
very similar to the region of interest reconstruction pro-
posed by Hamelin et al.29,30 and Yu et al.31. In these pa-
pers, the approach was used to obtain a high resolution
reconstruction in a small region of interest, in combina-
tion with a coarser (and faster) reconstruction of the sur-
rounding background. Here, this approach was extended
to implement a locally improved energy model and im-
proved sampling of the detector elements. The patches
are updated sequentially, each patch was considered as a
group of pixels in a grouped coordinate algorithm. In a
first test, the patched reconstruction was applied. Here,
the volume is divided into the different patches, but the
same model was used for all patches. In all examples,
the application of the sequential patch update already
reduced the artifacts, especially the streaks connecting
the metals. The origin of this result is an improved con-
vergence for the metal patches. Sequentially updating
groups of pixels is known to improve convergence23,32.
The denominator of the update steps will be smaller
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FIG. 6. Simulation, body phantom with PMMA details Reconstruction of the body (computer) phantom with PMMA
elements. The methods are FBP, PC, PC-NMAR, PC-FSMAR, MLTR, MLTRC, IMPACT, Patched MLTR, Patched MLTRC,
Patched IMPACT and MLTRC+IMPACT. A reconstruction with and without resolution modeling in the implant-patches is
shown. (Window = 750 HU, Center = 0 HU.)
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FIG. 7. Simulation, body phantom with bone Reconstruction of the body (computer) phantom with bone. The methods
are FBP, PC-NMAR, PC-FSMAR, IMPACT, Patched IMPACT and MLTRC+IMPACT (no resolution modeling). The region
around the left implant is magnified in the inserts. (Window = 750 HU, Center = 0 HU.)

when the area of the updated patch is smaller. For in-
stance, in the MLTR update step (7), the sum

∑
h lih

in the denominator is proportional to the width of the
updated patch. A smaller denominator makes the up-
date larger. By giving the metal patches a larger up-
date compared to the rest of the image, the relative con-
vergence is altered which results in higher attenuation
values and sharper edges in an earlier stage of the recon-
struction process, resulting in less artifacts. A simulation
experiment not shown here confirmed that for far more
iterations (about 200 iterations x 116 subsets) the non-
patched and patched reconstruction converge to a very
similar solution. A similar reduction of streaks is ob-
tained but both reconstructions suffer from fine streak
artifacts caused by the well known noise characteristics.
In Yu et al33 is also shown that altering the convergence
of different parts of the image, such as edges, can result
in an improved image quality.

We hypothesized that the non-metal regions could be
reconstructed with a less complex model. Therefore, we
combined the energy model of MLTRC for the non-metal
patch with IMPACT for the metal patches. In all exam-
ples this resulted in a very similar artifact reduction com-
pared to Patched IMPACT. The same image quality was
achieved while reducing the complexity of the largest part
of the reconstruction volume from 8 (back)projections
for IMPACT to 3 (back)projections for MLTRC. Arti-
facts originating from non-linear partial volume effects
could be reduced by increasing the resolution. However,

for all phantoms, the influence of an increased resolution
was rather low. It is questionable whether this small im-
provement is worth the extra time.

As a comparison, three projection completion meth-
ods were applied to the same data sets. Regular PC
and PC-NMAR reconstructions have less obvious arti-
facts compared to the iterative methods which all suf-
fered from remaining (but reduced) shadow and streak
artifacts. However, structures around the metals are of-
ten poorly reconstructed when using PC or PC-NMAR.
PC-FSMAR tries to solve this problem by reintroducing
some high frequency information from the initial FBP
reconstruction. Part of the edge information is indeed
retrieved, but in the phantom with the bone structure,
the bone is still less sharp compared to the iterative re-
constructions. Unfortunately, PC-FSMAR is not free of
streaks or shadows like the other projection completion
methods because some artifacts are reintroduced by us-
ing the high frequency information of the FBP recon-
struction. The loss of contrast and edges, especially
close to the implants, can be important for some ap-
plication, like implant follow-up in orthopedic surgery.
Other advanced projection completions methods4,7,9–12

could be more successful in retrieving contrast, although
by replacing projection values some contrast information
might still be lost.

The reconstructions with Patched IMPACT or ML-
TRC+IMPACT still contain artifacts: fine streaks
around the metals, small brighter dots, darker regions in



12

FIG. 8. Measurement, circular phantom Reconstruction of the circular phantom with FBP, PC, PC-NMAR, PC-FSMAR,
MLTR, MLTRC, IMPACT, Patched MLTR, Patched MLTRC, Patched IMPACT and MLTRC+IMPACT. When using patches
a reconstruction with and without resolution modeling in the Fe-patches is show. (Window = 750 HU, Center = 0 HU.)
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FIG. 9. Measurement, body phantom Reconstruction of the body phantom with FBP, PC, PC-NMAR, PC-FSMAR,
MLTR, MLTRC, IMPACT, Patched MLTR, Patched MLTRC, Patched IMPACT and MLTRC+IMPACT. A reconstruction
with and without resolution modeling in the implant-patches is shown. (Window = 750 HU, Center = 0 HU.)
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between the metals. The origin of fine streaks and dots
is probably noise. Further, although iterative reconstruc-
tion is using all available information, some important in-
formation can be lost during the measurement itself, as
for instance in case of photon starvation. The remaining
artifacts could be reduced by introducing Markov pri-
ors in the reconstruction algorithm34. Notice that when
using priors, the properties of the prior could also be
changed depending on the particular patch. A second ori-
gin of artifacts might be scatter. We believe the scatter
in the examples shown is relatively low and it is sufficient
to use a simple scatter model, a constant factor. Depend-
ing on the system geometry and the object structure and
attenuation, a more accurate (Monte Carlo simulated)
scatter profile could be necessary to sufficiently reduce
image artifacts.

In this study we chose to use thresholding to select
the metals in the initial reconstruction. In projection
completion, mistakes in the metal segmentation will af-
fect the final reconstruction. In contrast, the segmenta-
tion used for the patch definition does not determine the
shape or voxel values of the metals. The advantage of us-
ing a more sophisticated segmentation method will thus
be small. Selecting a region larger than the metal will
not affect the final artifact reduction. Selecting a region
smaller than the metal, which can be avoided in many
cases, could result in a less efficient artifact reduction
because the model will not be applied to the entire metal
region. To avoid selecting regions that are smaller than
the metal, the metal regions were dilated after threshold-
ing.

In this study we used local models for reconstruction
with artifact reduction. The patchwork structure as pre-
sented here can also be used for other than MAR appli-
cations, e.g. reconstruction with varying resolution over
the image29–31,35–37, and for other modalities than CT,
e.g. PET or SPECT.

VI. CONCLUSION

Projection completion methods are fast and efficient
methods for metal artifact reduction but they tend to de-
form structures lying in the interpolated projection rays.
Iterative reconstructions have some remaining streaks
and shadows, although strongly reduced, but by using
all available information a better reconstruction of struc-
tures close to and in between metals is obtained. The
increased computation time caused by using more com-
plex models can be limited by applying the more sophisti-
cated model only locally in and around the metals. This
local model reconstruction does not result in loss of im-
age quality. Moreover, sequentially updating the differ-
ent image parts leads to an improved artifact reduction.
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