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Abstract. There is increasing demand in the field of dental and medical radiography for effective metal artifact reduction
(MAR) in computed tomography (CT) because artifact caused by metallic objects causes serious image degradation that ob-
scures information regarding the teeth and/or other biological structures. This paper presents a new MAR method that uses the
Laplacian operator to reveal background projection data hidden in regions containing data from metal. In the proposed method,
we attempted to decompose the projection data into two parts: data from metal only (metal data), and background data in the
absence of metal. Removing metal data from the projections enables us to perform sparsity-driven reconstruction of the metal
component and subsequent removal of the metal artifact. The results of clinical experiments demonstrated that the proposed
MAR algorithm improves image quality and increases the standard of 3D reconstruction images of the teeth and mandible.
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1. Introduction

In computerized tomography (CT), the presence of metallic objects such as gold crowns and implants
causes streak artifact in the field of view [25]. The artifact appears as dark and bright streaks, and is
caused by physical effects such as beam hardening, scattered radiation, nonlinear partial volume effect
(NLPV), and noise [20]. This artifact can seriously damage the visibility and quality of the CT images,
especially at the dental surface of metal restorations and their adjacent biological structures.

Metal artifact reduction (MAR) is an important development towards improving the quality of radio-
graphs in the majority of dental and medical fields, including radiographic imaging, craniomaxillofacial
and orthopedic surgery, oncology, and dental implants and prosthodontics. MAR is becoming increas-
ingly crucial as demand increases for high-quality CT in diverse applications that include forensic dental
identification [12] and rapid prototyping (RP) of dental and/or biological structures.
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Since Lewitt and Bates [17] introduced the first MAR method in the late 1970s, various MAR methods
have been suggested [2], most of which fall into one of the following three categories [21]: inpainting-
based methods, iterative reconstruction methods, and hybrid methods that combine the first two methods.
In inpainting-based methods, unreliable background data affected by the presence of metallic objects
are recovered by various kinds of inpainting techniques such as linear interpolation (LI) [14,17,19],
higher-order polynomial interpolation [1,5,23], wavelets [29,30], Fourier transform [15], tissue-class
models [4], normalized interpolation methods [20], and total variation (TV) [8] or fractional-order in-
painting methods [28]. However, numerous previous studies using inpainting-based methods have shown
that inaccurate interpolation of the projection data introduces additional streaking artifacts in the recon-
structed image [20,22]. In iterative reconstruction methods such as maximum-likelihood for transmission
(ML-TR) [18], expectation maximization (EM) [24,26], iterative maximum-likelihood polychromatic
algorithm for CT (IMPACT) [19], and metal shape reconstruction [27], the data fitting method is em-
ployed to reduce streaking artifact caused by the discrepancy between the projection data and the Radon
transform of a function. However, its primary disadvantage is the high computational load [9], which
means that for practical applications, development of the reconstruction process is reliant on advances
in computational technology.

Unlike the existing methods that fill the region of data from metal (metal region) with synthesized
data based on data from outside of the metal region, this paper presents a new method that decomposes
the projection data into two parts using projection data that include the metal region: data from metal
only (metal data) and background data in the absence of metal. The proposed method first restores the
missing projection data masked by the influence of the metal. Based on the fact that the Laplacian of
an image highlights abrupt changes in intensity, we applied the Laplacian operator to projection data
to capture dental information hidden by data from metal. The background projection can be identified
with the influence of metal data eliminated by solving a Poisson-type equation with Dirichlet boundary
conditions in the region containing metal. The outlines of the teeth and bones are more accurate in
the resultant images, which were made by highlighting data from the small amount of teeth and bone
data in metal region. In the next step, we focused on treatment of the metal part. Taking advantage
of the sparseness of metallic objects, we can exploit the compressed sensing (CS) theory [7,10], which
guarantees the accurate reconstruction of metals and significantly reduces the total computational burden
of the iterative process. We then empirically evaluated the efficacy of the algorithm by comparing 3D
dental images reconstructed from a set of projection data, with and without the algorithm.

2. Methods

2.1. Metal artifact

We briefly review the beam hardening effect as the major cause of metal artifact. This artifact can
be explained in terms of the relation between the CT image and the X-ray data. Let fE(r) be the at-
tenuation coefficient at point r = (x, y, z) and energy level E, and let I0(E) be the intensity of the
incident X-ray beam at energy level E. Let Pθ denote the two-dimensional image representing X-ray
projection data along direction Θ = (cos θ, sin θ, 0). For ease of explanation, let us consider the case
of a two-dimensional parallel CT beam with setting z as a fixed constant z0. Then, the CT-image fCT
reconstructed by the widely used filtered back-projection algorithm can be related to the X-ray data (or
projection data), denoted by Pθ, in the following way [6]:
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Fig. 1. Illustration of the nonlinear effect. (Colours are visible in the online version of the article; http://dx.doi.org/
10.3233/XST-130384)

(X-ray data) Pθ(s, z0) = − ln

(∫ Emax

Emin

I0(E) exp{−RθfE(s, z0)}dE
)

+ ln I0

(CT image) fCT (r) =

∫ π

0
(Pθ ∗ F−1{|k|})(r ·Θ)dθ (1)

where RθfE(s, z) :=
∫ ∫

fE(r)δ(r · Θ − s)dxdy denotes the Radon transform of fE along the direc-
tion Θ = (cos θ, sin θ, 0), F−1 is the inverse Fourier transform, and I0 =

∫ Emax

Emin
I0(E)dE is the total

intensity of the incident X-ray beam.
The presence of metal produces severe beam hardening artifact in CT images because the X-ray beam

has multiple energy levels and the attenuation coefficients of metals have much stronger nonlinearity
with respect to the energy level E than do tooth and tissue. As an example, consider the special case
when the X-ray beam is bi-chromatic having two dominant energy levels E1 and E2, with E1 < E2.
Assume that fE1

and fE2
are

fE1
(r) =

{
0.2 r ∈ D
0.01 otherwise , fE2

(r) =

{
0.04 r ∈ D
0.02 otherwise

and their images are shown in Fig. 1. However, the reconstructed CT-image fCT is not constant in a disk
D, while the object inD is homogeneous. Figure 1 illustrates this phenomenon at a cross sectional view.

Figure 2 shows streaking artifact caused by the presence of metal. The major cause of this artifact
is metal because the attenuation coefficients of metals vary greatly with respect to the energy level E,
whereas those of bone and tissue do not.
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Fig. 2. Jaw phantom image showing streaking artifact. (Colours are visible in the online version of the article; http://dx.doi.org/
10.3233/XST-130384)

(a) Phantom (b) (c) u  (d)w

Metal

Fig. 3. Phantom experiment: (a) Teeth phantom containing metal. Decomposition of X-ray data (b) Pθ(x) into (c) uθ(x) and
(d) wθ(x), generated at 70 keV and 15 mA, shown with a display window [0 4000]. (Colours are visible in the online version
of the article; http://dx.doi.org/10.3233/XST-130384)

2.2. Method for metal removal and background reconstruction

2.2.1. Decomposition of the projections
With a fixed angle θ of projection, let us focus on Pθ(x) with x = (s, z) in Section 2.1. To deal with

the metal artifact, we attempted to decompose the projection data Pθ into two parts:

Pθ(x) = uθ(x) + wθ(x), (2)

where wθ(x) is the projection data from metal only, and uθ(x) is the background projection in the
absence of metal. Figure 3 illustrates the decomposition of Eq. (2) with minor decomposition error.
Note that uθ(x) shows a reasonably linear relationship with the corresponding CT image, so that the
filtered back-projection algorithm in Eq. (1) provides a sufficiently useful CT image. In contrast, wθ(x)
has strong nonlinearities, as mentioned in the previous Section 2.1. We can take advantage of prior
information regarding metal in the CT image that should be constant in the domain containing metal
(metal domain). This information is used to correct wθ(x), to reduce the discrepancy between the Radon
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Domain of D

boundary condition

Fig. 4. Illustration of a Poisson problem with the boundary condition as in Eq. (5). The Laplacian of P intθ highlights the bound-
ary information of teeth data hidden by metal data. (Colours are visible in the online version of the article; http://dx.doi.org/
10.3233/XST-130384)

Fig. 5. The first column shows real projection data. The second, third, and fourth columns represent background data using
LI, TV inpainting, and the proposed method, respectively. All the projection data and the reconstructed images are shown at
a fixed gray scale level to enable fair comparison. (Colours are visible in the online version of the article; http://dx.doi.org/
10.3233/XST-130384)

transform of the metal image and its projection data wθ(x). This is the main reason why decomposition
of Eq. (2) is important in MAR.

Assume that the three-dimensional domain D occupies the metal domain. Let Dθ be a forward pro-
jection on D with angle θ. In the decomposition (2), we first extract the metal region Dθ using the
projection data Pθ and the uncorrected image fCT . By performing a simple thresholding on the uncor-
rected CT image fCT in (1), we determine an approximate metal domain D̃ that is reasonably close
to D. By combining the simple thresholding on ∇2Pθ(x) and the forward projection D̃θ of D̃, we can
determine Dθ much more accurately. For convenience, we denote

Pθ(x) =

{
P extθ (x) if x 6∈ Dθ

P intθ (x) if x ∈ Dθ,
(3)

and we use the same notation for uθ(x) and wθ(x).
The key idea that underlies the reconstruction of uintθ (x) in Dθ is that ∇2P intθ (x) may reveal the

boundary of a tooth that is obscured by metal data, as shown in Fig. 4. We can then compute uintθ (x) in
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Dθ by solving the following Poisson equation with Dirichlet boundary conditions:{
∇2uintθ = η(∇2P intθ ) in Dθ

uintθ = P extθ on ∂Dθ,
(4)

where η is an operator suitably chosen to keep the boundary information of teeth and bone data in Dθ

while eliminating the influence of metal data. If the operator η is chosen to be the identity map, then uθ
in Eq. (4) becomes the solution to{

∇2uintθ = ∇2P intθ in Dθ

uintθ = P extθ on ∂Dθ,
(5)

and wθ is the solution to{
∇2wintθ = 0 in Dθ

wintθ = P intθ − uintθ on ∂Dθ.
(6)

Using the solution to Eq. (5), the global uθ can be expressed as

uθ(x) = P extθ (x)(1− χDθ
(x)) + uintθ (x)χDθ

(x) (7)

where χDθ
is the indicator function of the region Dθ, which takes a value of one in Dθ and zero oth-

erwise. Having obtained uθ for all angles θ, we can reconstruct the background image with acceptable
accuracy via the conventional reconstruction algorithm. Numerically, we solve Eq. (4) using the finite
difference method (FDM) [3]. Figure 5 shows the comparison among LI [17], TV-inpainting [11], and
our proposed decomposition method in a clinical projection data.

2.2.2. Sparsity-based reconstruction of metal component
Finally, we carry out the metallic object reconstruction based on the data wθ and the domain D̃ as

a good initial guess (obtained by thresholding). In particular, we consider the metal component of the
reconstruction problem under the sparsity constraint: find D that minimizes its volume |D| subject to
the constraint∫ 2π

0

(∫∫
|wθ −Rθ(f0χD)|2mθdx

)
dθ < ε, (8)

where f0(r) represents the distribution of the attenuation coefficients of the metal, and mθ(x) denotes
the number of measured X-ray photons at position x.

For the numerical implementation, we will use the sparsity-based method for reconstruction of
metal components, as described in [9]. For clarity, the procedure is briefly described here. Let lij
be the effective intersection length of projection line i with voxel j. Define p = [p1 p2 · · · pM ]T ,
u = [u1 u2 · · · uM ]T , w = [w1 w2 · · · wM ]T , and L = [lij ], where 1 6 i 6 N and 1 6 j 6M , as the
discretizations of Pθ, uθ, wθ, and Rθ, respectively. Let f = [f1 f2 · · · fN ]T be an unknown attenuation
coefficient to be determined. Under the assumption of a monochromatic incident X-ray beam with a
constant I0, the expected number of measured X-ray photons y is represented as:

yi = I0 exp

− M∑
j=1

lijfj

 , 1 6 i 6M. (9)

Let ỹ = [ ỹ1 ỹ2 · · · ˜yM ]T be the measured number of X-ray photons. Because ỹi’s are mutually inde-
pendent, the probability of measuring ỹi depends only on its expected value yi, and the photon counts
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follow the Poisson distribution; consequently, we obtain the log-likelihood function:

L(f) =

M∑
i=1

lnP (ỹi|f) =

M∑
i=1

lnP (ỹi|yi) =

M∑
i=1

(ỹi ln yi − yi − ln ỹi!). (10)

From Eq. (9), we can determine the expected value of projection data pi and the actual measurement p̃i:

pi = − ln
yi
I0

=

N∑
j=1

lijfj , p̃i = − ln
ỹi
I0
. (11)

Using the background projection data u obtained from our proposed method, we can then obtain the
estimated background image f̃ b = [ f̃1

b
f̃2
b · · · f̃N

b ]T using the approximated filtered back-projection,
termed the Feldkamp (FDK) algorithm [13]. Therefore, f can be decomposed into f̃ b and the residual
image ∆f can be expected to consist mainly of metal, which leads to the following:

w̃i = p̃i − ui = − ln
ỹi
I0
− ui, (12)

wi = pi − ui = − ln
yi
I0
− ui =

N∑
j=1

lij∆fj , i = 1, · · · ,M. (13)

Using the above quantities, the log-likelihood function (10) can be approximated as a quadratic function
of ∆f :

L(∆f) ≈ −1

2
‖w̃ − L∆f‖2M + constant, (14)

where M denotes the diagonal matrix M = diag(ỹi). To overcome the inconsistency, we adopt the
following metal component reconstruction problem under the sparsity constraint as in [9]:

min ‖∆f‖1 subject to ‖w̃ − L∆f‖2M < ε. (15)

2.2.3. Procedures for the proposed MAR algorithm
Unlike the conventional inpainting applications, the new method of metal artifact reduction presented

here is based on Poisson’s equation. Briefly, the proposed method is based on the following steps:
1. Given a set of projection data containing the data from metal, reconstruct the uncorrected 3D image

using the FDK algorithm.
2. Using a simple thresholding, find the metallic object image in the reconstructed image.
3. Find the metal regions in the projection data using forward projection of the metallic object image.
4. Extract the background data in the metal regions by solving Poisson’s equation locally.
5. Reconstruct the global 3D background image with these background data.
6. The corrected metallic object image that is obtained from the residual data, based on the sparsity

of the metal image, is added to the 3D background image.
In short, the proposed method can be described as in Fig. 6.

3. Experimental results

3.1. Phantom experiment

For the phantom X-ray data shown in Fig. 3, we performed error estimation based on the normalized
absolute difference (NAD). All errors computed from the absolute difference with the reference data
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Fig. 6. Summary diagram of the MAR method. (Colours are visible in the online version of the article; http://dx.doi.org/10.3233/
XST-130384)

were normalized using the X-ray data error of the data from metal [16]. As shown in Fig. 7, the NAD of
the proposed method is 8.5%, which is less than the 27.5% of TV inpainting. In this case, the proposed
method works better than the TV inpainting method for recovering the morphology of teeth data hidden
by metal data because TV inpainting may produce an inaccurate image due to the nature of total variation
minimization.

The efficacy of the proposed method for improving the reconstructed image was tested using the jaw
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phantom developed by [Oliver Watzke] (See Fig. 8). A square metallic object is seen covering two teeth.
Projection data of the jaw phantom at θ = 0◦ and 90◦ are shown. The red line denotes the corrected
projection data obtained by the proposed method, and the resultant reconstructed image is shown in the
upper right corner. Only the metallic object is removed, revealing teeth previously obscured by metal.
The projection data using LI show the metal region as a black line, and the resulting reconstruction
image is shown in the bottom right corner. Teeth information near the metallic object is completely
removed because the teeth projection data near the metal region are removed over the whole angle by
linear interpolation.
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Fig. 9. First row: Left image shows a slice image of a reconstructed 3-dimensional jaw. The second, third, and fourth images
show corrected slice images from the corrected background data using LI, TV-inpainting, and the proposed method, respectively.
Second row shows results for a second slice image position.

Uncorrected CT image Simple thresholdingFDK algorithm Corrected metal image

Fig. 10. Results of metal reconstruction: comparison among the FDK algorithm (second image), simple thresholding (third im-
age), and sparsity-driven MAR method (fourth image). (Colours are visible in the online version of the article; http://dx.doi.org/
10.3233/XST-130384)

3.2. Patient measurements

To verify the effectiveness of the proposed method, we performed experiments using a flat-detector
conebeam CT, RAYSCAN Symphony V (Ray Co., Suwon, South Korea), which generates a tube voltage
of 60–90 kVp. Images were obtained using 600 projection data sets with a field of view (FOV) of 15 cm
× 7 cm and a 768 × 960-pixel detector (pixel size of 0.254 mm).

A comparison among LI, TV-inpainting, and the proposed method is shown in Fig. 9. The first column
shows slice CT images obtained with FDK reconstruction algorithm at two different cross-sections. The
second and third columns show slice CT images corrected using LI and TV-inpainting at two different
cross-sections, while the fourth column depicts slice CT images corrected using the proposed method at
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Fig. 11. Comparison between the original reconstructed image (far left) and the final corrected image (far right).

Fig. 12. Three-dimensional reconstructed images: original CT reconstruction (left), background reconstruction (center), and
final corrected CT reconstruction (right).

two different cross-sections. All three of the methods reduce the streaking artifact around the metallic
object; however, the reconstructed CT image using LI loses background information around the metal
domain. The reconstructed image using TV-inpainting can recover background information in the metal
domain, but it is also inaccurate. In contrast, new streaking artifact is less severe with the proposed
method than with LI and TV-inpainting, and this method also preserves background information near
metal domain.

Figure 10 shows the results for reconstruction of a metal image using FDK (second image), simple
thresholding (third image), and the sparsity-driven MAR method (fourth image). Because it is difficult
to determine an optimal thresholding value, we cannot obtain a robust metal image; this is apparent on
the second image. However, the sparsity of the metal image enabled us to obtain a stably corrected metal
image (fourth image) even though we used 20 uniformly sampled X-ray data out of 600, as described
in [9].

Figure 11 compares the original reconstructed image with the final corrected image. The first image on
the left shows an original slice CT image taken with FDK reconstruction algorithm, the second subfigure
is a corrected background image using the proposed method, the third is a corrected metal image using
the sparsity-based minimization method, and the fourth is the final corrected image obtained by adding
the corrected metal image to the corrected background image. The fourth image of Fig. 11 shows a
reduction in streaking artifact as well as recovery of morphological information from teeth that are
covered with metal. The effectiveness of the proposed method for reducing streaking artifact is also
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Fig. 13. Efficacy of the proposed method with a nonuniform but harmonic metal region. (Colours are visible in the online
version of the article; http://dx.doi.org/10.3233/XST-130384)
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verified on the three-dimensional view, as shown in the third subfigure of Fig. 12.

4. Discussion

The present results show that the projection data decomposition method based on the Poisson equation
can extract background data by excluding X-ray data from metal. The reconstructed image demonstrates
recovery of the morphology of teeth near the metallic object, and streaking artifact is reduced. As shown
in Fig. 8, incorrect removal of metal X-ray data by LI creates new streaking artifact in the reconstructed
CT image, for the reason that background data near the approximated metal region obtained by simple
thresholding in the reconstructed image is interpolated along the rotational direction. Moreover, in this
method, metal data and background data are removed from the region at the same time. Consequently,
the effect of LI on the projection data is a loss of information in the reconstructed image, both for teeth
surrounded by metal and for teeth near metal. The TV-inpainting method provides a better reconstructed
image than LI, as shown in Fig. 9. However, it cannot effectively recover curved tooth-like outlines from
the region surrounding the metal data because it always prefer the shortest connection as shown in Fig. 7.
For this reason, the reconstructed image is still missing information for teeth surrounded by metal.

The proposed method uses Laplacian information to remove X-ray data from metal in the same ap-
proximated region. It is worth noting that the Laplacian of the X-ray data enables visualization of dental
shape data that are obscured by metal data, as described in Fig. 4. Moreover, we can use the Laplacian
information to determine the exact boundaries of metal in the approximate metal region. As mentioned
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Fig. 15. Geometry of projection data containing data from metal. (Colours are visible in the online version of the article; http://
dx.doi.org/10.3233/XST-130384)
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Fig. 16. Indistinguishable boundary caused by a common boundary shared by the projection of teeth and metal. In this special
case, the proposed method fails to reconstruct the expected image because the boundary data are inaccurate. (Colours are visible
in the online version of the article; http://dx.doi.org/10.3233/XST-130384)

previously, solving the proposed PDE equation with this appropriate boundary information enables us to
remove X-ray data originating from metal from the measured X-ray data, while preserving data near the
metal region and revealing background data obscured by data from metal (see Fig. 5). Compared with
LI and TV-inpainting, the proposed method more effectively reduces streaking artifacts in the recon-
structed image and preserves teeth information near the metallic object, as shown in Fig. 9. In addition,
new artifacts introduced into the correction result are less severe with the proposed method than with LI
and TV-inpainting. For these reasons, the proposed method is more advantageous than the LI and TV-
inpainting methods in terms of reconstructing the background image, as verified by the present results.

Figure 10 shows that the quality of the reconstructed metal image can be improved. Adoption of the
sparsity-driven minimization problem for reconstruction of metal image enables us to obtain more exact
morphological and positional information of metal objects than the use of a simple thresholding method
which can still retain streaking artifact around metal objects.

In the field of dentistry, the proposed method could become the method of choice for revealing back-
ground projection data, using the Laplacian operator to capture the geometry of teeth and bone data
hidden by metal data. However, the proposed method has limited application in the case of patients with
very thick metal (or for numerous metal objects). Thus, the method requires improvement to become
suitable for wider applications. In the remainder of this section, we will present some limitations of the
proposed method.
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First, when the data from metal is of nonuniform thickness in the metal region, Eq. (4) should be used
with care. For example, if there is no abrupt change in the thickness of the metal data, as in Fig. 13, then
the Laplacian of the projection data effectively delineates the shape of background data hidden by metal
data. In particular, when the Laplacian of metal data is negligible, the background data can be recovered
accurately. However, in the case of an abrupt change in the thickness of metal data, as shown in Fig. 14,
it becomes more difficult to extract the boundaries of background data from the metal region. Second,
for multiple metallic objects, it is necessary to distinguish the Laplacian of teeth and metallic objects in
the metal region, which is why we introduced the operator η in the present study. Our focus in future
development of the proposed method is the appropriate choice of η according to the metal geometry.
Furthermore, in the case where metal attenuates the X-ray beam so strongly that no photon reaches the
detectors (photon starvation effect), the proposed method becomes the harmonic-inpainting method. To
be more specific, in the case of photon starvation effect, we have ∇2uθ ≈ 0 and thus, Eq. (4) can be
viewed as

uintθ = arg min

∫
Dθ

|∇uθ|2dx subject to
∫
Eθ

|uθ − P extθ |2dx 6 ε2.

where Dθ denotes the metal region and Eθ is the extended region surrounding the boundary of Dθ (See
Fig. 15). This case can have similarities with the TV inpainting method [8] by replacing the L2 norm of
∇uθ with L1, because the Euler–Lagrange equation for this problem is

(1− λE)∇2uθ + λE(uθ − P intθ ) = 0, λE =

{
λ x ∈ Eθ
0 x ∈ Dθ

where λ is a Lagrange multiplier. Third, in the case of an indistinguishable boundary caused by a com-
mon boundary shared by the projection of teeth and metal, the proposed method fails to reconstruct the
expected image because the boundary data are inaccurate. See Fig. 16. Further research is necessary to
overcome these technical obstacles before the proposed method can be applied clinically.

5. Conclusions

We proposed a new MAR method that enables visualization of background projection data hidden in
regions containing data from metal. We demonstrated numerically and experimentally that the proposed
MAR algorithm improves image quality. The proposed technique utilizes Poisson equation to decom-
pose the projection data into two parts: data from metal only and background data in the absence of
metal. It is interesting that the Laplacian of the projection highlights the boundaries of teeth and bone
data hidden by data from metal. Its ability to efficiently remove streaking from metal suggests its useful-
ness in diagnosis, preoperative and presurgical assessment, surgical navigation, and in workup for rapid
prototyping.

The proposed method has limitations when the metal is very thick and when there are numerous metal
objects. Future studies should focus on overcoming these technical barriers to develop the capability of
the method for capturing more accurate outlines of teeth and bones.
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