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Abstract. In this paper, a new method for metal artefact reduction in
computed tomography is investigated, based on sinusoidal amendment.
Each voxel in the scanned object corresponds to a sinusoidal curve in the
projection data set. Some of the sinusoidal curves result from metal implant,
which can be identified because the attenuation coefficient of the metal is
much higher than that of human tissue, and therefore can be isolated from
the projection, as well as reconstructed directly to provide the location of
the metal implant. Then a highly accurate reconstruction image can be
obtained using filtered back-projection because the original projection has
been amended rather than interpolated. A real example is shown to
demonstrate the method.

1 Introduction
Since the attenuation coefficient of metal is much higher than human tissue, a
metal implant causes low signal to noise, beam hardening and scatter, which
cause the projection data to be corrupted, and bring star-burst artefact and error to
the reconstruction image. The filtered back-projection (FBP) method is the most
widely method for reconstruction of the scanning data since it gives high
computational efficiency whilst keeping good accuracy [1], star-burst artefacts
have been reduced by substituting the data corresponding to the projection lines
through metal objects with the data from a neighborhood [2] or synthetic data
using linear or polynomial interpolation strategies [3], or by adjusting the wavelet
decomposition coefficients [4]. These methods are very effective for removing
streaking generated by metal implants, and do not increase computational amount
significantly. However, these strategies inevitably cause some information loss
and can still result in artefacts.
Iterative algorithms have been regarded as a potential method of providing
high quality CT reconstruction images, especially for metal artefact reduction [58]. Using an iterative algorithm, the data affected by the metal implant, instead of
being replaced, is ignored. Computational expense was the main problem
preventing the iterative method from practical clinical application, and much
effort has therefore been focused on this subject [9][10].
An alternative strategy to avoiding metal artefact is by using low attenuation
material such as Titanium [11][12]. However, this is not ideal for clinical
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application because the X-ray attenuation characteristics should not be the
primary factor in material selection.
Currently, the standard reconstruction strategy in clinical practice is still
filtered back projection with linear interpolation, which is reasonable for some
general applications. However, in some situations such as planning a metal
implant replacement operation and post-operation observation, knowing the exact
structure of the tissues surrounding the metal implant is highly important. Using
filtered back projection with linear interpolation or nearest neighbor interpolation,
the reconstruction image in the area near the boundary of the metal implant is
most likely to be distorted. It is true that the information is still sufficient if the
affected scan data is ignored, but FBP dose not allow such a gap, which must be
interpolated. The iterative method steers away from the metallic affected data
successfully, so that high quality images can be obtained, but the computational
expense is still a big problem which keeps the method from becoming a practical
option.
In this paper, a method is presented to isolate the correspondence of the metal
implant from the projection, and reconstruct the amended projection and the
correspondence of the metal implant separately, then synthesize these
reconstructions to reach the final image. It has the potential to be developed into a
new reconstruction algorithm, for example, directly based on the sinusoidal
representation. The outline of this paper is as follows: In section 2, the sinusoidal
description of CT is briefly introduced. Section 3 discusses the sinusoidal
amendment and reconstruction from the point of view of practical
implementation. The new method is demonstrated as well as further described
with a real example in section 4. Discussions and conclusions are given in the
final section.

2 The Sinusoidal Description
Radonís description was very meaningful in Physics. When traveling through
an object, X-rays are attenuated so that when the X-rays reach the detectors, the
information about the densities of the object along the path is included. Now
another description of CT projection is studied from the point of view of
mathematics and geometry, and the idea is to investigate the result from each
voxel of the object in the projection.
The simplest situation, parallel projection, is studied in this paper, but it is
straightforward to extend the method to other situations including fan beam, cone
beam, and cone beam spiral.
Let f ( x, y ) denote the distribution of a slice of an object, θ represent the
rotation angle of the scanner, and the scan centre be

( xc , y c ) . Consider a voxel

located at ( x1 , y1 ) , when θ increases from 0 to π , the projection of the voxel
located at ( x1 , y1 ) is actually a trajectory of a sinusoidal curve, in other words, an
equipotential sinusoidal curve on which the value is; the curve can be expressed
as
y − yc
+θ)
(1)
t = ( x1 − xc ) 2 + ( y1 − yc ) 2 sin( arctg 1
x1 − xc
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where t denotes the locations of the detectors. Let M (θ , t , x1 , y1 ) represent the
projection of the voxel at ( x1 , y1 ) without consideration of other voxels, which is
actually a subsection of the real projection, and can be described as
 f ( x1 , y1 ) when equation (1) is satisfied
M (θ , t , x1 , y1 ) = 
(2)
else
0
The real projection from the scanner can be represented as the sum of
M (θ , t , x, y ) for each location of ( x, y ) , that is

P(θ , t ) = ∑ M (θ , t , x, y )

(3)

x, y

Equation (3) is a new description, or decomposition, of the X-ray projection,
which is based on sinusoidal curves and the attenuation coefficients of each voxel
of the object, in an additional frame. The number of the sinusoidal curves equals
the number of the voxels of the object, as well as the number of attenuation
coefficients. Further details of the sinusoidal description of CT were discussed in
[13].

3 Sinusoidal Amendment and Reconstruction
Conventional methods detect the data set affected by the metal implant view by
view and the edge cannot in general be precisely identified. In parallel beam
projection, each voxel in the object creates a sinusoidal curve, and the value on
this curve is the attenuation coefficient. Since the attenuation coefficient of metal
is significantly higher than that of human tissue, in each view, the observed data
from some detectors corresponding to the metal implant are, if not significantly
greater than all of the other observed data in the view, at least significantly greater
than other observed data in a neighborhood. The affected data set can be detected
in two steps; the first is to determine a candidate data set which contains the
affected data set as much as possible, then to identify the affected subset by fitting
the sinusoidal curves with the candidate data set.
Discretely, let P(i, j ) , i = 1,2,..., nd ; and j = 1,2,..., nv , represent the projection,
where nd and nv denote the number of the detectors and the views, respectively.
Because of scattering, strong noise will occur when x-rays travel through metal
material, which can cause the projection values at some points much greater or
smaller than those in their neighborhood and affect the detection. This can be
decreased by smoothing, and the smoothed data set is only used for detection of
the affected data set.
Prior to the detection of the data set affected by metal implant, several
definitions are introduced.
Let
Ps (i, j )
denote the smoothed
P(i, j ) , Vlm ( j ) = max ( Ps (i, j )) ,
1≤ i ≤ nd

V gm = max ( Ps (i, j )) , and
1≤ i ≤ nd
1≤ j ≤ nv

Plm (i, j ) = Ps (i, j ) − Vlm ( j ) + V gm
where i = 1,2,..., nd ; j = 1,2,..., nv.
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A data set with same size of Plm (i, j ) is generated as follows

0 when Plm (i, j ) ≤ (1 − a)V gm
T ( a , i, j ) = 
(5)
 Plm (i, j ) - (1 − a)V gm when Plm (i, j ) > (1 − a)V gm
where a is a threshold parameter and a ∈ [0,1] .
A subset of T (a) which is regarded as the candidate set of the affected data set
is presented as
S c (a) = {T (a, i, j ) : T (a, i, j ) > 0, i = 1,2,..., nd ; j = 1,2,..., nv} (6)
Let Ws (a ) denote the power (or cardinality) of S c (a) , so W (a) ∈ [0, nd ⋅ nv] ,
and Ws (a ) is a nondecreasing function of single variable a .
Initially, let a = 0.1 , the data set S c (0.1) includes some of the correspondence
of the metal implant which consists of a group of sinusoidal curves, but not all of
the correspondences of the metal implant. To include as much as possible of the
correspondence of the metal implant, whilst keeping them identifiable from the
set of T (a) , a suitable value of a is highly important, since a smaller value of a
will cause the results of identification insufficient while a bigger parameter will
lead the results to be unidentifiable. However, a is a sensitive parameter which
can be easily affected by many factors such as the energy of X-ray, the particular
part of human body, the size, shape, position, and the material of the metal
implant etc. The parameter a can be determined by introducing another
parameter b which is not sensitive to the factors mentioned above.
W ( x)
a = max{x : 0.1 < x < 1,
≤ b}
(7)
W (0.1)
Since parameter a is controlled by parameter b , only parameter b need to be
identified. The parameter b is obtainable statistically or experimentally and
usually bounded between 1.2 and 10, which could be a monotonic increasing
function of the distance between the metal implant and the scanning centre. A
more detailed investigation for calculation of parameter b will be presented in
near future, relevant for a large number of real cases.
After the parameter a has been determined, a set including most of the
correspondence of the metal implant is generated by equation (6), based on which
the correspondence of the metal implant can be identified.
The identification of the correspondence of the metal implant is to find the
sinusoidal curves completely, or 99%, included in S c (a) . It is not necessary to
evaluate all of the sinusoidal curves corresponding to the locations where the
object is; the searching area should be limited to be as small as possible if the
metal implant is surely included. In fact, two views with π / 2 difference in
T (0.1) can roughly provide the location of the metal implant, which plays a key
role for the computing efficiency. As a result, a group of sinusoidal curves are
identified, which is regarded as the correspondence of the metal implant and
expressed as Pm .
Ideally, the attenuation coefficient distributed on these curves should be
obtainable from reference material, and the projection can be amended by
subtracting the correspondence of the metal implant.
Pa = P − CPm
(8)
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where Pa is the amended projection, and C denotes the attenuation coefficient of
the metal. However, due to beam hardening and scattering, the coefficient is
usually not a constant but a variable. Accordingly, in practice, equation (8) is
modified as
Pa = P − (C − Cb ) Pm
(9)
where Cb represents the changing of the attenuation coefficient caused by
beam hardening and scattering, which is a function of the rotation angle and the
locations of the detectors. The coefficient Cb can be determined by referring to
the neighborhood.
The amended projection Pa is reconstructed using FBP and most of the
artefacts caused by the metal implant can be removed successfully. When the
correspondence of the metal implant Pm has been detected, the location of the
metal implant has been revealed as well, although it can also be reconstructed
using FBP. Both of the results are then synthesized to generate the final
reconstruction image.

4 A Real Example
A real example is processed using the method discussed above for
demonstration. The steps include detection of the candidate set containing most of
the correspondence of the metal implant, detection of the correspondence of the
metal implant based on the sinusoidal curves, amendment, reconstructions, and
synthesis to obtain the final image.

Fig. 1. The projection was collected from a clinical CT scanner.

The projection data in Fig. 1 was collected from a clinical CT scanner with the
parameters of 140.0 KV, 40 mA, where the object was a leg of pork with a lead
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nail inside the bone, which had been processed with scanner-specific prereconstruction preprocessing. The reconstruction image corresponding to Fig. 1
collected from the output of the scanner is shown in Fig. 2, where strong streaking
takes place.

Fig. 2. The reconstruction of the projection in Fig. 1 created by the default scanner
software ( smaller field of view than in Fig. 6 due to clipping by the scanner software ).

Fig. 3. The candidate set of the correspondence of the metal implant.

The parameter b in this section is determined as 3, and the parameter a is
consequently calculated by equation (7) as 0.4. A set containing most of the
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correspondence of the metal implant is generated by equation (6), denoted as
Sign [T ( 0 . 4 )] , as shown in Fig. 3.
The correspondence of the metal implant is identified and isolated from the
projection, as shown in Fig. 4. The amended projection without the
correspondence of the metal implant is shown Fig. 5.

Fig. 4. The correspondence of the metal implant isolated from the projection.

Fig. 5. The amended projection without the correspondence of the metal implant.
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The final reconstruction image synthesized from the reconstruction of the
correspondence of the metal implant in Fig. 4 and the amended projection in Fig.
5 using FBP is presented in Fig. 6.

Fig. 6. The final reconstruction image.

The whole reconstruction process for each slice costs about 6 minutes with a
2GH Pentium 4 using Matlab, which would be expected to be reduced to about 40
seconds if recoded using C++.

5 Discussions and Conclusions
The method presented in this study focuses on isolating the correspondence of
the metal implant from the projection data set, then the amended projection can be
reconstructed using FBP with much reduced metal artefact. The final
reconstruction image is obtained by synthesizing the reconstructions of the
amended projection and the metal correspondence. The amendment is
automatically performed for a single piece of metal implant in this development,
further studies will concentrate on extending the method to the case of multiple
pieces of the metal implant such as planting the metal tooth root, for which it will
be much more complex to amend the projection automatically. This method
inherited the high computational efficiency of FBP, and can be clinically applied.
The conventional FBP just interpolates the affected data in projection, that
reduces the streaking but causes other errors.
Iterative algorithms tend to successfully avoid using the affected data in the
projection so they can reach high accuracy, but the calculation is complex and
time consuming.
It is therefore predictable that the method of FBP with sinusoidal amendment
will be applied practically in the near future.
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