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Abstract

In computed tomography, artifacts caused by metal objects pose a major challenge, as they severely degrade the final image.
Reduction of these artifacts is a topic of ongoing research, and many possible approaches have been developed so far. Among
these, projection completion methods are effective and reasonably simple to implement compared to others. The most effective
of these methods require a prior image, a synthetic, artifact-free representation of the data. This prior is used to recover data
obscured by the metals and thus reduce the presence of potential secondary artifacts, but it may not be trivial to obtain especially
in industrial computed tomography, where sample variability tends to be high. Traditional methods of prior generation are
often based on multi-segmentation of a preliminary tomographic slice, which requires substantial a-priori knowledge about the
scanned sample, its morphology, and the materials it is made of. This is a major limit for applications where such information is
not readily available. Initial results for a more flexible method of prior image generation based on sinogram decomposition are
presented here. The goal of this method is to decrease the need to fine-tune parameters for different samples and make it possible
to use existing advanced metal artifact reduction methods in new fields.
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1 Introduction

Many samples in industrial computed tomography (CT) contain metallic components [1], which lead to the formation of
disturbing streak artifacts in the reconstructed CT slices. These metal artifacts are caused by a combination of phenomena,
including beam hardening, scattering, and photon starvation [2, 3]. These cause the acquired data to violate the assumption of
linearity required in conventional tomographic reconstruction algorithms [3].

Metal artifact reduction (MAR) in CT is an area of active and intensive research [2, 4]. Approches to MAR include adjustment
of acquisition parameters [5], processing of projection data [6, 7], iterative reconstruction [8], dual-energy CT [9], and others [2].
Among these, the projection completion approach stands out as a versatile and reasonably effective MAR strategy, especially for
cases when metals take up only a relatively small portion of the scan field of view (FoV). The main idea of projection completion
approaches is to find projection data obscured by metals and replace them with synthetic, metal-free data. Such methods can
augment existing CT data processing workflows without much difficulty, which is an advantage over MAR methods based on
iterative reconstruction or dual-energy CT.

Some of the most popular and best-performing methods in this category, such as the normalized MAR (NMAR) algorithm
[2, 6], require a prior image, an image of the artifact-free scene. The added requirement of a prior image is limiting. Most
projection completion MAR approaches have been developed for medical CT [4], where the scanned scene, a patient‘s body,
is well-documented and there is relatively little inter-patient variability. This context makes it feasible to create prior images
using simple and standardized automatic processing and segmentation of CT slices. Prior creation methods which do not require
segmentation have been developed [10–13], but these are still primarily designed for the medical sphere. Some of the methods
may be transferred over to industrial applications, such as the the fusion prior of Wang et al. [10] and the hybrid iterative approach
of Zhang et al. [11]. However, the former still requires parameter tuning and its performance can decrease in the presence of
strong bright streaks, and the latter requires the use of an iterative algorithm, which may be computationally demanding.

In industrial applications, the high variability of scan settings, sample shapes, and materials complicates the prior image
generation process. This process should ideally be fully automated to ensure flexibility for different sample types, while providing
a close enough approximation of the sample‘s geometry. Such prior generation approaches can potentially broaden the scope
of prior-based MAR methods to fields where they were too impractical to implement otherwise. This work presents such an
approach aimed at minimizing the need for sample-specific tuning, which we call Flexible Prior Generation (FPG). First, NMAR
is introduced as a representative projection completion MAR method, which is used to test the generated priors. Next, the FPG
algorithm itself is described. After that, the datasets used for testing and evaluating the approach are presented, and the testing
framework is laid out. FPG is compared to a manually segmented reference prior image both directly and in the context of
NMAR performance. Finally, results of the tests are summarized and discussed.
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2 Material and Methods
2.1 NMAR

In projection completion MAR methods, the metal trace in projection data is treated as unreliable and replaced by synthetic
interpolated values. The resulting projections are then reconstructed, yielding slices with a reduced presence of metal artifacts in
the areas around the metal parts [2, 4]. However, naïve interpolation of sinogram data may create new inconsistencies in projec-
tions, which leads to secondary streak artifacts [2, 14]. To avoid this, some advanced methods use more sophisticated inpainting
[2, 15] or deep learning [16]. Others use a prior image to ensure better correspondence between the preserved projection values
and the new synthetic data [2]. The normalized MAR (NMAR) algorithm [6] is one of the most prominent approaches in this
category [2].

The relative simplicity and effectiveness of NMAR is why it is used in this work to test the efficacy of FPG. Its modularity
allows many of its steps to be substituted without much trouble. This work focuses on the prior image creation step, replacing it
by the FPG approach.

The NMAR approach is summarized in fig. 1 [6]. An initial reconstruction (b) is created from the original projection data
(a). Metals in this image are segmented (c), and their shadow in projections is localized by reprojection (d) of the segmentation
(metals can also be localized directly in projection data [17], although this is much less common [2]). A prior image is then
created (e) – the original work [6] uses multi-thresholding (with optional smoothing before segmentation) to divide the initial
reconstruction into regions of different materials. The prior image may also be obtained by other means, including preliminary
metal artifact reduction in the projection or image domain [2]. A reprojection of the prior image (f) is used to normalize the
original sinogram data before interpolating in the metal trace, and denormalize them after (g). Here, normalization refers to a
pixel-wise division of sinogram values by the values of the reprojected prior. Normalization “flattens” the projection values,
which makes replacement of values inside the metal trace easier. The subsequent denormalization (pixel-wise multiplication by
the reprojected prior) reintroduces structures that were obscured by the metal and that interpolation alone cannot recover. The
corrected set of projections is then reconstructed to yield an image with reduced artifacts (h).

Figure 1: A condensed schematic of NMAR, using a version of the FPG approach to generate the prior image.
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2.2 Flexible Prior Generation

The FPG approach (illustrated in fig. 2) is based on the decomposition of the sinogram into sine-like curves (s-curves), as
described by Zamyatin and Nakanishi [18] and others [17]. As such, it has been inspired by the works of Liu et al. [17], Li et
al. [15], and Nam and Baek [19], who also employ sinogram decomposition in some capacity for MAR. However, while these
works are developed for inpainting in the sinogram domain, the main goal of this method is to directly output an image with a
reduced presence of metal artifacts in the CT domain.

The inputs for FPG are the raw sinogram data and the metal trace, which can be obtained using e.g., reprojection of an initial
reconstruction segmented by an appropriate threshold. FPG takes the sinogram and “reconstructs” it into a CT slice using what
will be referred to as the s-curve space. This slice then serves as the prior image.

First, the metal trace in the input sinogram is removed, and the gap is filled in with interpolated values. This modified sinogram
is then filtered view-by-view in the frequency domain using a ramp filter. Since the metals have been replaced by interpolation,
their influence on surrounding values during ramp filtration is decreased. View-by-view nearest-neighbor interpolation was used
in this work to make metal areas in close proximity to valid sinogram values as flat as possible. The values inside the trace are
removed again after filtration, as they are not needed anymore. The filtered sinogram is then decomposed into sine-like curves,
or s-curves. Each s-curve groups values of rays that passed through a single point in the scanned volume during acquisition. Its
particular shape depends on the scanner geometry, and its amplitude and phase are given by the location of the chosen point in
space. Thorough mathematical descriptions of s-curves have been featured in prior literature [15, 18]. For each s-curve, values
outside the metal trace are averaged to yield the final value for a pixel in the prior image.

The rationale behind FPG is that decomposing the sinogram allows for easier handling of the removed metal trace. Only the
values outside the metal trace contribute to a pixel in the prior image, and taking the mean of these values effectively compensates
for the varying amount of unobscured data along the s-curve. This approach of populating the prior image by mean values of
s-curves will result in missing values in regions entirely obscured by the metal trace. These regions can be filled in by an
appropriate interpolation method. Here, the built-in Matlab function regionfill was used for 2D interpolation, which smoothly
interpolates inward from pixels on the edges of missing regions. These regions for interpolation should be slightly expanded, as
the low amount of information close to the metals may result in inappropriate values being extracted from the s-curves. A disk
with a radius of three pixels was used as the structural element for dilatation in this case.

Figure 2: An illustrated flowchart of FPG. The red s-curve in the filtered sinogram is a straight line in s-curve space, and
corresponds to a single point in the prior (also shown in red). The slice through s-curve space shown here corresponds to the
green line in the prior image.
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2.3 Implementation and Evaluation

Two datasets were used for testing: a plastic tape containing molybdenum wires (dataset 1), and a power plug adapter (data-
set 2). Scan parameters of these datasets are summarized in table 1. Dataset 1 represents a high-resolution measurement with
a quazi-parallel beam. The sample contains a relatively low amount of metals with regular, convex shapes. Dataset 2 is a more
typical cone-beam micro-CT measurement, where the amount of metals is more substantial, and the metal shapes are more
complex.

Table 1: Scan parameters of the two test datasets.

Dataset 1 2

Sample Tape with molybdenum wires Power plug adapter
Scanner Rigaku nano3DX Waygate/GE phoenix v|tome|x L 240
Voxel size 5.11 µm 50 µm
Projection width 510 px 1300 px
Number of projections 411 1800
Scan range 185° 360°
Tube voltage/current 40 kV/30 mA 200 kV/0.25 mA
Anode material Cu W
Filter None 0.5 mm Cu

The primary focus of this work is to use FPG to generate an adequate prior image for a wide array of samples with ideally no
need for manual intervention such as refinement of algorithm parameters. The FPG prior is therefore compared quantitatively
and visually to a prior created using manual segmentation. For quatitative assessment, a root-mean-square difference (RMSD)
between the FPG and manual priors, normalized to the value range of the FPG image, is used.

Secondarily, the FPG prior was used in the NMAR algorithm, and the results with reduced artifacts were compared objectively
using the standard deviation of reconstructions (stdMAR) [20], and the Euclidean distance of reprojected data and original projec-
tions (dMAR) [21]. The stdMAR metric works with the assumption that metal streak artifacts increase the overall standard deviation
in the image, so a decrease in this value is desirable. It is a relatively non-specific, but intuitive and easily interpreted MAR
metric. The dMAR metric uses the original projection data as a ground truth that can be compared to a reprojected MAR dataset
via an appropriate norm of their difference. It is much more sensitive to erroneous changes from the original data than stdMAR.
Here, values of both metrics are given relative to values calculated for original uncorrected data (stdMAR/stdOrig and dMAR/dOrig)
and in both cases, lower values are better.

The FPG approach and all other MAR and evaluation algorithms were implemented in Matlab R2020a (Mathworks, Natwick,
MA, USA), and tomographic reconstruction and reprojection was performed using the ASTRA toolbox, version 2.0 [22, 23]. A
cosine filter with a frequency cutoff at 0.85× the maximum spatial frequency was used for ramp filtration during both prior image
creation and reconstruction. For the interpolation step of NMAR, the regionfill function was used to smoothly interpolate in the
metal trace in 2D. Metals were detected in an initial reconstruction using Otsu’s thresholding [24] (for dataset 1) and balanced
histogram thresholding [25] (for dataset 2).

3 Results and Discussion

The FPG prior generated for dataset 1 is shown in fig. 3. The FPG method produces a slice that is morphologically consistent
with the reference manual prior, with minimal metal artifacts, and an RMSD of 0.0242. Most differences can be attributed to
noise, faint residual streaks, and distorted values close to the original positions of metals. The low amount of metals means
that distortions are not very pronounced. The reconstructions using both priors are very close visually and numerically (fig. 3,
table 2).

Figure 3: Original reconstruction and priors for dataset 1. (A) original reconstruction without MAR, (B) the FPG prior, (C)
reference manual segmentation prior, and results of NMAR using FPG (D) and the manual prior (E).
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For dataset 2 (fig. 4), the higher amount of metals causes FPG to be less effective. Edges that are grazed by x-rays passing
through metals are not recovered properly. Additionally, some regions that are not metals, but are obscured by metals in all
projections, are lost as well. As a result, these priors show an increased RMSD of 0.0380. Although this value is still somewhat
low, visual inspection reveals that it corresponds to much more severe distortions than in dataset 1. When applied as part of
NMAR, the errors in the FPG prior carry over to the final reconstruction, whereas in NMAR using the reference prior, these
artifacts are removed and only minor distortions remain, mainly due to incomplete segmentation of metals. Dataset 2 clearly
showcases the current limits of FPG.

Quality assessment of the results of NMAR using the FPG and reference priors is listed in table 2. For dataset 1, the results of
both metrics are comparable for both NMAR using FPG and the reference prior, suggesting very good performance of FPG for
similar datasets. In the case of dataset 2, stdMAR/stdOrig does not reveal a significant difference in performance of both versions
of NMAR, but dMAR/dOrig reveals that NMAR using FPG falls significantly short of the reference.

In summary, FPG performed on par with the reference manually segmented prior when the amount of metals was low in the
sample. In the case when the metal presence was more substantial, FPG was not able to recover all information, leading to a
result that was not on par with the reference. The FPG method shows potential, but for more complicated cases, it needs to be
extended by operations similar to the eigenvector-guided [15] or adaptive least-squares [19] inpainting approaches described in
related literature in order to recover the structure of projection data obscured by metals more effectively. The various possible
options for the analysis of s-curves in CT make FPG a good candidate for improvement in a number of possible ways. It should
be noted that the use of FPG is not necessarily restricted to NMAR, and it may also be adapted for other MAR algorithms,
which are described in [2]. In the future, the FPG algorithm can be extended to better handle cases when regions are completely
obscured by metals, when metals have complex, concave shapes, and when information about certain edges is missing.

Figure 4: Original reconstruction and priors for dataset 2. (A) original reconstruction without MAR, (B) the FPG prior with
missing data (i) and blurred edges (ii), (C) reference manual segmentation, (D) NMAR results with the same errors as in the prior
in (B), and (E) results of NMAR with the manual prior, with only minor residual distortions (iii).

Table 2: Quantitative results of NMAR reconstruction using the FPG prior and a reference manually segmented prior.

Dataset Prior used for NMAR stdMAR/stdOrig dMAR/dOrig

1
FPG 0.22817 0.68111
Reference 0.22888 0.69801

2
FPG 0.55324 0.75154
Reference 0.57529 0.47396

4 Conclusion

FPG, a prior image generation algorithm for projection completion MAR methods, was implemented and tested in this work.
Based on sinogram decomposition, the approach offers increased flexibility and less reliance on parameter tuning compared to
other methods, and is thus more suited for industrial high-resolution CT applications. The approach currently provides good
prior images for simpler cases with low amounts of metals, and it requires minimal to no sample-specific parameter tuning.
However, while the feasibility of such an approach was demonstrated, this work also shows the limitations of the current form of
FPG. Among these limitations are larger amounts of metals and metal pieces with complex, non-convex shapes, which obfuscate
significant details in the projections. Because FPG is based on the analysis of s-curves, it can be extended in a number of ways,
which can exploit various more obscure properties of sinogram data and possibly significantly improve the resulting prior image.
This leaves an opportunity for future developments and upgrades of the FPG method.
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