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Abstract. Artefacts are mainly arising due to scattered radiation and polychromatic 

nature of industrial X-ray sources which are typically used in X-ray computed 

tomography (XCT) systems. Artefacts are especially dominant in the case of multi-

material components consisting of low absorbing and metallic parts, which degrade 

image quality and hinder e.g. proper segmentation, failure analysis or inspection of 

interfaces. 

 State-of-the-art metal artefact reduction (MAR) methods are either using 

iterative methods with prior knowledge or sinogram-based inpainting of the raw 

projection data with deletion of metal traces (from e.g. implants) and the subsequent 

interpolation of missing data. These approaches have already shown their usefulness 

in clinical routine and diagnostics by reducing image noise or resolving small 

structures beside metal parts. Since industrial parts are usually more complex, made 

of multi-material components such as plastic housings with metal pins or conducting 

paths made of iron or copper, an even stronger appearance of artefacts as compared 

to medical data can be observed. Therefore some modifications may be applied to 

the existing MAR methods.  

 This contribution shows results of sinogram-based correction methods applied 

to real world parts as well as simulated XCT data from different industrial 

applications with methodical modifications such as dual energy data as input. 

Benefits and limitations will be discussed for each task and specimen regarding 

artefact reduction, gain in information, detectability and image quality. 

1. Introduction  

The polychromatic nature of laboratory or industrial X-ray sources gives rise to severe 

artefacts in X-ray computed tomography (XCT) data especially in the case of multi-

material components consisting of plastic and metallic parts. Artefacts are structures in the 

XCT image that do not correspond to real structures and affect the results of materials 

characterization or dimensional measurements. Metallic artefacts are dark or bright streaks 

in XCT data that are caused by beam hardening and scattering, degrading the image quality, 

causing loss of information and hindering a proper segmentation, failure analysis or 

interface inspection between materials of different density. In worst case, no reliable data 

inspection of the whole specimen is possible. The most convenient way to reduce metal or 
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beam hardening artefacts is to use proper XCT scanning parameters by choosing an 

appropriate tube voltage and by typically adding additional pre-filtration [1] to the X-ray 

tube window, in order to cut off low energy photons and make the polychromatic X-ray 

spectra more monochromatic. Since additional pre-filtration reduces also the overall X-ray 

beam intensity, the total scan time is typically increased by increasing the detector exposure 

time, in order to retain a certain signal-to-noise ratio (SNR) and to prevent formation of 

images, which are heavily prone to image noise. 

 State-of-the-art metal artefact reduction (MAR) methods are either (i) combining 

sinogram-based inpainting of the raw projection data with deletion of metal traces from e.g. 

implants or dental fillings and the subsequent interpolation of missing data [2-3] or (ii) 

using iterative methods with or without prior knowledge [4-5]. More advanced sinogram-

based algorithms also apply an image-based weighting approach with low and high 

frequency image content parts of two reconstruction modalities improving the visibility of 

small details such as bone segments close to metal parts [6]. These efficient approaches 

have already shown their usefulness in clinical routine and diagnostics. In industrial 

applications, an even stronger appearance of artefacts can be observed, since typical 

industrial parts are usually made of multi-material components consisting of e.g. copper 

and iron. This work presents the benefits of sinogram-based correction methods from the 

medical field applied to industrial multi-material samples of different sample sizes. 

Benefits, limitations and modifications needed to perform well in the case of industrial 

applications are discussed in this contribution. 

 

 

Fig. 1. XCT-slice images of raw and unprocessed data for part A (injection moulded part with steel insert), 

part B (CFRP with copper-grid) and part C (high voltage cable) 

2. Samples and methods 

2.1 Samples  

For this study we investigated multi-material samples of different sizes from automotive, 

aeronautic and energy provider industry to test the applicability of medical MAR methods 

for typical industrial tasks with varying penetration lengths and material combinations. 
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Figure 1 shows exemplarily unprocessed XCT-slices of each individual part. The first 

sample (part A) is an injection moulded part with a u-shaped steel insert containing material 

inhomogeneities within the plastic matrix. The second specimen (part B) consists of two 

carbon fibre-reinforced polymeric (CFRP) samples with a copper-grid near the surface, 

which are glued together in order to test the correction methods for metals located near the 

centre and close to the sample surface. The third sample (part C) is a high voltage cable 

consisting of an aluminium-conductor, covered by different insulating plastic material and 

copper-elements located close to the surface. The overall goal is to improve image quality 

by applying suitable MAR correction methods.  

2.2 X-ray computed tomography 

For this study a RayScan 250 E cone beam X-ray computed tomography (XCT) system 

with a 225 kV micro-focus X-ray source with a tungsten reflection target has been used. 

The electric power of the X-ray tube has been chosen in accordance to the voxel size to 

minimize image blurring, since micro-focus X-ray tubes are defocusing the electron beam 

proportionally to the electric power. The polychromatic radiation emitted by the focal spot 

has to penetrate the specimen. Parts of the X-rays will be absorbed in accordance with 

Lambert-Beer’s law, whereas the transmitted intensity will be captured by a detector. The 

detector made by Perkin Elmer is based on scintillator flat panel technology with a pixel 

pitch size of 200 µm and an image size of 2048 x 2048 pixels. A set of 2D projection 

images is acquired during a full rotation of a specimen, which is finally used to reconstruct 

a 3D image of the specimen consisting of volumetric pixels (voxels). The scan parameters 

applied to scan the samples described in chapter 2.1 can be found in Table 1. 

Table 1. RayScan 250 E XCT scan parameters including: tube voltage, tube current, pre-filter 

material and thickness, voxel size, number of projections, integration time and total exposure time 

Sample  Scan parameters  
Voxel size

(VS) 

Total exposure 

time in [min] 

Part A 

  Scan 1 

  Scan 2 

  Scan 3 

  Scan 4 

190 kV, #1440, 175 µA, 

0360 ms, no pre-filter 

1275 ms, 1 mm Cu 

2250 ms, 2 mm Cu 

3900 ms, 1 mm Sn 

(30 µm)³  

10 

30 

55 

95 

Part B 

  Scan 1 (LE) 

  Scan 2 (HE) 

LE: 88 kV, #1440, 53 µA 

1750 ms, no pre-filter 

HE: 200 kV, #1440, 53 µA 

3500 ms, 1 mm Cu 

(10 µm)³  

42 

 

84 

Part C 

  Scan 1 

180 kV, #1440, 600 µA, 

5000 ms, 2 mm Sn 

(100 µm)³  

120 

2.3 Metal artefact reduction 

For this study different metal artefact reduction (MAR) methods based on sinogram 

inpainting were tested, which have been first published in the field of medical imaging and 

image processing. Figure 2 shows the main steps of such MAR procedures of a simulated 

plastic specimen containing metal pins. These methods rely on the detection and deletion of 

the so-called metal trace within the sinogram by segmentation of metal parts in an initial 

reconstructed volume (image domain) via e.g. simple thresholding. A forward projection of 

the segmented metal parts helps to identify metal areas in the sinogram, followed by 

deletion of affected areas and subsequent data completion of missing data via e.g. 1D linear 

interpolation [7].  
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Fig. 2. Main steps of a sinogram-based MAR correction; images correspond to a simulated plastic specimen 

including pores and metal pins of different sizes  

 

 Interpolation may cause blurring of edges due to information loss of deleted metal 

traces as well as the formation of streaks, if the transition between original and interpolated 

projection data is not smooth enough [2]. Meyer et al. have proposed further modifications 

[2-3,6] applied to existing sinogram-based MAR techniques based on an improved 

interpolation in order to overcome the problems mentioned above. 

  Normalized MAR (NMAR) is based on standard, sinogram-based MAR with an 

additional normalization step of the projections before and after interpolation by 

calculating a prior image of the matrix material via a segmentation step of the initial 

image. The original sinogram is then divided by a forward projected prior image before 

interpolation, leading to a flat sinogram which can be interpolated in a smoother way. 

The sinogram is renormalized after interpolation by multiplying the forward projected 

prior image [2].  Adaptive NMAR (ANMAR) is based on NMAR with a weighting sum of the original 

projections and projections which are corrected by NMAR, depending on how much 

metal has to be penetrated in each angular direction [3].  Frequency Split MAR (FSMAR) is based on the methods mentioned above with an 

additional weighting of high- and low-pass filtered original and NMAR or ANMAR 

corrected data [6]. 

 

 This work extends the existing MAR methods with additional modifications (e.g. to 

the segmentation routine) to reduce artefacts and to resolve material inhomogeneities with a 

better image contrast. Furthermore, a dual energy (DE) approach is tested to improve the 

image quality. 

2.4 Dual energy approach  

Figure 3 (a) shows a suitable combination of low energy (LE, 88 kV, no pre-filter) and high 

energy (HE, 200 kV, 1 mm Cu) spectra, which have been used to scan part B (CFRP with a 

copper-grid). This combination of spectra provides a reasonable trade of between spectra 

separation (LE and HE) as well as image noise. In order to combine advantages of both LE 
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and HE scans, a simple image fusion technique has been applied. High-pass filtered LE and 

low-pass filtered HE images are added to the original HE image leading to the fused DE 

image.  

 

 

Fig. 3. (a) X-ray spectra for low energy (LE) and high energy (HE) scans of part B (CFRP with a copper-grid) 

and (b) an exemplary histogram (taken from [8]) for calculating the image quality measure Q 

2.5 Image quality measure to quantify image correction results  

For evaluating and quantifying the image quality of original and corrected XCT data within 

this work, the image quality measure Q proposed by Reiter et al. has been used [8]:  

 芸 噺 |航態 伐 航怠|紐購怠態 髪 購態態 

 

Q seems to be similar to typical contrast-to-noise ratio (CNR) definitions, but it is 

calculated on the base of a histogram, exemplarily shown in Figure 3 (b) containing e.g. 

one class of material and one class of air. The calculation takes into account the mean peak 

values μ and both distribution widths by their standard deviation σ. The distance between 

the two distributions can be interpreted as contrast between the two classes. Furthermore, 

the width of the distributions is a combined measure for the strength of artefacts, noise and 

image blur [8]. Higher Q-values indicate better image quality in terms of fewer artefacts, 

reduced image noise and increased contrast. Q-values are stated as inserts in the 

subsequently shown slice images in the lower right corner. 

3. Results and discussion  

3.1 Part A (injection moulded part with steel insert) 

Even though part A has rather small dimensions, the steel insert is causing severe artefacts 

in scans without any additional pre-filtration, as shown in Figure 4 (a). The metal artefacts 

visible as bright and dark streaks can be reduced quite significantly by adding additional 

copper or tin pre-filters, as shown in Figure 4 (b-d). A certain SNR-value can be only kept 

constant at the expense of additional measurement time. At a certain point, the maximum 

exposure time of the detector is reached, allowing no further compensation of intensity loss 

by pre-filtering. Further improvements can be achieved by applying suitable MAR 

correction methods after completing the measurement, which are shown in Figure 4 (e-f). 

The scan with 1 mm Sn pre-filter has been used as a starting point for further MAR 

correction attempts described in the following paragraph. 
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ANMAR in Figure 4 (e) shows improvements in terms of artefact reduction, since 

in certain projection images less metal has to be penetrated. At these particular angular 

steps, the original projection images are considered with a higher weighting factor in the 

weighted sum of original and NMAR corrected projection images. FSMAR in Figure 4 (f) 

combines the high frequencies of the uncorrected input image with the more reliable low 

frequencies of an image, which has been NMAR corrected [6]. FSMAR indicates the best 

image quality in terms of least amount of observable streaking artefacts, but ANMAR 

shows the highest Q-value, indicating an overall better image quality, since the image 

quality measure Q is not only sensitive to strength of artefacts, but also to noise and image 

blur. 

 

 

Fig. 4. XCT-slice images of raw data acquired with different spectra (a-d) and MAR processed data (e-f) 

3.2 Part B (CFRP with a copper-grid) 

Figure 5 (a-c) shows raw images of LE and HE as well as the fused image (referred to as 

fused DE) that combines LE and HE scans of the CFRP specimen with copper-elements. 

The LE scan results in less image noise with better image contrast of matrix and material 

inhomogeneities, but with a strong appearance of streaking artefacts. The HE scan results in 

the least amount of artefacts, but is prone to strong image noise. Pores within the matrix 

and between the copper-elements can be identified. In order to combine advantages of both 

scans, a simple image fusion has been done by summing up intensities from high-pass 

filtered LE and low-pass filtered HE images, which are added to the original HE image. 

In order to reduce the newly introduced streaks in the fused DE image between the 

copper-elements, an additional MAR correction step has been applied. Figure 5 (d) shows 

FSMAR corrected fused DE data by combining high and low frequencies of original and 

ANMAR corrected data. The ANMAR approach seems suitable for this particular 

specimen, since the copper-grids are aligned in a row and only a few projection images are 

affected by the maximum penetration length of copper. At these particular angular steps, 

the original projection images are considered with a lower weighting factor in the weighted 

sum of original and NMAR corrected projections. The combination of the fused DE and 
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MAR correction methods is resulting in fewer artefacts compared to the LE scan and is 

showing a better image quality in terms of noise and contrast compared to the HE scan. 

Material inhomogeneities located close to the copper-grid are retained after the MAR 

corrections.  

Nevertheless, there are two drawbacks. The dark and bright streaks, between 

copper-elements in the centre of the sample, which have been introduced by the image 

fusion, cannot be corrected completely by the FSMAR approach. The interpolation of 

copper-areas located close to the surface (left part of the specimen) is leading to new 

interpolation artefacts in terms of a white stripe parallel to the surface. Nevertheless, Q-

values are indicating an improvement in terms of image quality. Figure 5 (d) is showing the 

highest Q-value for the fused DE, which has been corrected by FSMAR. 

 

 

Fig. 5. XCT-slice images of raw (a-d) and MAR processed data (e-f) of CFRP specimen with copper-grid 

3.3 Part C (high voltage cable) 

The high voltage cable with an aluminium-conductor, copper screen wires and copper-tapes 

is leading to heavy metal artefacts. Artefacts arising from the aluminium-conductor lead to 

the formation of circular artefacts which induce the impression of a layered structure inside 

the insulating plastic material. Besides that, copper-elements close to the surface are 

causing bright and dark lines, hiding potential inhomogeneities in the insulating material. 

Therefore a beam-hardening correction (BHC) and suitable MAR methods have been 

applied to the raw data. Figure 6 shows a comparison of axial slice images of raw (a) and 

BHC corrected data (d). BHC shows quite significant improvements by nearly completely 

removing all modulations originating from the aluminium-conductor in the insulating 

plastic regions. 

The ANMAR approach has not been applied to this data, since no significant 

artefact reduction is expected due to cylindrical symmetry of the specimen and symmetrical 

arrangement of metal components. Figure 6 (b) and (e) show the results of the FSMAR 

method, achieved with an automatic segmentation (simple thresholding) of both copper 

screen wires and copper-tapes. This leads to additional artefacts in the image, indicated by 

the orange dotted circle, since large areas of the sinogram are completely deleted and need 
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to be replaced by interpolated values. Figure 6 (c) and (f) show the results of FSMAR with 

a modified segmentation without considering the copper-tape, as indicated in the inserts in 

(c) and (f). For removing the copper-tape from the segmented binary image, manual user 

input is required. Figure 6 (c) and (f) are showing the best results in terms of artefact 

reduction with less interpolation artefacts arising from positions of the copper-tapes. For 

both with and without BHC corrected raw data, the FSMAR method is resulting in higher 

Q-values and thus indicating a better image quality. Figure 6 (f) shows overall the highest 

Q-value, which corresponds to a combination of BHC and FSMAR corrected data. 

 

 

Fig. 6. XCT-slice images of raw (a) and MAR processed data with (b) and without segmentation of copper-

stripes (c) of a high voltage cable as well as beam hardening corrected (d) and MAR processed data (e-f) 

4. Conclusions  

Sinogram-based inpainting methods for MAR can lead to significant improvements of 

image quality, which has been quantified by the image quality measure Q. Since Q is 

sensitive to strength of artefacts, noise and image blur, it may not identify images with e.g. 

the least amount of streaking artefacts. The correction methods ANMAR and FSMAR have 

been successfully applied to industrial applications with different sample sizes and material 

combinations, showing less streaking artefacts, better image quality and gain in information 

by an improved detectability of material inhomogeneities. 

Successful data restauration depends on the input data quality, on the amount of 

data which has to be interpolated and on the positions of the deleted metal traces within the 

sinogram. There are certain limitations to the sinogram-based inpainting methods. If large 

areas of the sinogram are completely deleted, interpolation may lead to additional artefacts 

in the image. In order to achieve best image quality, segmentation and interpolation have to 

be applied carefully and might have to be optimized individually for a certain measurement 

tasks. Additional input in form of dual energy can lead to an improvement in terms of 

image noise, but at the cost of an additional scan. 
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