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Abstract 
Multi-material components (MMCs) containing metal and plastic belong to one of the most commonly 
produced category of industrial objects. Industrial 3D X-ray computed tomography (3DXCT) is 
particularly suited for the examination of MMCs as it allows capturing external and internal interfaces 
of each individual material of the fully assembled part. 3DXCT enables further material analysis, e.g., 
exploration of material properties such as porosity and detection of internal defects. The presence of 
highly absorbing metal within low absorbing plastics strongly impacts the 3DXCT analysis as it causes 
severe artifacts. Dark-band or streaking artifacts may distort neighboring areas with lower-density 
materials in the reconstructed volume and may hinder dimensional measurement tasks. Furthermore, it 
is highly challenging to reduce streaking and dark-band artifacts using the reconstructed volume 
without having any additional knowledge about the specimen’s materials and its geometry. In this 
paper we focus on a metal-artifacts reduction (MAR) technique, which uses the 2D projections 
acquired directly during the 3DXCT scan. The first stage of the workflow reconstructs a 3D volume 
from the original set of projections. During the second stage, metal parts are segmented in the 
reconstructed 3D volume. The third stage maps segmented voxels from the 3D reconstruction space to 
the 2D projection space using forward projection. This determines the metal areas in each projection to 
be subsequently removed. The emptied regions are interpolated from adjacent areas without metal 
content. The next stage reconstructs a 3D volume with reduced artifacts and without metal from the 
corrected projections. Finally, the resulting 3D volume is fused with metal parts extracted from the 
originally reconstructed 3D volume. We evaluate this MAR workflow using various real-world MMCs 
such as connector housings. A versatile evaluation of the MAR algorithm is provided using techniques 
like profile lines, a contrast-to-noise ratio and uncertainty distribution evaluation. 
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1  Introduction 
Multi-material components (MMCs) are industrial specimens, which are manufactured from several 
different materials, e.g., plastic and metal or composite materials with metal inlays. Industrial 3D X-
ray Computed Tomography (3DXCT) is a highly advantageous technique for studying MMCs as it is 
capable of capturing internal and external interfaces of every material of the specimen. This property 
of 3DXCT enables non-destructive testing and quality control of arbitrarily complex MMCs with 
exploration techniques like material analysis and dimensional metrology. One factor that severely 
limits the application of 3DXCT for MMC analysis is the problem of artifacts. Artifacts are artificial 
structures in the reconstructed dataset, which do not correspond to structures of the measured specimen 
[7]. Beam-hardening is one of the most prominent types of artifacts appearing in MMC scans. It is 
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caused by a physical effect appearing when polychromatic X-radiation is used. Since higher energy 
photons pass through the material while lower-energy photons are absorbed, the spectrum of an X-ray 
beam is hardened. This causes a nonlinear attenuation of an X-ray beam as it passes through the 
material. Artifacts are especially severe if the materials of the specimen have a high variation in terms 
of attenuation, e.g., in our application area MMCs are made out of plastic and metal. Beam-hardening 
artifacts are referred to as metal artifacts. Metal artifacts strongly impact the 3DXCT analysis. The 
resulting dark-band artifacts and streak-noise artifacts may distort neighboring areas with lower-
density materials in the reconstructed volume and may hinder subsequent dimensional measurement 
tasks. 
Metal-artifacts reduction (MAR) is a highly challenging task. It is especially hard to perform without 
having any additional knowledge about the specimen’s materials and its geometry. One work around 
for these limitations is to operate directly on the 2D projections acquired during the 3DXCT scan. In 
this paper we focus on the MAR technique as described by Amirkhanov et al. [1]. An overview of the 
metal-artifact reduction-workflow is presented in Figure 1. The detailed description of the MAR 
algorithm is given in Section 2. This MAR technique modifies 2D projection images and fuses metal 
parts back to the 3D reconstructed volume with reduced artifacts. It results in a strong artifact 
reduction in regions which are surrounding the metal parts. However, this technique is not a silver 
bullet for solving the metal artifacts issue and may introduce additional inhomogeneities in the form of 
blurring and distortion of fine details. After the MAR is applied to a dataset several important open 
questions arise. The first group of questions concerns the effectiveness of the artifact reduction itself: 
Are high-frequency streak-noise as well as dark-band distortions removed completely? The second 
group of questions is related to the uncertainty and irregularities introduced by the algorithm: How 
much blurring and error is introduced in which part of a dataset? Does the amount of uncertainty and 
irregularities still allow for a reliable analysis in the regions of interest?  
In this work we aim to answer these questions. The main contribution of this paper is an evaluation of 
the results of the projection-based MAR for MMCs. We apply the MAR algorithm from Amirkhanov 
et al. [1] to industrial MMCs including real-world industrial parts from various domains. The results 
are evaluated using three strategies: 

• Evaluation using profiles of attenuation coefficients (Section 3.1). We use profile plots to 
estimate how attenuation coefficients of regions surrounding metal parts are modified. 

• Evaluation using contrast-to-noise ratio (CNR) in regions affected by metal artifacts (Section 
3.2). This provides us with an estimation of the noise suppression quality. We investigate if 
the level of noise is low enough for a reliable material analysis. 

• Evaluation of the distribution of the uncertainty introduced by MAR (Section 3.3). The notion 
of how the MAR uncertainty is distributed in the dataset can be essential for further 
exploration and analysis. This knowledge allows to avoid highly uncertain regions of the 3D 
volume, e.g., for material analysis or geometric tolerancing calculations. In order to provide 
this information to the domain experts we evaluate the uncertainty distribution of MAR. 
Uncertainty maps provide a way to visually convey the uncertainty. 
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Figure 1: Workflow of the projection-based metal artifacts reduction (MAR). 

2  Metal-Artifact Reduction 
In this work we examine the projection-based MAR workflow for 3DXCT as proposed by Amirkhanov 
et al. [1]. An overview of the workflow and its stages is given in Figure 1. All stages are automatic 
except the material-separation stage, which requires setting a threshold specified by the user.  
As input, the MAR technique uses a complete set of the specimen’s 2D projections obtained from 
scanning. MAR results in a 3D volume with reduced metal artifacts. The MAR pipeline is structured as 
follows: First, during the initial reconstruction stage, a 3D volume is computed from the set of 2D 
projections using the filtered back-projection by Feldkamp et al. [4]. In the material separation stage, 
the metal is segmented in the reconstructed volume and separated from other materials by user defined 
thresholding. Then, the resulting metal parts are projected on the 2D projections employing forward 
projection. This results in detecting areas in the 2D projection images which contain metal parts. The 
subsequent interpolation stage removes attenuation coefficients in pixels which belong to metal areas 
and replaces them with attenuation coefficients interpolated from the neighboring non-metal pixels. 
During the following reconstruction stage, a 3D volume is reconstructed from the modified 2D 
projections. This generates a reconstructed 3D volume with reduced metal artifacts but without any 
metal parts. Therefore, the final fusion stage combines this reconstructed 3D volume with the metal 
parts from the original reconstruction. This stage uses the same threshold as the material separation 
stage. For the thresholded metal voxels the original 3D volume is taken and for the  
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other voxels, the 3D volume with reduced artifacts is taken. Voxels with values close to the threshold 
are smoothly blended from these two 3D volumes. The resulting fused 3D volume contains metal parts 
and is reduced metal artifacts in surrounding materials. 

3  Evaluation 
The results of the MAR algorithm strongly depend on the size, shape and position of metal parts as 
well as on the position and orientation of a specimen during 3DXCT scanning. During the interpolation 
stage a part of the information about the neighborhood of the metal parts is lost since their attenuation 
coefficients are calculated using interpolation-based estimates. This introduces uncertainty to the 2D 
projections which is further propagated to the final MAR result. Errors and uncertainty introduced by 
the algorithm are determined by many factors. The results of MAR may significantly vary from one 
specimen to another. By carrying out an evaluation of the described MAR workflow assess the 
following issues:  

• Identify classes of specimens suitable and not suitable for MAR and estimate criteria for 
predicting the outcome of MAR for various MMCs.  

• Evaluate the results of the MAR artifact reduction with respect to the change of attenuation 
coefficients using line-profiles 

• Evaluate results of artifact reduction with respect to contrast-to-noise ratio (CNR). 
To evaluate MAR we employ such methods and metrics as profile lines (Section 3.1), CNR (Section 
3.2), and uncertainty distribution evaluation and visualization (Section 3.2). 

3.1 Profile Lines 
To evaluate the modifications introduced by MAR to the attenuation coefficients of the reconstructed 
3D volume we use profile plots along lines in 2D slices. The profile plots are directly overlaid on the 
2D slice as seen in Figure 2. Here attenuation coefficients of voxels along a horizontal white dashed 
probing line are evaluated. The resulting profile is shown on the slice and automatically scaled along 
the entire slice height. To achieve a different probing line orientation the slice image can be rotated by 
an arbitrary angle. 

 

Figure 2: Profile line on 2D slice rotated 30o clockwise. Figure 3: Calculation of MAR uncertainty 
distribution of during the back-projection in 2D 
case for 8 projections. 
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3.2 Signal-to-Noise and Contrast-to-Noise Ratios 
One important purpose of MAR is to remove undesired noise generated by metal artifacts from the 
meaningful signal information. Therefore, we check if signal-to-noise ratios (SNRs)  and contrast-to-
noise ratios (CNRs) of the reconstructed 3D volume are improved after the MAR is performed. SNR 
and CNR [6] are used as estimates of the quality improvement achieved by the MAR algorithm. SNR 
is describing the level of a desired signal to the level of background noise and is calculated as follows: 

σ
µ

=SNR
 

where µ is the mean value of the signal and σ is the standard deviation of the noise. CNR in its turn is 
describing signal differences between two regions (e.g., two different materials in the case of 3DXCT) 
and allows detecting contrast deteriorations. CNR is calculated using the following formula: 
 

background

backgroundforeground
foregroundbackgroundCNR

σ

µµ −
=,  

3.3 Uncertainty Distribution and Uncertainty Maps 
Most of the metal artifacts are successfully removed by the considered MAR technique. This enables 
the analysis of areas previously affected by artifacts. However, during the interpolation stage, metal 
data is replaced by interpolated data in the 2D projections. This introduces uncertainty which is further 
propagated along the MAR pipeline. It appears as blurring and contrast deterioration or even as loss of 
fine details in the resulting 3D volume. The resulting issues may hinder the subsequent analysis or 
even lead to wrong conclusions. For example pores may not be visible in plastic areas although they 
are given in the specimen. The uncertainty is distributed unevenly in the 3D volume. The uncertainty 
of a voxel depends on the number of interpolated pixels in 2D projections that contribute to voxel 
during the reconstruction. This distribution is strongly affected by several factors, e.g., shape, size, and 
positions of metal parts or placement of the specimen on the rotary plate. 
To estimate the uncertainty introduced by MAR in the 3D volume we calculate the contribution of 
interpolated projection pixels to every voxel as follows: 

total

metal

N
NU =  , 

Ntotal is referred to as the number of projection image pixels contributing to the voxel during 
reconstruction using filtered back projection. Nmetal is the number of pixels which contain metal and 
contribute to the corresponding voxel. We take this value as an estimation of uncertainty introduced to 
the resulting voxel value. The uncertainties for all voxels result in the uncertainty distribution. To 
calculate the uncertainty we perform an additional back projection step. First, we generate 2D 
projections containing interpolation contribution of pixels so that pixels containing metal have a value 
of 1/ Ntotal and all other pixels have a value of 0. Then, during the back projection, these values are 
accumulated for every voxel of the 3D volume as shown in Figure 3. 
The resulting 3D volume gives the spatial distribution of the MAR uncertainty and contains values 
between 1 and 0. An uncertainty value of 1 indicates the maximum uncertainty. It means that all 
projection pixels, which contribute to the voxel, contained metal and were replaced with interpolated 
data. A value of 0 indicates no uncertainty is introduced by MAR and means that the voxel was not 
modified during the process. 
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We visualize the uncertainty distribution on 2D slices using uncertainty maps. We divide the entire 
distribution into uncertainty categories. Each category corresponds to a defined uncertainty range and 
is filled with a corresponding shade of gray. Between these uncertainty maps contain a set of  
 

 
Figure 4: Uncertainty of the MAR algorithm: slice of MAR volume (a), corresponding slice of uncertainty volume 
(b), isolines from the uncertainty map overlaid on the original slice (c), and uncertainty map (d). 
 
isolines at values dividing the image into the different uncertainty zones to highlight boundaries of 
uncertainty categories. The uncertainty map may be overlaid on the uncertainty distribution or on the 
original data values. An example of uncertainty map is shown in Figure 4. Here the uncertainty 
distribution is divided into 10 uncertainty zones with a corresponding step of 10 percent of interpolated 
projection pixels used. The color of the isolines indicates the level of uncertainty (cyan shows higher 
uncertainty and yellow shows lower uncertainty). To further assist in the exploration of MAR 
uncertainty, isolines from uncertainty map can be overlaid directly onto the original slice (see Figure 
4d). It allows an identification of the reliability of different specimen regions. 

4  Results 
For the evaluation of the MAR workflow we use several specimens from the automotive industry (see 
Figure 5). The connectors have various geometries and are made of plastic with metal rivets and 
contacts. The geometry, shape factor, size and position of metal and plastic parts as well as placement 
vary from one specimen to the other. This allows us to study and evaluate the behavior of metal-
artifact reduction under different conditions. All specimens are represented by 3D volumes with a 
resolution of 5123 and are reconstructed from a set of 2D projections with a resolution of 5122. The 
DVE5-2 and UFS specimens are acquired using 1440 projections, FCI-1 and FCI-2 specimens are 
acquired using 900 projections.  
For each tested specimen we have performed MAR as described by Amirkhanov et al. [1]. We 
evaluated the results using profile lines, CNRs, and uncertainty distributions. In the following 
subsections we show the results of the evaluation. 

(a) (b) (c) (d)  
Figure 5: Specimens used for the MAR evaluation: DVE5-2 (a), FCI-1 (b), FCI-2 (c), and UFS (d). 
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Figure 6: Profile line evaluations for the specimens: DVE5-2 (a), FCI-1 (b), FCI-2 (c), and UFS (d). 

4.1 Profile-Line Evaluation 
Figure 6 shows profile-line plots for the evaluated specimens. We have selected locations for the 
profile lines which contain metal, plastic and air regions and are strongly affected by dark bands. One 
representative profile-line plot is given for every specimen before (left) and after (right) MAR. Before 
MAR strong dark-band artifacts in form of concavities with lower attenuation coefficients can be seen 
in the profile plots. These artifacts are especially strong for the DVE5-2 (Figure 6a) and UFS (Figure 
6d) specimens. For the FCI-1 specimen, metal artifacts result in concavities with low attenuation 
coefficients at the center of the plot (Figure 6b). Also for the FCI-2 specimen artifacts are present in 
the center and in the neighborhood of metal rivets. These artifacts are marked with arrows. After the 
MAR is applied, the line-profile plots show a significantly reduced amount of metal artifacts. 

4.2 CNR Evaluation 
For the CNR evaluation air and plastic regions were selected using axis-aligned bounding boxes 
(AABBs). We have calculated the mean values and standard deviations for every region. We have 
segmented an AABB containing only air once for each specimen using the dataset without MAR. The 
AABB containing only air is selected inside regions of the specimens which are not modified by the 
MAR/ This are regions containing zero values in the uncertainty distribution. Therefore the air region 
contains the same values before and after MAR. This way we assure the correctness of CNR 
comparisons. For the plastic regions we performed the calculations twice: before and after MAR. Then 
the CNR was calculated before and after MAR using air as foreground material and plastic as 
background material. The results are given in Table 1.  Negative µ values of air are caused by the 
filtering step of filtered back-projection. 
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Specimen 
Air Plastic 

(no MAR) 
Plastic 
(MAR) 

SNR 
Plastic 

(no MAR) 

SNR 
Plastic 
(MAR) 

CNR 
(no MAR) 

CNR 
(MAR) µ  σ  µ  σ  µ  σ  

DVE5-2 -0.014 0.0065 2.841 0.612 2.667 0.492 4.64 5.421 4.665 5.449 
FCI-1 -0.017 0.0219 1.102 0.277 1.058 0.315 3.978 3.359 4.038 3.411 
FCI-2 0.177 0.03 0.349 0.25 0.437 0.168 1.396 2.601 0.688 1.548 
UFC 0.066 0.013 1.844 0.652 1.759 0.256 2.828 6.871 2.727 6.613 

 
Table 1: CNR of air-to-plastic before and after the MAR is applied. 
 

 
Figure 7: Uncertainty distribution 2D slices (top) and uncertainty distribution maps (bottom) for specimens: 
DVE5-2 (a), FCI-1 (b), FCI-2 (c), and UFS (d). Band connecting metal components is marked with yellow arrow. 
 
After applying MAR, CNR has improved for three datasets out of four except for the FCI-1 specimen. 
The UFC specimen shows the greatest CNR improvement with a factor of 2.42 times compared to the 
original data. From Table 1 it can be seen that the mean value of plastic changes only slightly. Most of 
the change is introduced to the standard deviation of plastic: it is significantly reduced by the MAR in 
most of the cases. 

4.3 Uncertainty Distribution Evaluation 
Figure 7 shows the uncertainty distributions for the evaluated specimens and the corresponding 
uncertainty maps. Uncertainty map are visual representations that allow better quantification of 
uncertainty. For example, if experts are interested in areas where uncertainty is less than 0.3 
corresponding uncertainty categories will show boundaries of such areas. The uncertainty reaches its 
highest level at the borders of the metal parts and then fades out the farther a position is from the 
closest metal component. A feature which can be observed from the uncertainty distributions is that 
uncertainty is decreasing towards centers of bands between any two metal parts (see Figure 7b (top)). 
Uncertainty is reaching a local minimum at the center point of the band. The uncertainty increases 
from the centerline towards the band’s sides and towards the band’s ends at metal parts. This results 
from the fact that voxels between two metal components have more projection images where the 
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projections of corresponding metal components overlap. This results in smaller information loss, as 
fewer interpolated pixels are used. 
Another characteristic of the resulting uncertainty distributions is that the uncertainty is spreading from 
the metal parts along the projection directions (the horizontal plane of scanning geometry). This 
direction can be changed by choosing different orientation of the specimen during scanning. One 
should avoid orientations where critical areas are in the same horizontal plane as metal parts during the 
scan. It can also be seen that for the specimens FCI-1 (Figure 7b) and FCI-2 (Figure 7c) all information 
inside the rings of the metal rivets is lost. For the UFS specimen this is not the case. This is due to the 
choice of specimen orientation on the rotary plate. Even if inner-ring regions appear to be not artifact 
affected, they do not contain reliable information. Because of this fact, the results of the MAR 
technique should be treated rather carefully and knowledge of the introduced uncertainty is required in 
order to check the reliability of the data for further analysis. 

5  Conclusions 
In this work we evaluated results of projection-based metal artifact reduction (MAR) for MMCs. We 
applied the MAR algorithm to several industrial MMCs (electronic connectors). We evaluated the 
algorithm using line-profile plots and contrast-to-noise ratios. We have also presented a way of 
estimating the uncertainty introduced by the MAR algorithm through calculating uncertainty 
distributions. These distributions can be used as a key instrument for validating the results of MAR and 
assuring the reliability of analyzing particular regions of the dataset. We visualize uncertainty 
distributions using uncertainty maps which can assist or ease decision making concerning the spatial 
reliability of MAR results. The evaluation of uncertainty distributions of the test parts has shown two 
essential factors for the final quality of MAR: orientation of the specimen on the rotary plate and 
shape, size and positions of metal components. We believe that these factors should be carefully taken 
into account when performing MAR in order to achieve optimal results with higher reliability. 
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