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Gradient image smoothing for metal artifact reduction (GISMAR)

in computed tomography

Yakdiel Rodriguez-Gallo?, Rubén Orozco-Morales?, Marlen Pérez-Dfaz?
Abstract

Metal artifacts can impair accurate diagnosis, and degrade the image qualityland diagnostic value of CT-
slices. In this work we propose a novel gradient image smoothing for metal artifact:reduction (GISMAR)
algorithm for image quality improvement in patients with hip implants, dental fillings, DBS implants and
permanent seed implants. Using Image Smoothing via LO Gradient Minimization method, a global
thresholding method, and the principle of NMAR method, the authars developed a new MAR method that
does not depend on access to raw projection data. To validate the authors’ approach, 2D-CT data from
twenty-two patients with different metal implants were used and processed by GISMAR and three more
well- known algorithms. In order to evaluate metal artifact reductiop, mean CT number (HU and SD) was
calculated as well as a subjective analysis with three expert observers. Image quality on images was
compared using the non-parametric Friedman-ANOVA test. We conclude that GISMAR method can
efficiently reduce metal artifacts using CT-slice, does hot introduce new artifacts, while preserving

anatomical structures.
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Abbreviations and acronyms

CPU Central Processing Unit
CT Computed Tomography
FBP Filtered Back-Projection
FP Forward Projection

FSNMAR Frequency Split Normalized Metal Artifact Reduction
GE General Electric
GISMAR < Gradient Image Smoothing for Metal Artifact Reduction

GLP Gaussian Low-Pass
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HU Hounsfield Units

LOGM LO Gradient Minimization

LI Linear Interpolation

MAR Metal Artifact Reduction

NMAR Normalized Metal Artifact Reduction

SD Standard Deviation

INTRODUCTION

Artifacts due to metallic implants are common in Computed Temography(CT) images as a result of beam-
hardening, scatter effects and photon-starvation [1-3]. Overthe last fourdecades, a lot of algorithms have
been developed to reduce metal artifacts. These metal artifact:reduction (MAR) algorithms can be divided
mainly into five classes: Acquisition Improvement, Physics-based I:re—processing, Projection Completion,
Iterative Reconstruction and Image-based Approaches [4]. Inorder to improve the acquisition process, dual-
energy protocols have been proposed [5, 6]. A number of.MAR techniques have been developed based on
the assumption that the projections associatedswith the metal objects are completely missing or corrupted
and are useless for CT-slice reconstruction. The incomplete data are completed by interpolations among
the assumed useful measured data. Linear [7-9] or polynomial [10, 11] interpolation techniques can be used

for this purpose.

Other algorithms use a normalization step [12-14] to improve projection completion processes.
Additionally, some iterative reconstruction methods have been developed to reduce metal artifacts [15-19].
On the other hand, a small proportion’of methods prefer to handle the artifacts in the image domain [20].

In these methods, artifacts are reduced after the image has been reconstructed.

The purpose of thisstudy is present the preliminary results obtained by a new MAR method (GISMAR).
The novelty ofdhis new MAR is that eliminate the need to access to the raw projection data from the CT
scanner; working directly on two-dimensional CT-slices. Consequently, this method could be implemented
in a dedicated software for using in workstations and personal laptops. GISMAR method uses Image
Smoothing,via LO/Gradient Minimization (LOGM) method [21], Isoentropic based on Global Thresholding
method [22, 23] and the principle of normalized metal artifact reduction (NMAR) method [12] to interpolate
in the,sinogram domain. Image quality was compared with four well-known algorithms: filtered back
projection (FBP), linear interpolation (LI1), NMAR and frequency split normalized metal artifact reduction

(FSNMAR). The advantages of our method are demonstrated using clinical dataset.
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MATERIALS AND METHODS
Metal artifact reduction approaches

In this study, three well-known MAR methods were selected to compare the performance of GISMAR
method. The first algorithm selected was LI [24]. Although, this method reduces the artifacts, new ones are
induced. NMAR algorithm proposed by Meyer et al. [12] was the second algorithm chosen. To maintain
the size and the edges of the metal implant, both methods, L1 and NMAR, reinseft the metal image from
the originally reconstructed image in the final corrected image. In addition, to improve the edge information
of surrounding bone structures the application of FSNMAR algorithm was introduced by Meyer et al [13],
being the third algorithm selected in this research. The thresholds far.the segmentation of metal were set
according to the paper [13] for LI, NMAR and FSNMAR in this work: For full details of these algorithms,

please refer to corresponding literature.
Algorithm developed

The GISMAR algorithm uses various steps of data. segmentation. A flow diagram for the GISMAR

algorithm is shown in Figure 1.

“
‘ LOGM
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Fig. 1. Flow diagram showing the steps of the gradient image smoothing for metal artifact reduction
(GISMAR) algorithm.

As a first step, the artifacts were automatically segmented from the FBP reconstriicted CT-slice (1°"9"a")
using the previously published Isoentropic based Global Thresholding method by Bianconi.et al. [22;.25],
for automatic thresholding-based segmentation. Methods based on entropy, like‘the, Isoentropic, has the
advantage of being able to discriminate between types of objects according to their information content. In
MAR, the most widely implemented segmentation method employs global thresholding, whereby a global
threshold is used to distinguish the metal from the non-metal objects in the image. However, several studies
have claimed that minor segmentation errors may have significant detrimental effects on the overall
performance of the MAR method [26]. New studies on this topic will be published in the future by GISMAR
authors.

When the Isoentropic method is applied to the 1°79" threshold (Thr1)is obtained. This threshold is used
to obtain the dark artifact mask (1°"™), as is shown inFigure.1. T.his threshold is multiplied by a factor
(ThF1) and Thr2 is obtained. This new threshold was used/to get the bright artifact mask (1**™). Both I°AM
and I®*M are binary images. These images were yielded to segment the dark and bright artifacts in 1°79"a
and recover the lost structures. Subsequently, Thr3.is gotten multiplying Thr2 by a factor ThF2 (Thrl <
Thr2 < Thr3). In this case, Thr3 is used to segment the metallic implants in the original image, obtaining
the metal image (IM). It should be noted that Thr1 is calculated automatically through Isoentropic method
for each CT-slice, and it will vary mainly depending on the anatomical structure analyzed according to its
position in the human body. ThF1 factor canbe varied between 1.6 and 1.8; and ThF2 between 3.9 and 4.2.
It is recommended to use a ThF1 vaIJ{e of 1.7 and ThF2 of 4.1 for implants as presented in this paper. These

were found experimentally.

Once a metal image is obtained (I, a strong smoothing by a Gaussian low-pass (GLP) filter is used to
obtain the Gaussian filtered.image (1°®**"). A GLP with size of 200 x 200 pixels and a SD of ¢ ~ 25 pixels
was used. 152 gontains the local average intensity level, so, when it is combined with I°"" and 1BV the
local average intensity levelis recovered, obtaining the dark artifact image (I°*') and bright artifact image
(18, The modified original image 1 (1M°"9%) is the result of adding the image 1°*' to 1°"9"@ From the result
of this mathematical' operation is subtracted the image 1®*', obtaining the modified original image 2 (1M°"%?).

IMOri92 contains all the information from [°M9mal, |MOrie2 \wag obtained, using the following equation:

IMOrigZ — IOriginal + (IDAM * IGaussian) _ (IBAM % IGaussian) (1)

In order to obtain a prior image (1P (Fig. 1), a LOGM [21] is applied to the IM°"% This method was

selected based on the mechanism for discretely counting spatial changes, because it can remove low-
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amplitude structures and globally preserve and enhance outgoing edges, even if they are boundariesof very
narrow objects. Additionally, it has been used due to its characteristics and benefits in medical imaging [27,
28].

In LOGM, A is the smoothing parameter, which controls the degree of smoothing, and, x controls the
iterations rate. Five iterations are generally performed in the algorithm to obtain agood 17", with x = 1.8.
We recommend using a A value of 1 x 10°in dataset as used in this work. These iterations are carried out
because 1°™" cannot have artifacts. The goal is to discriminate artifacts from real structures in the original
image so that we can replace artifact contaminated regions of the original image with tissue values by
interpolation; and the discrimination is used to reduce metal artifacts [29, 30]. A high A value is applied in
order to achieve a deep smoothing, eliminating the artifacts that exist in 1M"9and thus obtaining an optimal

IPror without artifacts and with the most tissue information from the 199"/,

Sinograms from [°19na|Prior gng [Me@! were obtained using, forward proejection (FP). FP was carried out
using parallel-beam geometry. Following the method developed by [12], the original sinogram is
normalized (SN°™) by dividing it by the sinogram of the I”"% pixelwi’se. Moreover, all values from the S"o™
that lie within the metal trace (1) are replacediin each row-by linear interpolation (See Kalender et al.
[24] for further details). Afterwards, the corrected\sinagram (S°°) is obtained by denormalization of the
interpolated (S'™").

Finally, the reconstructed image (17*°) is obtainedhusing FBP with linear interpolation and a ramp filter from
S, This image is then processed using LOGM again with two iterations (k = 1.8 and A = 9 x 10%). In this
step, the parameters of the LOGM were selected to achieve a soft smoothing, and bring out the edges and
fine anatomical structures, as well.as eliminate some remaining streak artifacts due to noise, obtaining the

final image (17").
Patients

The authors had complete control of the data in the article submitted for publication. The images used from
a GE Medical Systems,CT were employed in previous research [31]. Additionally, the other dataset was
approved by [nstitutional ‘Review Board in the hospital where it was obtained. Informed consent was
obtained from all these/patients. The study was performed by using the DICOM images from CT datasets
obtained in 22 adults (mean age 61.5 years; range 21-84 years). The main inclusion criterion was the
presence of a,metallic implant in the examination area. The only exclusion criterion was to have an age
under 18 years. The mean patient’s weight was 65.8 + 10 kg (range 39.2-97.5 kg). Only the image data of

the patients'was used in the study, keeping all other patient’s information anonymous.

lmage acquisition
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The CT datasets were obtained for this research from two different CT scanners: GE Medical Systems CT
and a Siemens SOMATOM Sensation 16 scanner CT using helical scanning geometry. Patients with.dental
fillings were scanned on a GE CT with a filter type “Body filter”, convolution kernel “standard”, Slice
Thickness 2.5 mm, Tube current 250 mA and kilovolt peak 120 kV; in the case of patients,with hip implants
with “Body filter”, convolution kernel “standard”, Slice Thickness 2.5 mm, tube current 440 mA and
kilovolt peak 120 kV; and of patients with seed implants, a filter type “Body._filter”, eonvolution kernel
“B30s”, Slice Thickness 2.5 mm, Tube current 139 mA and kilovolt peak 130 kV. Qthers patients with
dental fillings were scanned on a Siemens SOMATOM Sensation 16 scanner CT and.it'utilized a filter type
“WEDGE _2”, convolution kernel “'"H31s”, Tube current 226 mA and Kilovolt peak 120 kV. On the other
hand, patients with DBS implants were scanned on a Siemens SOMATOM Sensation 16 scanner CT, being
used a filter type “WEDGE_2”, convolution kernel “"H31s”, Tube current 256 mA and kilovolt peak 140
kV. The matrix size of the reconstructed images was 512 x/512 pixels in both scanners. Corresponding
pixel sizes were 1 mm X 1 mm for GE CT and 0.776 mm X‘0.776 mm for Siemens SOMATOM Sensation.
The CT datasets were taken from different anatomical regions and had the following distribution: three seed
implants, three hip implants and three dental implants acquired from GE CT; eleven dental fillings and two
DBS implants from Siemens SOMATOM Sensation:

Image analysis

Clinical images obtained by using FBP, LI, NMAR, FSNMAR and GISMAR were independently evaluated
by three board-certified Radiologists;each with more than ten years of experience, and blind to all patient
data and image parameters. Images‘were visualised under the same conditions; displayed in random order.
Images were displayed using a 23” LED backlight monitor with a 1920 x 1080 resolution. Observers viewed
the monitors from an approximateviewing distance of 2-2.5 screen heights. Experiments were conducted

in dimmed ambient light (less than 25 Jux).

Statistical Analysis

In the objective comparison, jin order to assess the quantitative capability of the GISMAR algorithm for
metallic artifact reduction, two regions of interest (ROIs) were drawn on the original and the processed CT
images. CT numbers (HU) and standard deviations (SD) were measured by two radiologists within the 2
ROIs selected by them, one strongly affected and the second weakly affected by metallic artifacts. The
position ofxROI is dependent on each image. Three examples of this ROI location are shown in figure 2.
The size (4 mm2) and shape (circular) of the ROIs were maintained for all measurements. This size was

not so'smallas to be affected by pixel variability. Figure 2 shows some examples indicated by red circles.
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Fig. 2. Influence of the MAR algorithms on image quality. The ROI for assessment of the mast severe
artifact was placed at the location of the brightest streak artifact and in a segment weakly affected by
artifacts. Left column: Patient | with dental filling, Middle column: Patient Il with permanent seeds, Right
column: Patient 111 with total hip implant. (a) The original artifact CT-slice (FBP) and the corrected
images using the various MAR approaches: (b) L1, (c) NMAR, (d) FSNMAR and.(e) GISMAR. Arrow 1
indicates the metal artifacts. Arrow 2 points at the recovery of edges and fine anatomical details. Window
level: 300 HU; window width: 2,500 HU.

The diagnostic image quality was scored on CT-slices on a scale from 4 to 51, severely reduced image
quality, non-diagnostic; 2, markedly reduced image quality, with impaired diagnostic interpretability; 3,
acceptable image quality and diagnostic interpretability; 4, good image quality, with high diagnostic
confidence; 5, excellent image quality, with full diagnostic interpretability).

All numeric values were reported as the mean + SD. For quantitative image quality assessment, paired and
unpaired-t tests were used for comparison of ROl measurements bet.ween the algorithms, which were used
because the Kolmogorov-Smirnov and Shapiro-Wilk testsrevealed a distribution of data that was normal.
In order to compare subjective image quality scores of the datasets, non-parametric Friedman-ANOVA was
performed. P-values were adjusted for multiple comparisons using the Bonferroni-Holm method. With the
purpose of assessing interobserver agreement;»€ohen’s kappa was used. The k values of 0.01-0.20 were
considered to indicate slight agreement, 0.21-0:40 for fair agreement, 0.41-0.60 for moderate agreement,

0.61-0.80 for substantial agreement-and 0.81-1.00 for almost perfect agreement.

Statistical analyses were performed with statistical software (SPSS, version 22.0; IBM, Chicago, IL, USA).
For all statistical analyses, p-valuessess.than 0.05 were considered to represent statistically significant

differences.

RESULTS

Quantitative image quality assessment

A comparison0f HU values.among the algorithms are shown in Table 1.

Table leQuantitative image quality analyses. Comparison between images reconstructed by FBP, L1,
NMAR, FSNMAR and GISMAR algorithms.

Total hips Permanent seeds Dental Fillings DBS
Algorithms Segment Segment Segment Segment Segment Segment Segment Segment
. . . . . . . . without
with artifacts without with without with without with artifacts
(HU) artifacts artifacts artifacts artifacts artifacts artifacts (HU)
(HU) (HU) (HU) (HU) (HU) (HU)
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FBP 73.1+125 51.9+11.0 99.1+125 70.1+9.3 90.5+9.8 62.1+8.7 32.3+11.3¢ 323+ 9.2
LI 68.7+9.7 495+12.1 83.8+9.2 67.8+10.1 71.3+10.4 60.8+ 8.9 22.8+8.1 34.5£ 7.2
NMAR 50.1+9.3 49.2+116 70.7+9.4 67.2+9.7 63.9+10.5 61.3+ 8.7 18.6%£6.2 326+ 6.8
FSNMAR 50.2+£9.3 50.1£9.9 70.5+90.8 68.4+8.2 62.4+9.9 60.9+ 8.2 18.4+6.0 326+ 6.9
GISMAR 49.8.+9.8 49.9+95 69.5+9.1 68.3+7.8 61.6+10.0 61.2+8.3 19.0+ 6.4 32.7+ 6.6

For the ROI segments affected by metallic artifacts of any type, the mean HU values reconstructed by LI,
NMAR, FSNMAR and GISMAR were better than those images reconstructed by FBP. (p < 0.001 for all
values). Specifically, for hip implants, there were significant differences among Li.and all MAR algorithms
(p < 0.001) due to the presence of some artifacts. The LI method does not reduce\all artifacts and in some
cases introduces new ones. Mean HU value showed a better performance of GISMAR method, but without
significant differences with respect to the rest of MAR algorithms (p> 0.05).

For permanent seeds and total dental fillings, GISMAR presented. good results, but there were not
significant differences respect to FSNMAR (p =0.120 and p=0.213, respectively). For segments not affected
by artifacts, mean HU values did not show significant differences (0.105< p <0.347) among all

reconstructed images.

In the case of patients with DBS implants, the worstalgarithm was LI. There were no significant differences
between NMAR, FSNMAR and GISMARuin.areas not affected by artifacts. In areas close to the implant,
FSNMAR was the best performing, althoughnits differences were not significant regarding NMAR and
GISMAR (p =0.115 and p=0.354,‘respectively).

Qualitative image quality assessment

Interobserver agreement for all asse&nents of image quality is shown in Table 2. The « values for the three
observers were from 0.638 t0 0.8.24 for image quality in all the study. The worst agreement was between

observer 1 and 2 with x=0:655 (p<0.001) in presence of artifacts caused by permanent seeds.

Table 2. Comparison of interobserver agreement for all image quality assessment.

Total hip Observer 2 Observer 3
K P K P
Observer 1 0.801 <0.001 0.725 <0.001
Observer 2 0.705 <0.001
Permanent seed Observer 2 Observer 3
K P K P
Observer 1 0.655 <0.001 0.729 <0.001
Observer 2 0.678 <0.001
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Dental Fillings Observer 2 Observer 3
K P K P
Observer 1 0.721 <0.001 0.730 <0.001
Observer 2 0.702 <0.001
DBS implants Observer 2 Observer 3
K P K P
Observer 1 0.824 <0.001 0.755 <0.001
Observer 2 0.762 <0.0a

Table 3 shows the image quality among the algorithms. There ‘were significant differences between all
algorithms and BPF (p < 0.001). LI was the method with the warst result. The FSNMAR and NMAR
methods had similar performances in all case studies. GISMAR had a similar performance to FSNMAR.
Their main differences were in the regions close to the implant; where GISMAR had a better performance

in patients with seed implants and FSNMAR in patients with DBS implants (Fig 6).

Table 3. Differences in image quality among the algorithms. P-values for pair-wise comparison of the
different reconstruction techniques using.Friedman-ANOVA and adjustment for multiple comparisons

with the Benferroni=Holms method.

Hip implants
LI NMAR FSNMAR GISMAR
FBP 0.003 0.001 0.001 0.001
N,
LI 0.002 0.018 0.001
NMAR 0.685 0.465
FSNMAR 0.505
Permanent seeds
LI NMAR FSNMAR GISMAR
FBP 0.028 0.015 0.015 0.015
LI 0.020 0.020 0.020
NMAR 0.792 0.698
FSNMAR 0.505
Dental fillings
LI NMAR FSNMAR GISMAR
FBP 0.004  0.001 0.001 0.001
LI 0.002 0.001 0.001
NMAR 0.652 0.425
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FSNMAR 0.551

DBS implants

LI NMAR FSNMAR GISMAR

FBP 0.046  0.001 0.001 0.001

oNOYTULT D WN =

LI 0.001 0.001 0.001

10 NMAR 0.701 0.695

1 FSNMAR 0520

15 In patients with dental fillings, NMAR and FSNMAR algorithms reduced the streak artifacts, however the
17 GISMAR algorithm tends to give a better suppression of the around teeth.and restores more detail at a small
18 distance from the artifacts. In Figure 3 is zoomed the tissues affected by artifacts and the results obtained
20 by GISMAR.

35 Fig. 3. Influence of the GISMAR algorithm,on image quality. Reconstructions of a Patient 1 (P1) with
36 several dental fillings and Patient:4(P4) with seed implants. P1-W1 a) and P4-W2 a) were obtained from
38 the FBP reconstructed DICOM CT-image; so as P1-W1 b) and P4-W2 b) were obtained from GISMAR.
P1-W1 c) and P4-W2 ¢).were a zoomdin the tissues affected by artifacts. Soft tissue was recovered and the
41 method was able to recover edges.and fine anatomical details, which are presented in P1-W1 d) and P4-
43 W2 d). Images P1:W1 are displayed with window level 40 HU and window width 280 HU; and images
44 P1-W2 with window level -100 HU and window width 400 HU.

On the other‘hand, a preliminary investigation was carried out on the advantages of using the final
48 smoothing step in-other MAR methods (Fig. 4). GISMAR method was able to reduce the artifacts
50 efficiently, without its last step, keeping the details of the original image. This is due to the quality of the
51 IPrier “achieved with LOGM. However, the final quality was not good because the images were blurred, with
53 noisepand the structures were not clearly visible. When the smoothing step was applied in LI, NMAR and

FSNMAR methods, with the same parameters used in GISMAR, there was a reduction in the blurring of
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the images and some structures were observed better, which was more evident in FSNMAR" method.
However, some streaks are reintroduced by LI, NMAR and FSNMAR.

oNOYTULT D WN =
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Fig. 4. Patient with unilateral total hip replacement. Red arrows are used in the magnified images to mark

the position where the anatomical details are lost or exist artifacts. White arrows are used to highlight the
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position where corresponding details are restored or the artifacts are reduced. Using the final smoothing
step of GISMAR, some slight streaks are reintroduced by LI, NMAR and FSNMAR, but the blurring is
removed; and bone structures were restored by FSNMAR. GISMAR vyields the best correction. Top four
rows: window level 10 HU and window width 450 HU, bottom four rows: window{evel 300 HU.and
window width 2500 HU.

From the expert observer’s point of view, if small metal objects such as permanent seeds'were within the
field of measurement, GISMAR were more susceptible to artifacts reduction'than LI, NMAR, FSNMAR
and FBP. In addition, GISMAR was able to improve image quality in pelvis; and récover the delineation of

the tissues neighboring the metal hardware (Fig. 4).

The GISMAR method was developed to work on reconstructed images on axial slice. However, when the
artifacts have been reduced in all the slices, it is possible to build'a3D.volume. Figure 5 shows axial, sagittal

and coronal slices obtained after the application of GISMAR method in'a patient with unilateral total hip

replacement.

Fig. 5. Example of patient with unilateral total hip replacement. Axial, coronal and sagittal images before
correction with FBP and GISMAR algorithm are displayed at window level 10 HU, window width 450
HU; and window level 300 HU, window width 2500 HU.

Additionally, /experiments with GISMAR method were conducted with CT-slices that were severely
deteriorated.to know its performance. This is the case of the patient with DBS implant presented in Fig. 6.
This dataset was<affected by noise, metal artifacts and beam hardening. The experiments showed that
GISMAR was,able to reduce noise and metal artifacts. However, it was not able to recover the structures
in the vicinity of the implant. L1 was the worst performing method. The performance of FSNMAR and

NMAR algorithms was poor, because new artifacts were introduced.
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) NMAR

d) FSNMAR e) GISMAR

Fig. 6. Patient with DBS implant. Window level; O HU;Window width: 1000 HU.

An evaluation on the spatial resolution among MAR methods was carried out. Figure 7 shows the analysis
performed for the patient dataset with unilateral total hip replacement presented in Fig. 4. The Modulation
Transfer Function (MTF) [32] was estimated for two different ROI. For ROI a), close to the artifact, the
area under the MTF curves decreases more:than for:ROI b), distant from artifact, as consequence of the
MAR method used. In both cases;.the method that had the MTF closest to the uncorrected image was
GISMAR, and the method that had the worst MTF was L.

UNCORRECTED
u

- hiaR "
- ran NG

-G % weeackun

Fig. 7. MTF versus spatial frequency for MAR methods in a patient with unilateral total hip replacement.
ROI"a) close toithe artifact. ROI b) distant from artifact. Window level 0 HU, window width 1000 HU.
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DISCUSSION

In this paper, a new procedure to reduce metal artifacts was proposed. The core of the GISMAR algarithm
revolves around the combination of prior image creation and Gaussian smoothing filter application, the
result of which is then interpolated obtaining the reconstructed image. Finally, this image isssmoothed using

LOGM to improve its quality.

In presence of high-density objects, such as metals, the effects of beam hardening, Scattered radiation,
photon starvation and noise cause the FBP algorithm to produce reconstructions Qaracterized by artifacts.
LI was able to improve the overall image quality, but this algorithm still induced artifacts which negatively
influenced the diagnostic confidence in the assessment. NMAR was able to improve image quality and
proved to be superior to both FBP and LI. However, it still suffers fromloss of details close to metal
implants and it is dependent on a good prior image with accurate 'segmentation [12]. On the other hand,
GISMAR can restore structures between or in the neighberheod metal implants better than or similar to

FSNMAR. This algorithm is able to recover clear edgesfand fine angtomical details.

The addition of the final smoothing step (LOGMymethod) in.all MAR methods improved the delineation of
the tissues neighboring in the metal hardware (muscles, tendons and joint) and the implant itself. Both
FSNMAR and GISMAR improved the image quality. More investigations about the application of LOGM
in MAR methods should be carry out in the future.

A good prior image is important to perform the normalization process. Parameters selection for obtaining
a prior image and metal image are gsually ehosen empirically in some methods [12, 13, 24]. The « values
should be close to 2 according to th%ﬂuthors of LOGM, to achieve the best results [21]. GISMAR uses k =
1.8. This parameter was varied up to 2%, observing that the differences were not visually perceptible.
However, in dependence on the body region, the energy spectrum used for the CT acquisition changes.
Higher values of kVp increases the X-ray penetration and the variation of the whole image contrast. In the
present study, only three values of kVp were tested. The factors ThF1 and ThF2 were determined with the
purpose of GISMAR method was scalable and depend on few parameters for its future implementation, but
they should be experimentally fitted. New studies on the tuning of ThF1 and ThF2 factors with other

datasets, and.from different CT scanners will be carried out in the future.

The value of A is also conditioned by the acquisition parameters, mainly the mAs, which essentially
determine the noise. More iterations could yield an over-smoothing, losing image information. In general
terms, lower values of mAs imply higher values of A. This parameter also should be experimentally fitted,

according to the acquisition protocol used.
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The GISMAR algorithm makes use of LOGM. This method enhances edges and preserves the,tissue
characteristics, reducing the noise. GISMAR does not perform iterative reconstruction, as/these are time
consuming. The average time needed to obtain the final image was approximately of 50 seconds on an Intel
Core i5, CPU 1.8-GHz PC.

The GISMAR algorithm also has advantages for clinical work flow. It has the ability to operate directly on
DICOM CT-slices, reducing the artifacts and improving image quality. Many MAR algorithms require
access to raw projection data, but these often cannot be implemented on commercial CT scanners due to
restrictions. From this algorithm, a dedicated software for using in workstations by radiologists could be

developed, even for personal laptops.

Despite the large number of iterative reconstruction algorithms developed in recent years, and the increase
in computational power of the equipment, even these are not‘able to significantly reduce metal artifacts.
Geyer et al [33] describe the currently available algorithms published by'some CT manufacturers, observing
that the results obtained are not yet satisfactory. On the other ha.nd, Sunwoo et al [34] evaluated the
performance of the metal artifact reduction for orthopedic implants (O-MAR) in patients with intracranial
metallic implants, concluding that in many cases the reduction of the streak artifacts was not significant.
The application of hybrid techniques, a combination of‘iterative reconstruction algorithms and algorithms

that works in image domain, could be asolution:for the reduction of metal artifacts.

The main limitation of the presentscontribution is'the number of images studied. It would be important to
increase the sample for a more elaborate evaluation of the algorithm performance, as well as to investigate

other common sources of streaking artifacts, such as spinal screws.

In conclusion, the results in this pap\er show that GISMAR algorithm reduces streak artifacts and restores
the CT numbers of the tissues surrounding the metal. In the comparison, it was observed that GISMAR had
a similar performance to FSNMAR algorithm, although in some cases, it was able to recover with more
precision the details‘surrounding the implants. In addition, it was found that GISMAR tends to avoid the
introduction of new artifacts in CT-slices. A clinical study involving more cases is preparing to prove the
effectiveness of GISMAR.
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