Assessment of metal artifact reduction methods in pelvic CT
Mehrsima Abdoli
Department of Radiation Oncology, The Netherlands Cancer Institute, Plesmanlaan 121,
Amsterdam 1066 CX, The Netherlands

Abolfazl Mehranian
Division of Nuclear Medicine and Molecular Imaging, Geneva University Hospital,
Geneva CH-1211, Switzerland

Angeliki Ailianou and Minerva Becker
Division of Radiology, Geneva University Hospital, Geneva CH-1211, Switzerland

Habib Zaidia)
Division of Nuclear Medicine and Molecular Imaging, Geneva University Hospital, Geneva CH-1211,
Switzerland; Geneva Neuroscience Center, Geneva University, Geneva CH-1205, Switzerland;
and Department of Nuclear Medicine and Molecular Imaging, University Medical Center Groningen,
University of Groningen, Hanzeplein 1, Groningen 9700 RB, The Netherlands

(Received 1 July 2015; revised 21 December 2015; accepted for publication 14 February 2016;
published 3 March 2016)
Purpose: Metal artifact reduction (MAR) produces images with improved quality potentially leading
to confident and reliable clinical diagnosis and therapy planning. In this work, the authors evaluate the
performance of five MAR techniques for the assessment of computed tomography images of patients
with hip prostheses.
Methods: Five MAR algorithms were evaluated using simulation and clinical studies. The algorithms
included one-dimensional linear interpolation (LI) of the corrupted projection bins in the sinogram,
two-dimensional interpolation (2D), a normalized metal artifact reduction (NMAR) technique, a
metal deletion technique, and a maximum a posteriori completion (MAPC) approach. The algorithms
were applied to ten simulated datasets as well as 30 clinical studies of patients with metallic hip
implants. Qualitative evaluations were performed by two blinded experienced radiologists who
ranked overall artifact severity and pelvic organ recognition for each algorithm by assigning scores
from zero to five (zero indicating totally obscured organs with no structures identifiable and five
indicating recognition with high confidence).
Results: Simulation studies revealed that 2D, NMAR, and MAPC techniques performed almost
equally well in all regions. LI falls behind the other approaches in terms of reducing dark streaking
artifacts as well as preserving unaffected regions (p < 0.05). Visual assessment of clinical datasets
revealed the superiority of NMAR and MAPC in the evaluated pelvic organs and in terms of overall
image quality.
Conclusions: Overall, all methods, except LI, performed equally well in artifact-free regions.
Considering both clinical and simulation studies, 2D, NMAR, and MAPC seem to outperform the other techniques. C 2016 American Association of Physicists in Medicine.
[http://dx.doi.org/10.1118/1.4942810]
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1. INTRODUCTION
Over the past few decades, x-ray computed tomography (CT)
has emerged as one of the leading cross-sectional imaging
modalities offering a broad range of clinical applications
in diagnostic radiology, radiation oncology, and multimodal
molecular imaging.1,2 Despite the acknowledged value of this
imaging modality, CT image quality and quantitative accuracy
can be impaired by a number of physical degrading factors,3
mainly artifacts arising from the presence of metallic objects
in the field-of-view, such as dental fillings, hip or knee prostheses, cardiac pacemakers, and spinal cages.4 The appearance
of streaking artifacts often obscures the anatomical structures
1588
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surrounding the implants, leading to reduced diagnostic CT
confidence and potentially equivocal findings.5–7 Moreover,
severe dark and bright streaking artifacts can result in imperfect dose calculation due to impaired organ boundary delineation in radiation therapy treatment planning8 and over/underestimation of activity concentration in CT-based attenuation
correction of positron emission tomography data.9,10 As a
result, many attempts have been directed toward developing
metal artifact reduction (MAR) techniques capable of reducing
the artifacts and thus enhancing CT image quality.11
Since polychromatic x-ray beams used in x-ray CT pass
through the patient, soft and low energy x-rays are preferentially absorbed to a great extent compared to high-energy
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photons. A direct consequence of this selective absorption
is an increase in patient’s absorbed dose, compared to an
ideal monoenergetic beam, and a nonlinear increase in the
beam’s average energy, which is often referred to as beam
hardening effect.12 The metallic objects with a high atomic
number strongly attenuate the crossing x-ray photons resulting in severe beam hardening and thus photon starvation
at the detectors. This nonlinear propagation of x-ray beams
over metallic objects renders the corresponding transmission
projection data inconsistent and corrupted. The filtered backprojection (FBP) algorithm, which still is the most widely
used algorithm in CT image reconstruction, however, assumes
a linear propagation model for the detected photons and as
such, is susceptible to data inconsistencies leading to dark
and bright streaking artifacts in the reconstructed images.
The beam hardening, scatter and streaking metal artifacts
can be intrinsically suppressed to an acceptable diagnostic
level using polychromatic statistical iterative image reconstruction algorithms.13 However, such algorithms are memory demanding and computationally intensive. As a result,
MAR algorithms have been mostly developed for FBP and
algebraic/monochromatic iterative image reconstruction algorithms with the aim of correcting for sinogram corruption
and data inconsistency. In this regard, metal artifact reduction techniques can generally be divided into five categories:
(i) interpolation-based sinogram correction (i.e., direct interpolation in the sinogram domain), (ii) non-interpolation-based
sinogram correction, (iii) hybrid sinogram correction, (iv) iterative image reconstruction, and (v) image-based approaches.11
Most these MAR techniques possess some advantages and
drawbacks in terms of computational simplicity, accuracy,
and efficiency in reducing the artifacts produced by different
metallic objects and introducing new artifacts. The different
characteristics and potential performance of these algorithms,
therefore, calls for a comprehensive comparative evaluation
in order to understand the benefits and shortcomings of each
algorithm.
In this work, five MAR techniques, belonging to the first
three categories of the above-mentioned list, were compared
and evaluated using simulation and clinical studies of patients
with primary hip replacement. To the best of our knowledge,
this is the first work that compares sinogram interpolation,
noninterpolation, and hybrid approaches in quantitative simulation studies as well as a scored quality assessment by expert
readers. Hip replacement is the second most common joint
replacement surgery with an increasing number of procedures
in the aging population.14 This comparative study aimed to
compare the performance of various MAR algorithms for the
assessment of adjacent and distant pelvic organs and global
image quality.
2. MATERIALS AND METHODS
2.A. Metal artifact reduction approaches

In this study, we selected representative MAR techniques
from the three most commonly used MAR categories, namely,
three interpolation-based sinogram correction techniques, one
Medical Physics, Vol. 43, No. 4, April 2016

1589

non-interpolation-based method, and one hybrid sinogram
correction approach. These techniques are described in
Subsections 2.A.1–2.A.3. In all MAR techniques used in
this work, a virtual sinogram was utilized rather than the
original raw CT data to overcome the challenges associated
with the usage of proprietary raw data, usually encrypted
by the manufacturers. The virtual sinogram is generated by
forward projection of the reconstructed images,15,16 as a postprocessing procedure, which provides an easily accessible
version of the original sinogram, in a smaller size. This
facilitates fast data correction and eliminates the need to
transfer and decrypt large raw data of the original sinogram.
The term “virtual” is adopted since the original sinogram is not
used in these implementations. Although the virtual sinogram
is generated from the reconstructed images, these MAR
implementations do not belong to the image-based category
since the data correction is performed in the projection
domain, rather than the image domain. It must be noted that
using the original sinogram is to be preferred in case the above
mentioned challenges can be easily handled.
2.A.1. Interpolation-based sinogram correction

The majority of the proposed MAR approaches employ
this category of techniques due to simplicity and easy and
fast implementation. These techniques consist of two steps:
(i) metal trace identification, in which the corrupted sinogram bins, namely, missing projection bins, are identified
and (ii) missing projection bin interpolation.17–19 The missing
projection bins can be either identified directly in the sinogram domain using dedicated segmentation techniques19,20 or
through forward-projection of segmented metallic objects on
the image space.6,21 Kalender et al.6 proposed a simple linear
interpolation (LI) based MAR algorithm in which missing
projection bins are identified by forward-projection of manually segmented metallic objects and interpolated along projection profiles using a one-dimensional (1D) linear interpolation
algorithm. The 1D linear interpolation takes the data on each
column of the sinogram and uses those that are not affected
by the metallic object and concatenates linear interpolants
between each pair of these data points. The missing data
will be found on the concatenated lines, which generates a
continuous curve. In the current study, we slightly modified
this approach by using a simple thresholding technique to
delineate the metallic objects. Since the Hounsfield units
(HUs) corresponding to high atomic number objects, such
as metals, are considerably higher than that of human body
tissues, they can be easily distinguished. However, in regions
where the bright streaking artifacts are quite intense, their CT
values might be very high, in which case the differentiation,
by any means, becomes a challenge.
One-dimensional interpolation is, however, known to
generate new artifacts in the reconstructed CT images, mainly
due to the discontinuity of the interpolated bins along
the second dimension (i.e., the dimension on which the
interpolation is not performed) of the sinogram matrix.15
In an attempt to improve the smoothness and continuity of
the sinogram, two-dimensional (2D) interpolation techniques
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were proposed.22,23 The challenge associated with application
of 2D interpolation schemes is that the corrupted projection
bins are eliminated from the sinogram grid. When some data
points are eliminated from a regular grid, it becomes irregular
in nature, and as such, the sinogram grid (which is originally
a square-based grid) is not regular anymore. Such irregular
grid is not compatible with any 2D interpolation method. To
tackle this issue, the irregular sinogram grid was rearranged
into a triangle-based grid, known as Delaunay triangulated
grid.24 This 2D interpolation approach, compatible with
such triangle-based grid, is referred to as Clough–Tocher
interpolation.25 Another reason for using a triangulated grid is
that closed-form 2D or 3D interpolation techniques require the
transformation of the data into a triangulated mesh (or another
irregular gird), where missing data can be interpolated in all
possible directions. When the interpolation is performed, the
data are transformed back to a regular grid and the corrected
image is reconstructed.
Another attempt to improve the performance of the simple linear interpolation approach was investigated by Meyer
et al.26 In their approach, known as normalized metal artifact
reduction (NMAR), a normalized sinogram is generated by
forward projection of a tissue-classified prior image. A multithreshold segmentation is applied to the original CT image
in order to obtain the prior image. A linear interpolation is
then performed on the normalized sinogram and the corrected
image is generated by reconstruction of the denormalized
sinogram. The prior images were derived by segmentation
of the corrected CT images using the linear interpolation
method into two tissue classes, bones and soft tissues using
thresholding-based segmentation. As reported in Ref. 26, this
would result in a more accurate prior image compared to the
segmentation of uncorrected CT images. For the identification
of the missing projections, the metallic implant was segmented
by the thresholding of the uncorrected CT image at threshold
of 2500 HU, and the resulting metal-only image was forward
projected. To obtain the prior image, the LI corrected CT
images were then segmented for soft tissues (body contour)
at threshold on −501 HU was employed. The bones were
identified from the LI CT image by a threshold of 200 HU.
The metallic implants were excluded from the identified bones
using a binary masking. The prior image was then obtained by
assigning the CT values of 1070 HU to the soft tissue label,
followed by superimposition of the identified bones (having the same CT values as the uncorrected images). Finally,
the prior image was smoothed by 8 mm FWHM Gaussian
filter.
2.A.2. Noninterpolation-based sinogram correction

Alongside the presented MAR approaches, which make use
of interpolation methods to correct for the artifacts in the sinogram domain, a number of sinogram-based strategies aiming
at correcting the affected projection bins using methods other
than interpolation were investigated. In this context, Mehranian et al. proposed a MAR technique based on maximum
a posteriori completion (MAPC) of the corrupted projection
bins.27 In this technique, a tissue-classified prior image, which
Medical Physics, Vol. 43, No. 4, April 2016
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is incorporated into a novel prior potential function, serves as
a prior knowledge about the missing projection bins. Subtraction of the unknown target and the prior sinograms, which is a
measure of sparsity of the residual sinogram, provides a prior
knowledge. The MAPC problem was solved as a constrained
optimization problem using an accelerated projected gradient
algorithm. In this study, for the MAPC, we used the same
prior image as used for NMAR. The MAPC method aims to
iteratively estimate the missing projections from neighboring
projections, and adjacent slices (in 3D case) and also the prior
projections obtained from the forward projection of the prior
image. In this algorithm, the impact of the prior projections
is controlled by a weighting factor α, which in this study was
set to one, since in the case of hip prosthesis a large amount
of projection data are corrupted and therefore the prior images
play an important role in the recovery of the corrupted data.
In this algorithm there are two more parameters, including
convergence parameter η = 1 × 10−4 and the diffusity contrast
parameter δ = 5 × 10−5. These parameters were selected according to previous results in Ref. 27.

2.A.3. Hybrid sinogram correction

Many correction strategies combine various techniques to
achieve an improved performance. In this context, a combination of interpolation- and non-interpolation-based sinogram
correction was proposed.28 This method builds on the wellestablished metal deletion technique (MDT) to substitute the
corrupted projection bins in an iterative filtered backprojection process. An initial image is generated using the linear
interpolation approach. Thereafter, four iterations of FBP are
conducted in each of which, the corrupted bins are replaced
by their value in the previous iteration. In this study, the CT
images corrected by LI MAR methods were filtered using a
3D median filtering, as an edge-preserving filter. The filtered
images were forward projected and the corrupted projections
of the original sinograms (identified following the forward
projection of the metal only images) were then replaced by
the projection of the resulting sinograms. This procedure was
repeated four times as described in Ref. 28.
2.B. Simulation and clinical studies

The above referenced MAR techniques (LI, 2D, NMAR,
MAPC, and MDT) were evaluated using simulated and clinical
studies. Since the ground truth is not available in clinical
setting, we followed a simulation procedure described by
Mehranian et al. for the simulation of metal artifacts on clinical
artifact-free CT images.27 In this procedure, the image is
segmented into four classes: air, adipose, soft tissue, and bone
and is superimposed by metallic prostheses [Fig. 1(a)]. A polychromatic x-ray spectrum was generated using the SpekCal
software for a tube voltage of 120 kVp, 2.5 mm aluminum
filtration, 10◦ anode angle and a tube output of 123.8 µGy/mAs
at 1 m. The spectrum was then uniformly sampled into 35
mono-energetic beams, with intensities and average energies
calculated over each energy interval to preserve the tube
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F. 1. Artifact simulation process: (a) The CT image is segmented into four classes: air, adipose, soft tissue, and bone. This image presents a labeled map rather
than actual intensities; (b) artifact-free CT image (ground truth). (c) Simulated image containing metallic artifacts. The metal is inserted in the segmented image
when the artifacted image is to be reconstructed (a) and is excluded otherwise. The window width/window level in (b) and (c) is 2100/1200 HU.

output. We assumed that tissues within each tissue class (air,
adipose, soft tissue, bone, and iron) are homogenous, as shown
in Fig. 1(a). Since the NIST XCOM photon cross section
library provides mass attenuation coefficients of tissues at
different energies, we obtained linear attenuation coefficients
of each tissue class by multiplying mass attenuation coefficients by corresponding tissue densities. The densities of air,
adipose, soft tissue, bone, iron tissues were set to 1.205×10−03,
0.95, 1.06, 1.92, 7.874 g/cm3. For each tissue class, 35 different
attenuation values were obtained based on the NIST XCOM
library. Simulated hip implants were adopted from the segmentation of hip implants in a patient. The material of the implant
was assumed to be iron with a density of 7.874 g/cm3. Thereafter, the attenuation map is forward projected and Poisson
noise is added to the resulting sinogram to obtain projection
data acquired using polychromatic x-ray beams. The amount
of added noise mimics the typical noise level observed in
clinical studies. The projection data are then log-processed
and reconstructed utilizing a FBP algorithm using a ramp filter
with a cut-off frequency of 1 cycles/pixel. In this first-order
simulation, the CT scanner was assumed to have a linear,
energy-invariant and count-independent detector response.
Moreover, in this simulation, only the artifacts caused by beam
hardening and photon starvation were simulated. Other causes
of streaking artifacts, such as nonlinear partial volume effects,
exponential edge-gradient, and scatters29 were not considered.
Figures 1(b) and 1(c) show a sample of simulated CT image
produced according to the above described procedure. In this
study, we simulated metal artifacts in ten patients with hip
replacements (five bilateral and five unilateral hip implants).
For data simulation, we used the following specifications: fanbeam geometry of a simulated single-slice CT scanner with
888 detector channels, 984 angular samples over a 360 orbit,
detector pitch of 1 mm, 949 mm source to detector distance,
541 mm source to isocenter distance, 408 mm isocenter to
detector distance. The geometric system matrix describing
this scanner was generated by the Image Reconstruction Toolbox, running in  2010a (The MathWorks, Inc., Natick,
MA).
The various MAR approaches were further evaluated using 30 clinical studies of patients with single or double hip
implants (13 males and 17 females with age range, 42–90 yr,
and average age 65 yr). These patients were scanned on a 64slice Biograph mCT scanner (Siemens Healthcare, Erlangen,
Germany), using the following parameters: 100 kVp, 30 mAs
Medical Physics, Vol. 43, No. 4, April 2016

(using CARE Dose4D automatic tube current modulation),
16 × 1.2 collimation and a pitch of 1.5.
2.C. Evaluation strategy and statistical analysis

Using the ground truth artifact-free CT image, the impact of
MAR can be accurately evaluated using quantitative metrics.
Therefore, for the simulated datasets, three metrics were
calculated using region of interest (ROI)-based analysis. Six
ROIs were defined on the original image, two on regions
corresponding to bright streaking artifacts, two on regions
corresponding to dark streaking artifacts, and two on artifactfree regions, and the same ROIs were applied to the corrected
images. The same ROIs were used on both ground truth images
and corrected images. The ROIs are defined manually on the
original scan, where the artifacts are clearly visible. The ROIs
corresponding to the dark and bright artifacts are defined on
areas close to the metallic object, where the artifacts are the
strongest. The ROIs corresponding to artifact-free regions are
defined in areas close to the skin, where almost no artifact
exists. In Fig. 2(b), three representative ROIs are illustrated on
different regions, as explained above. The evaluation metrics
include the mean relative error (MRE), normalized root mean
square difference (NRMSD), and mean absolute deviation
(MAD) between the corrected (I corrected) and ground truth
image (I true),
I corrected − I true
,
I true



 corrected true2



− Ii

 i ∈ROI Ii
,
NRMSD =
 true2
Ii
MRE =

(1)

(2)

i ∈ROI

1   corrected true
− Ii .
MAD =
I
N i ∈ROI i

(3)

I corrected and I true represent the mean intensity (original
HU + 1024 to prevent zero denominator) within each ROI and
i is the index of pixels belonging to each ROI. N is the number
of voxels in a given ROI.
The difference between mean intensities within the defined
regions of interest on the corrected and ground truth images
was also statistically analyzed using a two-tailed paired t-test.
For the clinical datasets, where the ground truth is not available, a blind qualitative evaluation of the original anonymized
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F. 2. (a) Representative artifact-free CT image without metal implants, (b) artifacted CT image with simulated metal implants, and same image shown in (b)
corrected using the different MAR techniques: (c) LI, (d) 2D, (e) MDT, (f) NMAR, and (g) MAPC. The ROIs used for the quantitative analysis are shown in
(b), where the black ROI corresponds to the bright region, the grey ROI to the dark region and the white ROI to the unaffected region. Window width/window
level = 2100/1200 HU.

CT images and those produced using the five MAR techniques
was performed by two experienced radiologists (10 and 25 yr
of experience) separately who ranked the distinction of five
organs in the pelvic area: bladder, rectum, prostate (if applicable), seminal vesicles (if applicable), and vagina (if applicable). The ranking was performed by assigning scores from
zero to five, with rank zero indicating totally obscured organs,
with no structures identifiable and five indicating recognition
with high confidence.28 The overall quality of the images was
also similarly scored. Typical windowing adopted in clinical
pelvic organ evaluation was used to evaluate the datasets. The
window level/width was chosen such that they allow for the
best visual inspection and represent the closest setting to what
the clinicians use in routine. The same fixed settings were used
across all comparisons.
Interobserver agreement regarding ratings for organ evaluation and for overall image quality was assessed using the kappa
statistics, kappa values ranging from zero to one (slight agreement: 0.01–0.2; fair agreement: 0.21–0.4; moderate agreement: 0.41–0.6; good agreement: 0.61–0.8; excellent agreement: 0.81–1). All statistical analyses (t-test and kappa) were
performed using SPSS for windows (SPSS, Inc., version
14.0).
Medical Physics, Vol. 43, No. 4, April 2016

3. RESULTS
3.A. Quantitative analysis

Figure 2 illustrates an example of a simulated artifacted
CT image together with the corresponding ground truth and
corrected images. It can be observed that all MAR approaches
reduce the apparent streaking artifacts to a large extent. However, since the simulated datasets contain less diverse assortment of soft tissue compartments compared to real clinical
studies, there is less information to be retrieved through the
artifact reduction process.
Figure 3 presents the quantitative analysis of the simulated
images using the three defined metrics. Each metric is presented in a separate graph where every MAR technique is
plotted as a bar with a different gray level. Looking at the three
plots, it can be observed that three methods (2D, NMAR, and
MAPC) seem to share the highest performance in correcting
for dark streaking artifacts, while LI falls behind the other
methods in all regions.
In regions with no artifacts, the errors and deviations associated with all MAR methods remain similarly low, except LI
which presents a slightly higher error. Table I summarizes the
results of the statistical analysis of these datasets in different
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F. 3. Quantitative analysis of the simulated CT images using three metrics: (a) mean relative error (MRE), (b) normalized root mean square difference
(NRMSD), and (c) mean absolute deviation (MAD). Error bars represent the standard deviation over the group of (simulated) patients.

regions using a two-tailed paired t-test. As the results presented in Table I suggest, the differences between regions
associated with dark streaking artifacts and the corresponding regions on the ground truth image are all significant (Pvalue < 0.05). However, there is no proof of statistical significance between regions associated with bright streaking artifacts and artifact-free areas and the corresponding regions on
the artifact-free images for all five correction techniques (Pvalue > 0.05). It must be noted that failure to prove statistically
significant differences is not sufficient to confirm that the results are statistically identical.
3.B. Qualitative data analysis

A representative clinical study is shown in Fig. 4, where the
original image and the corresponding corrected images using
the five MAR methods are presented. It can be noticed that
almost all methods leave a trace of the streaking artifacts after
correction. However, they all enhance the quality of the images
to a great extent. Since the ground truth for the clinical datasets
T I. P-values obtained by statistical analysis of the different MAR
techniques in dark, bright, and unaffected regions for the simulated studies
using paired two-tailed t-test.
MAR method
Region
Dark
Bright
Unaffected

LI

2D

MDT

NMAR

MAPC

<0.005
0.79
0.06

<0.001
0.57
0.24

<0.001
0.38
0.23

<0.002
0.22
0.08

<0.002
0.40
0.14
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is not known, the images were independently analyzed by two
expert radiologists and scored from 0 to 5 for five organs in
the pelvic area based on how the organ can be recognized.
The different organs used for scoring are marked with an
arrow [see Fig. 4(f)]. The overall quality of the images was
also ranked to reflect the severity of the remaining artifacts.
Figure 5 illustrates the average scores and standard deviations
assigned to each organ, as well as the ranking reflecting overall
image quality.
A representative clinical study is shown in Fig. 6 where the
streaking artifacts in the original image [Fig. 6(a)] completely
obscure the prostate, seminal vesicles, and bladder. The
average scores assigned by the radiologists to these organs are
0, 0, and 0.5, respectively. As can be seen in Figs. 6(b)–6(f),
all five MAR techniques have considerably improved the
diagnostic value of CT images and the pelvic organs are clearly
recognizable after image processing, with scores varying
between 4 and 5. The subtraction of corrected and original
images is illustrated in Figs. 6(g)–6(k) to highlight the effect
of each MAR method. Interobserver agreement for scoring
of each organ, as well as for overall image quality were
excellent with kappa values as follows: 0.87 for the prostate,
0.89 for the seminal vesicles, 0.86 for the vagina, 0.80 for
the bladder, and 0.83 for overall image quality. Although
there is a very good agreement between the observations
of the two raters, the calculation of kappa was not possible
for the rectum since the results did not meet the kappa
statistics criteria given that the ranges of scores for both
observers were different (one radiologist ranked it in the range
of two–five, while the second ranked it between four and
five).
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F. 4. Representative clinical case showing (a) the original artifacted CT image and the corrected images using the various MAR approaches: (b) LI, (c) 2D,
(d) MDT, (e) NMAR, and (f) MAPC. The organs used for scoring are also depicted in (f). Window width/window level = 500/20 HU.

4. DISCUSSION
The reduction of metallic streaking artifacts on CT images
proved to play a significant role in improving diagnostic image
quality and quantitative capability of this imaging modality.
The confident usage of x-ray CT in a broad range of clinical
applications requires proper correction for image degrading
factors to reduce the artifacts they produce. Several correction approaches have been proposed during the past few decades,11 which motivated the comparison of their performance
in an attempt to highlight their advantages and drawbacks.
In this paper, we compared five different MAR techniques
belonging to different categories of MAR approaches using
simulated and clinical studies of patients bearing hip metallic
implants. All selected MAR methods operate in the sinogram domain, which are generally superior to image-based
approaches.11

F. 5. Average scoring of the clinical studies in five selected organs of the
pelvic area and overall image quality (observations of the two radiologists
are averaged). Error bars represent the standard deviation.
Medical Physics, Vol. 43, No. 4, April 2016

The results obtained using simulated studies demonstrated
that the performance of the selected MAR algorithms alters
in different regions of the images. In regions corresponding
to dark streaking artifacts, two interpolation-based approaches
(i.e., 2D and NMAR) and a noninterpolation-based approach
(i.e., MAPC) perform almost equally well. A lower MAD is the
evidence of a lower deviation in the intensity of the pixels (in
HU) in the investigated regions. Since the ROIs were carefully
defined in areas where only one tissue type is present, a low
MAD was expected. MRE and NRMSD are two measures
of relative error (in percentage) and as such, lower values
are desired. As a consequence, all three quantitative validation metrics confirm that 2D, NMAR, and MAPC outperform
the other methods in terms of correcting for dark streaking
artifacts. LI appears to have the lowest performance in these
regions.
In regions corresponding to bright streaking artifacts, all
methods have comparable performance. However, LI has
slightly inferior performance in terms of NRMSD. NMAR
appears to fall slightly behind the other three methods in
correcting the bright streaking artifacts. The performance
of all selected methods, except LI, is approximately similar
in artifact-free regions. MRE and NRMSD remain within
about ±5% and deviations of intensities are less than 50 HU.
The average HU deviation in artifact-free regions goes up
to 100 HU when using LI and NRMSD. MRE measures are
also higher relative to other four methods. The results of the
statistical analysis revealed that the mean differences between
the corrected images and the corresponding ground truth are
not statistically significant in regions corresponding to bright
streaking artifacts and artifact-free regions. On the other hand,
all techniques seem to have equally poor performances in dark
streaking areas (P > 0.05). It would have been beneficial if
a statistically powered analysis could be performed to back
up the results of this comparative study. However, the limited
number of samples did not enable us to conduct this type of
rigorous statistical analysis.
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F. 6. Representative clinical study showing in two planes (top: axial, middle: coronal, and bottom: subtraction images in axial view) the considerable
enhancement of the diagnostic value of CT examinations contributed by metal artifact reduction. (a) The original artifacted CT image and the corrected images
generated using the various MAR approaches: (b) LI, (c) 2D, (d) MDT, (e) NMAR, and (f) MAPC. Window width/window level = 500/20 HU. (g)–(k) Illustrate
the subtraction of (b)–(f) from the original image (a) in axial view. The window width/level for the subtracted images is 2300/120 HU.

The results of the clinical studies enabled us to observe
that, except the rectum, which is almost never influenced by
streaking artifacts and as such is ranked close to five in all
image sets, the other organs have been scored approximately
between three and four before correction (Fig. 5). This means
that all organs in the pelvic area are more or less recognizable,
with different levels of certainty.
Although the differences between the ranking of the
different MAR techniques were not considerable, NMAR and
MAPC appear to outperform the other techniques, particularly for the prostate, where the ranking is very close to the
Medical Physics, Vol. 43, No. 4, April 2016

maximum rank. These observations are in agreement with
the simulated studies in the regions corresponding to dark
streaking artifacts. In this analysis, the LI algorithm does not
outperform the other techniques, neither in the five different organs nor the overall image quality. The 2D approach achieves
an intermediate ranking among other approaches. LI and MDT
techniques have shown the lowest performance using both
simulation and clinical studies.
The contrasting performance of MAR techniques belonging to the same category (e.g., NMAR and LI) indicates that
the approaches cannot be ranked based on the category they
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belong to. Since the more complicated MAR techniques, such
as NMAR and MAPC, are able to outperform simple interpolation schemes, such as LI, it seems advisable to invest in
more complex approaches. On the other hand, there is still
room for improvement of the more sophisticated approaches,
such as NMAR and MAPC, which might enable them to
achieve improved performance in the regions corresponding
to bright streaking artifacts. On the other hand, the potential of
rather simple approaches, such as 2D, must not be overlooked.
Hybrid approaches enabling to combine various techniques
taking the advantages of each one into account seem to be
the way to go to achieve an ultimate solution addressing the
shortcomings of each technique. Recent studies reporting on
the evaluation of this type of techniques seem to confirm
their strength and robustness in clinical setting.30 In addition,
utilizing enhancement approaches, such as the frequency split
method proposed by Meyer et al. to preserve structures adjacent to the metallic object,31 can contribute to the improvement
of the performance of each MAR technique.
The scope of this study was limited to metal hip implants.
Further investigation of other common sources of streaking
artifacts, such as dental fillings, is required to generalize the
conclusions of these findings regarding the performance of
various MAR approaches. It should however be noted that
metallic hip implants have been chosen in this work since they
produce the most severe streaking artifacts and, as such, this
work is deemed to be a proper representative sample of various
sources of metallic artifact.
Another known limitation of this work is that artificial
sinograms are used rather than the original sinograms produced by the CT scanner. The virtual sinogram is a reprojection of previously reconstructed CT images using a simple projection model ignoring some physical factors, such
as beam-hardening and scatter. Although previous studies
demonstrated that the use of virtual sinograms does not bring
in significant bias in the outcome of MAR techniques,11,15 it is
worthwhile to compare the performance of the various MAR
algorithms on the original sinograms using a larger number
of clinical studies to increase the statistical significance of the
study.
5. CONCLUSION
In this work, we compared the performance of five MAR
techniques for the reduction of metal artifacts in CT images of
patients presenting with hip prostheses using simulation and
clinical studies. The simulation studies demonstrated that the
2D, NMAR, and MAPC methods achieved the best performance in reducing dark streak artifacts, which are dominant
in patients with bilateral hip implants. In regions contaminated with bright streaking artifacts, all five methods exhibited comparable performance. The results of the clinical
studies showed that NMAR and MAPC methods outperform
the other techniques, particularly for the prostate, which is usually obscured in dark streaking artifacts. It was concluded that
the reduction of artifacts induced by hip prosthesis, enabling
improved diagnostic confidence in CT images, can be reliably
achieved by NMAR and MAPC techniques.
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