Suppression of metal streak artifacts in CT using ¢
MAP reconstruction procedure
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Abstract— Metal implants such as hip prostheses and dental fill- clinical context, using the metal projections gives rise to streak
ings produce streak artifacts in the reconstructed CT images. Due grtifacts, not using them gives rise to black spot artifacts. One

to these streaks, the CT image may not be diagnostically usable. 5| tion to this problem has been projection completion [4]
Therefore we propose a reconstruction procedure that diminishes '

the streak artifacts and that may improve the diagnostic value of 51, [6], _[7]'_ o
the CT. The procedure starts with a MAP reconstruction using an Considering all these findings, our approach to reduce the
iterative reconstruction algorithm and a multi-modal prior. This  metal artifacts and to restore some of the diagnostic infor-

produces a streak-free starting image. This starting image will be mation, is creating a good, artifact-free starting image. This
the basis for a projection completion MAR procedure. The patient - i ing image will be used for two purposes. First, the pro-
results are very promising but further investigation and validation . . . . : S
is needed. jection completion will be based on this starting image rather
than on sinogram-based interpolation. We expect that an image
based method will give rise to an artificial sinogram that is
. INTRODUCTION more consistent than with a sinogram based approach. Second,

based on the observations that a good input image can lead the

Filtered back projection (FBP) image reconstruction IVEALTR algorithm to the exact solution, the starting image will

rise to streak artifacts in the presence of metal. Using,a . . . L i .
: S . . ~ be given as an input image for the final iterative reconstruction
maximum-likelihood algorithm for monochromatic transmis:

sion tomography (MLTR) [1], [2] gives improved images buLnoﬁ:iZ\:empt to drive the algorithm towards a less artifact-prone

artifacts remain. Further improvement can be achieved by USNGrhe next section describes in more detail our metal artifact

a maximum likelihood algorithm that models the polychromatlrc:eduction (MAR) algorithm and especially the Maximum-A-

nature of the CT radiation (IMPACT) [3]. However, even i - . o
simulations, some artifacts persist when IMPACT is s:tartrtlacioste”0rI (MAP) [8] procedure to obtain the starting image.

from a homogenous image. In contrast, when IMPACT is
started from the correct solution, it converges to an only slightly Il. METHOD
different image. Moreover, if IMPACT is instructed to ignorea, MAP procedure to obtain starting image
the projections through the metal, it produces no changes wi
started from the correct solution. ot
These observations indicate that in the presence of met}?z
objects, the CT data are incomplete, multiple solutions exiﬁ
and iterative reconstruction algorithms converge to a loc
maximum. In addition, it seems that the projections throu

Lhebmtettal tprqwde 'T{}al'd information, and that it may actuall bsolute intensity prior [9], [10]. This prior tends to assign each
€ betler toignore them. . Ppixel value to one of the modes of the prior. The most obvious
These findings suggest that an artifact-free reconstructlﬁrbdes to choose are the attenuation coefficignts air, fatty

can be obtained, when a good starting image can be provi E‘gue, soft tissue and bone (and some additional modes if their

and the projections Fhro_ugh the metal are ignored. Howe_VEr'lung tissue in the reconstructed image). The intensity priors
when the reconstruction is not started from the correct soluti defined to behave as a Gaussian function with meamd

ignoring projections results in severe artifacts (black spo andard deviation
. . . . (a
around the ignored data region in the reconstruction. In theBy using a multi-modal prior an artifact-free image can be

clinical data, the artifacts caused a great loss of detail in t Foduced. The disadvantage of such a prior is that fine details in

surroundings of the metal and, moreover, such reconstructi g | L . .
’ A ; image may get lost when the prior is given a high weight.
wouldn't be usable for PET attenuation in PET/CT. Thus, in thﬂ is is ?n con):rgst to our aim to precoverg as muchg detailg as

qﬁnthe following, a description follows for obtainting a good
rting image by incorporating some ’a-priori’ knowledge in
iterative algorithm. In a patient, it is "a-priori’ known which
el values to expect because the pixel values represent the
tenuation values of the human tissues. So the most appropriate
ior for inclusion of 'a-priori’ knowledge seems to be an
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1) Initial reconstruction with MLTR. assigned the value 0, as well as the metal pixels themselves.
2) Thresholding of the initial reconstruction to divide therThe middle right panel of fig. 1 shows such a label image,
image in different classes so that a label-image is formefghixels with value 2 are white, pixels with value 1 are grey and
3) For each class, an absolute intensity prior is defined. pixels with value O are black).
4) MAP reconstruction based on the defined multi-modal 3) Deﬁning the multi-modal priors:For each label, a cor-
priors to obtain the starting image. responding absolute intensity prior is defined. For label 2,
In the following each of these steps is described in more det&ifntaining most of the patient, a multi-modal prior is defined
1) Initial reconstruction: The CT fan beam sinograms argVhich has the modes air, fat tissue, soft tissue and bone. For
rebinned to a parallel beam configuration. The initial image {&P€l 1, the vicinity of the metal, only the modes soft tissue
then reconstructed with MLTR using 370 iterations accelerat@@d Pone are used. The reason air is not included as a mode,
with subsets [11]. The "raw” CT data obtained from thé® because we QO not.want any blaclf spots or streaks,.wh|ch
scanner have actually undergone several corrections, includ@f§ common artifacts in the surroundings of the metal, in the
the subtraction of a background from each detector reading, fi{é"ing image. For label O, which contains the metals and the
crosstalk correction, off-focal radiation correction, beam har@€a around the patient, no prior is defined. We do not care
ening correction, the log-conversion, converting the measuréfich values the MLTR reconstruction assigns to the metal
intensities to the integrals of attenuation coefficients, azimutHJKe!s because after the MAP reconstruction, metal pixels will
smoothing, and, in some scanners, ring removal. The MLT?€ replaced by the values of a less dense object.
algorithm starts from a blank and a transmission sinogram,4) MAP reconstruction:Finally, the starting image is ob-
assuming that the blank sinogram is noise-free, while ti@ined by performing a MAP reconstruction based on the priors
transmission sinogram values are samples from a Poisson digtéifined on the label-image. The MAP objective function has the
bution. Although the real distribution is not exactly Poisson, tHellowing form:
approximation is reasonable, and rightly assigns a lower signal-
to-noise ratio to values corresponding to higher attenuation. In ®(u) = L(y|p) + Slop(w)
order to apply MLTR to the CT-data, an arbitrary noise-free
blank scan ofl0> photons per detector pixels is introducedwhere is the image distributiony is the measured transmis-
The transmission scan is calculatedyas= b; exp(—r;), where sion data,L(y|u) is the log-likelihood andp(y) is the prior
b; is the blank scan value for detector elemgnt; is the "raw” distribution with 3 the weight given to this prior information.
CT-value andy; the computed transmission value. In the casehe prior distributionp(u) is defined as a combination of
of metal artifacts and truncation, MLTR reconstructions wilGaussians with mean; and standard deviation;:
be superior to FBP (Filtered Back Projection). During FBP
reconstruction all projections receive the same weight whereas (u) = ZM S (1) ox (1 — )2
with MLTR, the projections through metal are rightly assigned P\ =1 \oro; P 207
a lower weight [12], resulting in less artifacts. The top left Zz\{l Si(p) =1
image of fig. 1 shows an initial reconstruction. =
2) Thresholding and defining the label imag&he initial
image is then thresholded for metal. The threshold currently
used is 0.8 cm!, which is almost twice the linear attenuation and t; = —oo, pnm41 =00, typ1=0
value of bone. By setting all metal pixels to one and all
other pixels to zero, a binary image of the metal is createdith ¢; the intersection points of neighboring Gaussians, and
By forward projection of this metal image, the corresponding; determine which Gaussians (or mode) is used. The standard
projections of the metal in the original sinogram data can leeviationo,; determines the weight that is given to each mode,
identified. so different modes can have different individual weights, but
Based on the metal image, a three-label image is creattite global weights of each mode is the same. The lower the
All pixels in the initial image are assigned one of the values 8{andard deviation, the more a pixel will be attracted towards
1, or 2 based on their attenuation value and on their locatiie mean value of that mode. The intersection pointare
with respect to the metal pixels. By thresholding the initisgtandardly chosen in the middle of two modes, so that each
reconstruction all patient body pixels can be obtained and, wh@@de has the same range. However here, the range of the soft
applicable, the patient bed can be identified. These pixels d&sue mode is defined to be wider than that of the other modes.
assigned the value 2. Then the surrounding pixels of the metalFor this MAP-reconstruction the initial image serves as an
which thus originally have the value 2, are assigned the valumput image and the MAP-reconstruction is obtained with 100
1. This area is created automatically by expanding the metigrations accelerated with subsets. By including this prior
region by a pre-defined amount. In the case of a patient witiformation, the MAP reconstruction is forced toward a re-
multiple dental fillings on both sides of the jaw, this expansioconstruction that is streak-free and has no black spots near the
is wide enough to encompass all the pixels lying in betweenetal. The bottom left panel of fig. 1 shows such a starting
the opposing dental fillings. Pixels outside the patients body aneage.

Si(p) =1 if pi —t; <p < prip1 —tiga,
else S;(u) =0



Fig. 1. Total MAP-reconstruction procedure: Top left and middle shows the FBP reconstruction with respectively bone and soft tissue window, top right sh
the initial MLTR-reconstruction, middle row left and middle show the linear interpolation reconstruction with respectively bone and soft tissue window, midc
right row shows the label-image, bottom left shows the starting image, bottom middle and right shows the final reconstruction with respectively bone and
tissue windowTop left shows the FBP reconstruction, top right shows the initial MLTR-reconstruction, middle left shows the linear interpolation reconstructi
middle right shows the label image, bottom left shows the starting image, bottom right shows the final reconstruction

B. Projection completion high value, it is still possible to identify the metal region after

the final reconstruction. Then, this slightly modified starting

The metal pixels in the starting image are replaced by pix@hage is forward projected to form the "artificial” sinogram.

values of 0.8 cm®. So the original metal is replaced by a lestn step 2 of the MAP procedure to form the starting image,
dense object with the same shape as the metal. By choosing this



the metal projections were identified in the original sinogran@. Comparison with projection completion based on linear
These metal projections in the original data are now replaciederpolation

by the corresponding projections of the artificial sinogram. By forward projection of the metal image (see step 2 of

However, the transition between the original data and the, MAP-procedure) a mask of the metal in the sinogram is

replaced data should be continuous in order to avoid intrOdUCiBﬂJduced When the projection completion is performed based
artifacts. To ensure this smoothness, a linear interpolation | '

de bet the original dat d the artificial data in th doﬁ linear interpolation, all sinogram values within that mask
made between Ihe original data and e artificial data in the aja replaced by linear interpolation between the nearest values
points neighboring the metal projections. A sinogram, whe

Lo . ~outside the mask [6]. Finally, the mask multiplied with an
the corrupted metal projections are replaced by the projecnoﬁ%itrary densityD is added to the interpolated sinogram [12].
of a dense object, is obtained.

The reconstruction of this interpolated sinogram is done with
MLTR.

The middle left panels of fig. 1, 2 and 3 show the results
when projection completion is based on linear interpolation.

The final reconstruction using the projection completed dalta the case of dental fillings, our MAR approach shows better
is done with MLTR or IMPACT using 750 iterations accelerategestoration of the teeth, more details in between the teeth with
with subsets. A smoothed version of the modified starting imagdental fillings and fewer streaks than the linear interpolation
is given as input image for this reconstruction. The bottom righiethod. In the case of the hip prostheses, there are some
image in fig. 1 shows the final result. significant differences between the two methods in the area of
the right hip. However, because the ground truth is not known,
it is hard to decide which one is actually better.

C. Final reconstruction

Ill. RESULTS

The results on two clinical patient studies are presented. The IV. DISCUSSION
patients were scanned with a Siemens Biograph 16 PET/CT

system. The CT data were exported so that off-line reconstrf¥¢ Present here a fully automated reconstruction procedure
tion with our software was possible. for MAR. There are no parameters that need to be adjusted

manually during reconstruction. The time needed for the re-
construction of one slice is 1 to 2 minutes on a 3 GHz PC.
A. Patient with dental fillings IMPACT is three to four times slower than MLTR, so using
) ) ) ) ) ~ IMPACT for the final reconstruction would further increase
Fig. 2 shows the results obtained in a patient with multiplg,e reconstruction time. However, in this study, no significant
dental fillings. The top left and middle panel show the metglfterences between MLTR and IMPACT reconstruction were
artifacts when reconstruction is performed with FBP. Wheghserved. This indicates that the beam hardening correction
reconstruction is performed with MLTR, shown in the top righg plied by the manufacturer removed all the beam hardening

panel of fig. 2, there is some small improvement. The result gfacts or, that beam hardening was not the major cause of the
our MAR algorithm is shown in the bottom middle and righnetal artifacts.

panel of fig. 2. The black-white streaks are strongly reducedqne could use FBP instead of MLTR for the initial recon-

and details in between the metals are partially restored. SO ction to speed up the algorithm. However, artifacts are more

fine streaks still persist but nevertheless the improvementgis,ere with FBP, so that the bright streaks artifacts could alias

significant. The middle right panel of fig. 2 shows the labelis metal after thresholding. Another option is to reduce the

image which was used and the bottom left panel shows themper of iterations in the initial reconstruction. This initial
starting image obtained with the MAP reconstruction. reconstruction is already a high quality image, but probably a
lower quality image would result in the same starting image.
By using an absolute intensity prior, in each iteration the
algorithm will tend to attribute one of the modes to each
Fig. 3 shows the results obtained in a patient with twpixel. Therefore the use of such a prior could be seen as a
hip prostheses. The top panel shows the metal artifacts wtssgmentation of the image in different tissue classes. However
reconstruction is performed with FBP. A broad, dark baritie difference with a real segmentation is that there still exists
is apparent in the region connecting the two hips. Whesome variation in the pixel values belonging to the same class,
reconstruction is performed with MLTR, shown in the seconeispecially when the prior is given a low weight.
row left of fig. 3, there is some small improvement but the In the case of the hip prostheses, pixel values in between
dark band is still visible. The result of our MAR algorithm isthe two hips were somewhat lower than the values of their
shown in the fourth row right and in the bottom right panedurrounding. This is partially due to the starting image. As seen
of fig. 3. The dark band is strongly reduced. However pixéh the bottom left panel of fig. 3 the MAP reconstruction has
values in between the hip are still somewhat lower than théaisely assigned fat tissue values instead of soft tissue values
surroundings. to the pixels lying in the middle of the two hip prostheses.

B. Patient with two hip prostheses



Fig. 2. Patient with dental fillings: Top left and middle shows the FBP reconstruction with respectively bone and soft tissue window, top right shows
initial MLTR-reconstruction, middle row left and middle show the linear interpolation reconstruction with respectively bone and soft tissue window, middle rig
row shows the label-image, bottom left shows the starting image, bottom middle and right shows the final reconstruction with respectively bone and soft ti
window

The use of projection completion is a popular way to suppress metal artifacts. One of the simplest methods is to



linear interpolation between the nearest neighboring projections-urther, the performance of our algorithm will be compared
unaffected by the metal [6]. Here we compared our MARith projection completion based on the interpolation scheme
algorithm with this method. Results show that our method giv@sesented in [7] in a clinical study containing 40 patients.
improved results: less streaks, more details are recovered and iim the cases where there is very little metal, like the case of
the case of dental fillings, the teeth are better restored. In the tike dental filling, and/or when the metal is not very dense, we
erature more complex interpolation schemes are presented {fink that the metal projections may still contain some usable
[13], [14], all giving improved results over linear interpolationinformation which will be lost when projection completion is
A MAR algorithm similar to ours is developed by Bal andberformed. Therefore in the future, we will try to develop a
Spies [15]. They perform a segmentation of the image, replalg\P reconstruction procedure using all of the original data in
the metal with soft tissue and do a forward projection darder to suppress the metal artifacts.
this modified image. Then they replace the metal projections
by the corresponding projections of the segmented image. V1. CONCLUSION

Reconstruption is. done With_ FBP. HOW‘?Ver, in the case of We have proposed a MAR algorithm that basically consists
strongly distorted images thelr. segmentatlon is not perfect aﬁ‘fjtwo steps: One, the creation of a good starting image using a
br:‘,%k sptl)ts remain. Our ?tartilnghlmages doln n-oﬁ suffer frofiap reconstruction procedure, and two, performing projection
this problem because we forbid the MLTR algorithm to creajg,pjetion based on the modified starting image. The results

black spots or streaks near the metal by applying a prior Withoganted here show that our MAR algorithm performs well.

only the modes bone and soft tissue in the surroundings of Tll—qﬁrther investigation and validation are planned
r

metal. However as seen in the case of the two hip prostheses ou
segmentation isn’t perfect either as it attributes fat tissue values
instead of soft tissue values in between the hips. In contrast to

our MAR algorithm, they replace the metal pixels with softll] B. De Man, J. Nuyts, P. Dupont et al., "Reduction of metal streak
' artifacts in x-ray computed tomography using a transmission maximum

tissue and use FBP for reconstruction. Because we replace the 5 posteriori algorithm’JEEE Trans Nucl Seivol. 47 (3), 977-981, 2000.
metal with a dense object and reconstruct with MLTR, thd2] J. Nuyts, B. De Man, P. Dupont, M. Defrise, P. Suetens and L. Mortel-

projection completed data are given a lower weight during the ngséi"c')tle\r/z}i"jsreggg_s;g”;“‘l’ggfgr helical CT: a simulation stud3fys
reconstruction and are thus considered to be less reliable, whigh . pe Man, J. Nuyts, P. Dupont et al., "An iterative maximum-likelihood

should help to suppress the artifacts. polychromatic algorithm for CT"IEEE Trans Med Imagingvol. 20 (10),

Reduction of the metal artifacts is not only important for _ 999-1008, 2001. , . o
. . . .I[I4] R. M. Lewitt and R. H. Bates, "Image reconstruction from projections:
the diagnostic value of the CT but also plays a major role in™ . projection completion methods (theory)Qptik, vol. 50, 189-204,

PET/CT. Due to the metal and the metal artifacts, the PET 1978.

attenuation map derived from the CT imadge bv applving th&] G. H. Glover and N. J. Pelc, "An algorithm for the reduction of metal clip
hvbrid i P hod .. E Y applying . artifacts in CT reconstructionsMed Physvol. 8 (6), 799-807, 1981.
ybrid scaling method [16] is inaccurate. The PET attenuatiop; w, A. Kalender, R. Hebel and J. Ebersberger, "Reduction of CT artifacts

values of metals are overestimated which results in increased caused by metallic implantsRadiology vol. 164, 576-577, 1987.

Standard Uptake Values (SUVs). These increased SUVs cé&h A H. Mahnken, R. Raupach, J. E. Wildberger et al,, "A new algorithm

falselv be di d lesi d lud h for metal artifact reduction in computed tomography: In vitro and in vivo
alsely be diagnosed as lesions. In order to exclude these gyayation after total hip replacementivest Radiqlvol. 38 (12), 769-

false positive lesions, the PET image reconstructed without 775, 2003.

attenuation correction has to be consulted. On the other hari@ll J- Qi and R. M. Leahy, “lterative reconstruction techniques in emission
he dark ks in th . It i d . . computed tomography’RPhys Med Biglvol. 51, R541-R578, 2006.
the dark streaks in the CT image result in an un erestlmathg] Z. Liang, R. Jaszczak, R. Coleman and V. Johnson, "Simultaneous recon-

of the PET attenuation values resulting in decreased SUVs. struction, segmentation, and edge enhancement of relatively piecewiece
If Only a PET |mage |S requ|red W|th0ut a d|agnost|c CT continuous images with intensity-level informatiorled PhySVOl 18

. . . . . (3), 394-401, 1991.
image, the diagnostic CT image is downsampled to PET re f’m J. Nuyts, P. Dupont, S. Stroobants et al., "Simultaneous maximum a

lution and then converted to PET attenuation values. However posteriori reconstruction of attenuation and activity distributions from
we think that it is feasible to perform the attenuation correction émission sinograms’|EEE Trans Med Imagingvol. 18 (5), 393-403,

based on a downsampled version of our modified starti 1999. : : i i
p rﬂﬂ] H. M. Hudson and R. S. Larkin, " Accelerated image reconstruction using

image. The use of an absolute intensity prior will probably  ordered subsets of projection datdEEE Trans Med Imagingvol. 13
also improve the attenuation map quality when a low mAs CT_ (4), 601-609, 1994. _ , o
. [12] J. Nuyts and S. Stroobants, "Reduction of attenuation correction artifacts
scan is performed. in PET-CT”, IEEE NSS-MIC proceeding, 2005, 1895-1899.
[13] M. Yazdia, L. Gingras and L. Beaulieu, "An adaptive approach to metal
V. FUTURE WORK artifact reduction in helical computed tomography for radiation therapy
We plan on validating our MAR algorithm by simulations treatment planning: experimental and clinical studiést’J Radiat Oncol

. ' ) g ) Biol Phys vol. 62 (4), 1224-1231, 2005.
and phantom studies. With the simulations we want to confir, M. Oehler and T. M. Buzug, "Modified MLEM algorithm for artifact

the ability of the algorithm to restore diagnostic detail in the  suppression in CT"|EEE NSS-MIC abstract M16-1, 2006.

i ; ; ; ] M. Bal and L. Spies, "Metal artifact reduction in CT using tissue-class
neighborhood OT metals and in the regions in between two ap modeling and adaptive prefilteringMed Phys vol. 33 (8), 2852-2859,
more metals. With the phantom study, we hope to demonstrate ,qg6
that the algorithm can suppress the metal artifacts and thafLf] P. Kinahan, D. Townsend et al., "Attenuation correction for a combined

is usable for attenuation correction in PET/CT. 3D PET/CT scanner'Med Phys vol. 25, 2046-2053, 1998.
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Fig. 3. Patient with two hip prostheses: Top left and right shows the FBP reconstruction respectively with bone and soft tissue window, second row
shows the initial MLTR-reconstruction, second row right shows shows the linear interpolation reconstruction with bone window, third row left shows the line
interpolation reconstruction with soft tissue window, third row right shows the label-image, fourth row left shows the starting image, fourth row right shows t
final reconstruction with bone window and bottom left shows the final reconstruction with soft tissue window.



