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Abstract: Spectral X-ray computed tomography (SCT) is an emerging method for non-destructive
imaging of the inner structure of materials. Compared with the conventional X-ray CT, this technique
provides spectral photon energy resolution in a finite number of energy channels, adding a new di-
mension to the reconstructed volumes and images. While this mitigates energy-dependent distortions
such as beam hardening, metal artifacts due to photon starvation effects are still present, especially for
low-energy channels where the attenuation coefficients are higher. We present a correction method
for metal artifact reduction in SCT that is based on spectral deep learning. The correction efficiently
reduces streaking artifacts in all the energy channels measured. We show that the additional informa-
tion in the energy domain provides relevance for restoring the quality of low-energy reconstruction
affected by metal artifacts. The correction method is parameter free and only takes around 15 ms per
energy channel, satisfying near-real time requirement of industrial scanners.

Keywords: spectral convolutional neural networks; spectral X-ray CT; metal artifact reduction;
computed tomography; non-destructive evaluation; spectral deep learning

1. Introduction

Spectral X-ray computed tomography (SCT) is an emerging technique for enhanced
non-destructive investigation of inner features of objects. In SCT, the energy dependence of
the linear attenuation coefficient (LAC) of materials is measured with the aid of detectors able
to discriminate the energy of the incoming photons in a discrete number of energy channels.
It has been demonstrated that using this technique yields enhancement of the contrast-to-
noise ratio (CNR) [1–4], the characterization of materials [5,6] and the discrimination of
threat objects [7,8]. However, this technique still suffers from degrading effects, such as
photon starvation, caused by the presence of high attenuation materials (e.g., metals). This
effect yields severe streaking artifacts in the reconstructions that typically originate from a
metallic object and extend further, overlapping with the other objects or materials present in
the volume. The metal artifacts not only degrade the graphic quality of the reconstructions,
but also additionally challenge the quality of segmentation and thus, the classification and
characterization of materials. For these reasons, metal artifact reduction (MAR) methods
are key to the accurate and precise performance of a CT scanner both in medical [9,10] and
non-destructive testing fields [11,12].

The goal of a MAR algorithm is to improve the quality of the reconstructions by
removing the streaks while preserving the real features. This can be conducted in a pre-
reconstruction approach by applying a correction algorithm in the sinogram domain. This
is typically conducted by adaptive interpolation of the photon-starved detector pixels in the
projections. Alternatively, MAR can be conducted in a post-reconstruction step, by directly
attempting to remove the streaks and restore the LAC values of the materials. However,
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these traditional correction methods typically require a high amount of prior knowledge
for iterative regularization, are tailored ad-hoc for certain applications, and fail to offer a
generalizable solution. Convolutional neural network (CNN) architectures have shown
a lot of success recently in fields such as computer vision and image classification and
segmentation [13–15]. In the field of X-ray CT imaging, several studies using deep learning
methods have shown promising results in MAR [16–18], scattering correction [19,20], ring
artifact reduction [21], and reconstruction in low-dose regimes [22,23]. However, most
of this work is restricted to conventional energy-integrating CT applications. When SCT
is considered, these architectures and algorithms can be used for each energy channel
individually, but this easily becomes inefficient and would neglect trends and signal
coherence embedded in the spectral domain.

In order to include spectral domain information, we adopt a CNN architecture de-
signed for biomedical image segmentation, namely U-Net [24]. This is an encoder-decoder
network type. The encoder sub-network takes an image as input and recursively generates
a higher dimensional vector of feature maps (with information on the features of the input
image). The decoder sub-network takes the feature maps and inverts the steps to recon-
struct an image in the same domain as the input. Metal artifacts are imaging artifacts that
span the entire spectral domain, meaning that the spectral channels are semantically inter-
connected. Therefore, in order to recover structural information in lower energy spectra
from higher energy spectra, we need to connect the channels, and thus need to perform
the 3D convolution—a 2D, per-spectrum imaging filtering disassociates the spectra and
thus does not yield the target effect. Çiçek et al. [25] presented a 3D U-Net architecture for
volumetric segmentation, which replaces all the 2D operations with their 3D counterparts.
In this work, we use a similar architecture for 3D data, but we use the third dimension for
the energy domain. To the best of our knowledge, this has not been done before.

The importance of the information in the spectral domain has been confirmed in
related work. A CNN-based SCT method that includes information in the spectral domain
is that of Wu et al. [26]. This method is designed to obtain an improved SCT reconstruction
if the signal is Poisson noisy, but MAR is not addressed. A few CNN-based SCT methods
do address MAR [27,28]. They use a network with a U-Net architecture to take a dual
energy signal and convert it (in different ways) into a virtual monochromatic image with
significantly reduced metal artifacts. These methods were only tested in simulations and the
spectral information was traded for MAR. We propose a method that retains the spectral
information while also achieving MAR. The method is conceived and can be applied
to general SCT applications; however, in this manuscript we fine-tune the training and
evaluate experimental data in particular for use in luggage scanners.

2. Methods and Techniques

The overarching goal of the method presented in this manuscript is to remove the metal
streaking artifacts from energy-resolved reconstructions measured using SCT. In SCT, the
level of photon starvation depends on the LAC properties of the materials. It is thus an
energy dependent phenomenon and there may be samples for which the artifacts appear
in the low-energy channels but not in the high-energy ones. This is of great value as the
information regarding geometrical features, shapes and material physical properties can be
extracted from the artifact-free high-energy domain and used to restore the reconstruction in
the artifact-affected low-energy domain. In our approach, the MAR is performed in a post-
reconstruction step with the aid of a spectral CNN architecture. The CNN is trained using
a data pair consisting of the metal artifact-affected and ground truth (artifact-free) recon-
structions. Once trained, the CNN can directly correct metal artifacts from reconstructions.
Figure 1 summarizes our approach in a block diagram.



J. Imaging 2022, 8, 77 3 of 14
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Figure 1. A sketch of the MAR correction using spectral CNN. The 3D volume of the ground truth
phantom of the materials is given as input to the McXtrace software package to obtain physically
modeled spectral sinograms via X-ray tracing simulations. These are reconstructed into metal artifact
affected volume reconstruction, using the ASTRA [29] toolbox. For each vertical slice of the object’s
3D volume, a pair of ground truth and reconstructed spectral volumes (where the third dimension is
now the energy channel) is given as input training data in the CNN architecture (black arrow). Once
trained, the CNN architecture corrects directly the metal-artifact affected spectral slices (gray arrow).
The metal objects are visible as the lighter gray items.

One of the key factors to the success of the CNN corrections is the quality of the training
data, i.e., how well the samples generalize the problem to be solved. With our architecture,
an image set for training is a pair of distorted and ground truth spectral images, which, in
a real acquisition, correspond to the measured and desired corrected images. Depending
on the difficulty (in terms of generalization) of the problems that we aim at solving using a
CNN, the quantity and variety of the training data must be adjusted. In the literature, as a
rule of thumb, at least a few thousand sets of training data are required to model realistic,
non-trivial imaging problems. Such a large number is generally achieved by relatively
simple data augmentation steps, in which elementary operations such as Gaussian noise
filtering and affine transformations are applied to the input data. The training data can
either be generated starting from real experimental data or simulation data. Alternatively,
efficient solutions have been found by a first step training with synthesized simulation
data, followed by a second training step with experimentally measured data. For most
applications, experimental training data are hard and slow to generate in sufficient amounts.
For metal artifact corrections, for example, the ground truth would be the results of iterative
correction algorithms or manual correction of the measured data.

In the following, we present a method for generating training data based on physical
models of photon-matter interactions (Section 2.1) and then our spectral CNN architecture
(Section 2.2).

2.1. Training Data

In this work, the ground truth training data are generated with the aid of a software
tool for CT phantoms presented by Kazantsev et al. [30]. Using this tool, we generated arti-
ficial phantoms composed of different materials using randomly-parametrized elementary
shape geometries, such as ellipsoids, parallelepipeds and cubes, which are represented as
implicit surfaces. The materials are randomly chosen from a list of materials that can be
commonly found in luggage and include at least two metals. The LACs of the materials
were obtained with a combination of in-house spectral LAC measurements of materials
with known density, and entries from the XCOM database [31]. In addition, each phantom
includes multiple metallic objects of either copper, gold or tungsten, to enforce the appear-
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ance of metal artifacts in the reconstructions. Figure 2 shows a few realizations of random
phantoms.

Figure 2. Two 3D representations of the randomly generated phantoms. A cuboid (left) and an
ellipsoid (right) envelope, containing objects with randomly chosen shape, size, center coordinates
and material composition.

The metal artifact-affected reconstruction are produced via modeling the forward
projection with the sample component for SCT simulations presented by Busi et al. [32]. The
toolkit is powered by McXtrace [33], a software package for Monte Carlo (MC) X-ray tracing
simulations and experiments. The ground truth phantoms are given as input and used to
simulate the energy-resolved projections. The scattering noise is ignored and incorporated
in the photon cross section attenuation to save computational time in the simulations. Each
energy-resolved sinogram is reconstructed channel-by-channel using the CUDA version of
the SIRT iterative reconstruction algorithm in the ASTRA toolbox [29]. The reconstructions
match with their respective ground truth but they have streaking metal artifacts, due to the
inclusion of the photon statistics in the simulation. The statistical noise leads to fluctuations
from a noise-free value, which are stronger for metals than for lower Z (atomic number)
elements. Thus, we get streaking in the reconstructions because we do not simulate the 3D
volume but individual projections.

Once the full set of the training data designed for the CNN learning is generated, the
dataset pairs are split and grouped into training data, validation data and test data. The
training data consists of the samples that are used by the network to fit the parameters
at each epoch. The validation data are excluded from the training of the network and
used after the fitting at each epoch to tune hidden-layer parameters, avoid overfitting
and evaluate the convergence of the training. Similarly, the test data consists of samples
that are excluded from the training and are only used at the end of the overall training of
the network to analyze the performance of the trained CNN architecture in solving the
assigned problem. Experts in the field typically recommend to randomly divide the dataset
into 64% training data, 16% validation data and 20% test data [34]. The main advantage
of this method is that the ground truth is intrinsically available as it is part of the input
requirements of the simulations. In addition, the software package can be set such that it
uninterruptedly generates new training data with none, or minimal operator intervention
required. While it is generally recommended to use exclusively real training data, as it is the
best representation of the problem to be solved, it was not possible to obtain experimental
ground truth images. As such, the networks were fully trained with simulation data and
the corrections were tested on both real and synthetic data.

2.2. Spectral CNN Architecture

As this work focuses on spectral X-ray CT, the U-Net architecture present in litera-
ture required an adaptation that enables the extraction of the additional information in
the energy domain as well as to support three-dimensional data. This is a technical and
conceptual challenge because the spectral images are represented as large 3D matrices (e.g.,
256× 256 pixels, 128 energy channels, 32-bit floating-point pixel values), each of which
connected to its chain of weight maps for each network filter (i.e., the sub-unit of a layer),
which have to be kept in the memory of the graphics card at the same time. The architecture
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adopted in this work for SCT contains 3D convolutional layers that can extract information
from the spectral domain.

Figure 3 illustrates the 3D U-Net architecture built using Keras [35], a Python deep
learning library.

Figure 3. Sketch of the 3D U-Net architecture, with all the building blocks and filter types. The legend
inset in the lower right hand side corner shows the color code for the activation functions.

The network contains several layers of parameters that are recursively updated by
loss function optimization. The update of the parameters β can be expressed as:

β′ = arg min
β

L(β) + λΓ(β), (1)

where λΓ(β) is the regularization (or penalty) term and L is the loss function:

L(β) =
1
n

n

∑
i=1

L(yi, f (xi, β)). (2)

Therein, f is the activation function (or filter), which expresses how the input values xi

are related to the network predicted values ỹi. L represents the difference between the
network’s prediction and the target yi, and can be expressed in many ways (e.g., mean
squared error, mean squared logarithmic error, mean absolute error). The filter types used
by the CNN architecture appearing in the figure are listed and described below:

• Conv. 3D: These are layers of the network consisting of a defined number of 3D
convolutional filters with defined size. These filters are the main units (or neurons)
of the network as they contain all the coefficients being tuned during the training
process. Note that the number of filters at each step defines the fourth dimension of
the incoming dataset in Figure 3. The Rectified Linear Units (ReLU) apply the function
f (x) = max(0, x) to all the values in the input volume, which replaces all the negative
activation with zeros. ReLU is applied after each convolutional layer to introduce
non-linearity.

• Dropout: During training, some training entities (i.e., pixels) are randomly chosen and
ignored or, in other terms, dropped. This step is introduced to avoid overfitting, as
suggested by Srivastava et al. [36].

• MaxPooling: Max pooling refers to the step of applying a maximum filter to (usually)
non-overlapping sub-regions of the initial representation, and it is necessary to reduce
the dimension of the data while preserving the features. For example, a 3D MaxPooling
with size (2× 2× 2) halves the size data in each of the three dimensions.
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• UpSampling: Works as opposite of the MaxPooling operation. By default, this is
conducted by padding the matrix cells with zero values. Alternatively, the upsampling
can be carried out with interpolation.

• Concatenate: This step concatenates datasets along a chosen dimension. For example,
the concatenation in the first layer of the CNN architecture concatenates the data
preceding the MaxPooling and the data connected to the 4 filters convolutional layers,
both with a size of (96× 96× 32× 4), into a single data with size (96× 96× 32× 8).

Adam [37] was employed as the optimization algorithm, and the initial learning rate
was set to 1.0× 10−4 and the decay was fixed at 3.0× 10−7. The learning rate determines
how quickly the network parameters are updated at each step of the gradient descent
whereas the decay represents the diminishing of the learning rate after each update.

In this work, the initial spectral image was with size (96 × 96 × 32) although the
network can be adjusted to fit different image sizes. The image size chosen for this work
was relatively small to allow for a fast check of results with modifications of the network
and the training data. We avoid patch-based training, where smaller patches of the initial
images are used as input, because the image distortions and artifacts (which our method
corrects) are found in correlations across the whole image and thus represents non-local pixel
relations. Additionally, batch normalization is not performed because the network operates
with training data that have a globally variable value range. Instead, the image values are
converted into either attenuation or absorption via Lambert-Beer’s law. The batch size of the
network itself was set to 32 to satisfy constraints of the available hardware and the number
of parallel worker processes employed for data loading and augmentation.

The drawback of a 3D network like ours, and the limiting factor for applications to
physically measured data with large image sizes, is the exponential computation require-
ment. Existing hardware limitations govern the maximal depth of a 3D U-Net implementa-
tion, which prohibits the learning of higher-level logic and global data relations across the
image. The hardware limitations can be overcome in trivial scenarios by increased pooling
sizes, leading to a more aggressive downsampling of the input image data and a reduction
in the number of learning filters. This approach has limitations in practical implementa-
tions when a given minimum observation size for imaged features is required and when a
minimum number of features is to be extracted for the image correction. We observed a
significant loss of detail in the image correction due to hardware resources restricting the 3D
network to be relatively shallow (i.e., very few down/up sampling blocks) and operating
at excessively coarse resolution. A possible solution to this would be the integration and
subsequent combination of alternative architectures able to preserve resolution and detail
with respect to the spatial patterns as well as the spectral signal response of the data.

2.3. Issues Faced in MAR Development

The main issue faced when including highly attenuating materials in the training data
is the logarithmic nature of the LAC of materials. Since the metals have a value range that is
significantly superior to organic compounds, there is a biased training of the CNN architec-
ture. That is because the training relies on the tuning of convolutional filters by minimizing a
loss function, which is the difference between the two input images. Due to photon statistic
noise, the difference between the simulated and ground truth image is significantly higher
for the metal when compared with organic compounds. Consequently, low-attenuation
materials vanish from the images, as they are seen by the architecture as a noisy void, hence
replaced with zero values. On the other hand, in most cases the overarching goal of the
correction is not a mere streaking reduction but a restoration of the image features of the low
attenuating materials to efficiently perform further analysis routines. The solution proposed
and used in this work is a high attenuation thresholding, which consists in substituting LAC
values greater than the LAC of silicon with the corresponding values of silicon. This step is
carried out directly after the tomographic reconstruction and is justified by the fact that in
most SCT application the metals are not the objective of the data analysis but an intrusive
material that leads to artifacts. The CNN architectures are optimized to work with data
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normalized in the value range [0, 1]. Thus, the data undergoes an additional normalization
step in which each individual energy-dependent projection is remapped to the value range
[min, max] → [0, 1], and we observed that this greatly improved the performance of the
correction and the convergence speed during training.

A second concern in the data generation process is that the geometric shapes have great
impact on the performance of the correction itself. Depending on the application of the CT
itself, this imposes different conditions on the type of training data. For security screen-
ing scanners, ideally the CNN should have enough training data to learn all the possible
geometries. Of course, this is limited by the storage and computational time to generate
enough training data. In this work, the sample variation is restricted to relatively simple
geometries and the few entries for the number of projections preceding the reconstruction. In
an application focusing on luggage screening, objects could be scanned separately (including
material characterization and segmentation) to provide the simulation inputs with realistic
shapes for objects made of different materials.

Lastly, the aim of our MAR method is not only to restore the image quality by removing
streaks and enhancing contrast between different material (as in most existing work).
Our goal is also quantitative material characterization from physical properties. The
preservation and restoration of the effective LAC values is therefore important too. The
correctness of the physical models for generation of the training data thus becomes crucial
as incorrect models may introduce offsets in the material LACs after the MAR correction
has been applied.

3. Experiments

In this section, we present our MAR experiments with simulation data (Section 3.1) and
with a real measurement of a suitcase composed of many metal parts (Section 3.2).

3.1. Simulation Test Data

For the benchmarking of the spectral MAR correction using CNN, the training data
was generated using McXtrace with the following procedure. The number of individual
unique phantoms was set to 10, and a SCT scan of each was conducted simulating randomly
120, 90, 72, 60 or 52 projections with a cone-beam geometry collimation of the source and
a 256× 256 flat-panel 2D spectral detector with 32 energy channels and a detection area
of 204.8 mm× 204.8 mm (the choice is to match our available real detector specifics). The
energy channels are evenly distributed between 20 and 160 keV. The source-to-sample
and detector distances were set respectively to 816.6 mm and 1141.9 mm. This led to a
relatively high sample-to-detector distance, in order to minimize the scattering noise from
the sample for the real experiment planned as a successive step. Each energy-resolved
sinogram was reconstructed into a 3D volume using the ASTRA toolbox [29] and each
training dataset was extracted as a pair of slices of input ground truth and reconstructed 3D
volumes of the sample (see Figure 1). This resulted in a total of 925 training datasets split
into training, validation and test as described above. Note that not every slice has visible
metal artifacts due to the random composition of the phantom. Each slice pair was resized
into the dimension (96× 96× 32), by a spatial downsampling using bicubic interpolation,
to fit the CNN architecture and followed the normalization procedure described above.

The training was carried out for 50 and 250 epochs, for a total time of approximately
2 and 8 h respectively, to analyze the training performance against the number of training
epochs. Once trained, each metal artifact-affected slice is corrected in approximately 15 ms,
satisfying the near real-time requirement of industrial applications. Figure 4 features a com-
parison of two images, for the 29.4 keV energy channel, after training for 50 and 250 epochs.
Observing the lower-bound 50 iterations, the results demonstrate that the CNN struggles to
define whether an object should be full or hollow as modeled in the input data. This results
in a cupping effect that is seen at 50 training epochs but disappears at 250 training epochs.
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00.0914 0.08640.1501

Figure 4. MAR correction analysis of a simulation test training data for different amounts of training
epochs. The top row features the images for uncorrected data and corrected data, training the network
for 50 and 250 epochs, and the ground truth as comparison reference. The bottom row features the
absolute difference between the top adjacent images and the ground truth. The red arrow indicates
the cupping artifact induced by the CNN correction when the network is trained for 50 epochs. This
effect disappears when the network is trained for 250 epochs.

The performance of the correction is quantified in terms of the following metrics for
image quality:

• Root Mean Squared Error (RMSE):

RMSE =

√√√√ 1
Npix

∑
Npix

(µgt − µCNN)2, (3)

where Npix is the number of pixels in the ground truth (µgt) and CNN corrected (µCNN)
energy resolved reconstructions.

• Normalized Root Mean Squared Error (NRMSE):

NRMSE =

√
1

Npix
∑Npix

(µgt − µCNN)2

〈µgt〉 , (4)

which is RMSE divided by the mean of the ground truth pixel values.
• Mean Structural Similarity (MSSIM). Structural Similarity (SSIM) is a method for mea-

suring the similarity between two images presented by Wang et al. [38]. This method
returns an image with the same size as the input images, with values ranging from −1
to 1 taking maximum value when the two images are identical. In the MSSIM, a single
index value is calculated as the mean value over the SSIM image.

These are calculated for each uncorrected and corrected (for both 50 and 250 training
epochs) test data and reported in Table 1. The values reported in the table are calculated as
the mean of all test data.

The MSSIM increases significantly for both the 50 and 250 epochs trained CNN
corrections, meaning that the streaks are successfully corrected in most cases. The worse
NRMSE found for 50 epochs can be caused by either lack of training data diversity or most
probably due to the fact that the CNN training has not converged yet. For the rest of the
manuscript, the CNN was trained for 250 epochs for a total time of approximately 8 h
using a desktop PC equipped with NVIDIA Titan X (Pascal) and GeForce GTX 1080 GPUs,
256 GB RAM and an Intel(R) Xeon(R) E5-2637 v3 CPU.
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Table 1. Performance of the CNN MAR correction measured as the RMSE, NRMSE and MSSIM,
calculated between the input ground truth and CNN corrected data. The results are reported for the
uncorrected data and corrected data training the CNN for 50 and 250 epochs.

Data RMSE NRMSE MSSIM

Uncorrected 0.0035 0.12 0.926
50 epochs 0.0031 0.13 0.978

250 epochs 0.0020 0.09 0.990

Results and Discussion

Figures 5–7 represent a few examples of the MAR correction result.

0.0228

0.00760.0132

0.0337

0.1451

0.2712 0.0211

0.0073

Figure 5. Simulation test data. Example 1: slice of the reconstructed volume at different energy channels
when metal artifact affected (first row), MAR corrected (second row) and ground truth (third row).
Each column corresponds to a fixed energy channel and they were plotted using the same color map.
The color bar represents the LAC values. The inset number in the graphs reflects the RMSE value.

0.0071

0.00610.0096

0.0165

0.0842

0.1989 0.0046

0.0052

Figure 6. Simulation test data. Example 2: the object feature obscured by the metal-provoked streak
artifact is restored by the CNN correction. (Layout as in Figure 5).
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0.0242

0.01370.0209

0.0397

0.1708

0.2177 0.0205

0.0129

Figure 7. Simulation test data. Example 3: the object features are only partially corrected by the CNN
architecture due to severe artifacts. (Layout as in Figure 5).

In these figures, the top image is consisting of metal artifact-affected (Input), corrected
(CNN Correction) and reference input (Ground Truth) image slices at four of the thirtytwo
energy channels, corresponding to 29.4 keV, 62.7 keV, 98.0 keV and 132.5 keV. Note that
the color map in the images is identical for each energy channel (column).

The first example (Figure 5) is a slice where moderate metal artifacts are visible in the
first energy channel input images and in the vertical line profiles as an increase of the LAC
with respect to the ground truth. Note that the correction efficiently restores the LAC values
and smoothens the noise oscillations caused by either the presence of a metal in neighboring
slices or the limited number of projections. The drawback is an introduction of moderate
cupping, which could be solved by training the network for more epochs as discussed
above. The second example (Figure 6) displays in the first energy channel a strong streaking
metal artifact, which overlaps with a neighboring object provoking a partial disappearance
of its geometrical features. The artifacts decrease in intensity as the energy increases, to
a point where the shapes become clearly visible. This case demonstrates the advantage
of spectral X-ray CT over conventional techniques as the CNN architecture utilizes the
information on the material LAC and shape in the higher energy channel to restore the
image quality in the metal artifact affected low-energy channels. However, in cases like the
third example (Figure 7), where the LAC values of the compounds affected by the streaks
are lower (compare the LAC in the vertical axes in Figures 6 and 7), the streaks extend to
higher energy channels, challenging the performance of the MAR correction. Nevertheless,
the correction still succeeds in removing the streaks, leading to an enhanced image quality.

3.2. Experimental Test Data

The same CNN architecture that was trained with MC simulation data was then tested
with real metal artifact-affected datasets. A suitcase composed of several metal parts was
filled with objects commonly found in luggage and scanned with the spectral X-ray CT
technique. The geometry and source settings were set to resemble the one in the simulations
to generate training data and 75 projections were taken. As opposed to the simulations, the
source was collimated into a fan-beam geometry to have a reduced amount of scattering
noise while still having streaking artifacts due to metals. Each vertical slice of the object
was measured by vertically translating the sample stage. The difference between the two
reconstruction geometries is that vertical slices from the cone-beam reconstruction may
have artifacts that are caused by metals belonging to adjacent slices, whereas this is not
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found for fan-beam geometry. The measured data processing routine followed the SCT
procedure described by Busi et al. [6], rebinning the energy channels into 32 to match
the simulation data. The adopted reconstruction algorithm was an iterative ART with TV
regularization, presented by Sidky et al. [39], which was proven particularly efficient in
case of few-projection CT scans. Each reconstruction slice was corrected using the CNN
trained for 250 epochs and merged to reform the 3D volume stack.

Results and Discussion

Figures 8 and 9 display slices and 3D volumes of the uncorrected and corrected suitcase,
obtained by stacking each vertical slice. Note that the MAR correction effectively cleans the
reconstructions from most of the streaking metal artifacts, except for a few cases in which
they are predominant in the images (see for example Figure 8).

The drawback of our correction technique (in its current version) is a slight degradation
of feature resolution, which manifests as blurring and dampening of LAC values of small
metallic objects, and in some cases (especially in the first energy channel) as cupping artifacts
in homogeneous materials. This could potentially be prevented by including more training
data with objects of more diverse shapes and material compositions. Alternatively, the
introduction of an objective function in the loss function minimization during the CNN
training could identify and segment geometric features that are typically less artifact-prone
in the intermediate energy channels and project them into the lower energy channel images.

Note that, as opposed to the simulated data, the high-energy channels are dominated
by noise due to low photon statistics, indicating an eventual mismatch in the spectrum
modeling. Interestingly, a circle shaped artifact (marked with a red arrow) that appears in
the first energy channel image of Figure 8 is successfully removed by the MAR correction,
possibly due to the absence of it in the higher energy channels.

Figure 8. Slice of the suitcase for the input (first row) and CNN-corrected (second row) data at
different energies and the absolute difference between the two (third row). Note that each column,
corresponding to a fixed energy channel, has identical color map. The red arrow indicates a hollow
object look-like artifact, which does not appear in the higher energy channel and is efficiently removed
by the correction.

The comparison of the 3D volumes of the input and corrected suitcases in Figure 9 high-
lights the overall result of the MAR correction. Note that each pair at a fixed energy channel
is shown with identical value range of the color map, to emphasize the CNR comparison, as
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the overarching goal is the material discrimination and thus, contrast between the different
objects enclosed in the suitcase. A significant improvement of the overall reconstruction qual-
ity is observed in the low-energy channel volume with only a moderate blurring drawback
caused by the MAR correction (see Figure 9a). On the other hand, the correction does not
seem to deliver a significant improvement in the intermediate energy channel (Figure 9b) as
the noticeable streaking reduction from the CNN architecture does not reduce with the loss
in feature resolution. We envisage that further developments in the architecture and eventual
ad-hoc tuning of the training data to be similar to real suitcases can narrow the gap between
our results and ideal corrections.

a) b)

Figure 9. Input and MAR corrected 3D volume reconstruction of the suitcase at 46.3 keV in (a) and at
98.0 keV in (b). The CNN correction clearly reduces most of the artifacts increasing dramatically the
quality of the reconstruction.

4. Conclusions

We have presented a method for metal artifact reduction in spectral X-ray CT reconstruc-
tions. As a part of our method, we introduced the concept of a spectral CNN architecture.
Our approach learns features from the energy domain and thus extends the range of the
problems that we can successfully correct for. The main advantage of our method is that
it can be generalized and adapted for the problem at hand as the a priori information
required for the correction is intrinsically incorporated into the simulated training data. The
correction step for real measured data is then parameter-free and with near real-time speed,
satisfying the requirements of real scanners. The performance of our method depends
highly on the quality of the training data and how well its variety generalizes the problem.
We found that training data generation can be a slow and in some cases complex proce-
dure that needs to be tailored according to the desired application. However, this aspect
becomes simpler in cases where the diversity of the objects under inspection decreases. In
our examples mimicking use cases in luggage scanning for airport security, our correction
always successfully improved the results. The current limitation of our correction method
is the introduction of mild blur in the reconstruction, which is mainly due to computational
hardware limitations. Due to the extremely large size of spectral reconstructions (3- or 4-D),
the input data was downsampled in size losing high-resolution features. Likewise, the
spectral CNN architecture was relatively limited in the layer depth and in the number and
size of the convolutional filters (weight tensors). For these reasons, high-resolution scanners
with a large data size may require further adaptations of the architecture or fragmentation
of the datasets into smaller patches followed by a successive merging.

Author Contributions: Conceptualization, M.B. and U.L.O.; methodology, M.B., C.K. and J.R.F.;
software, M.B. and C.K.; validation, M.B. and C.K.; formal analysis, M.B. and J.R.F.; investigation,
M.B. and C.K.; resources, U.L.O.; data curation, M.B.; writing—original draft preparation, M.B.;
writing—review and editing, M.B., C.K. and J.R.F.; visualization, M.B. and U.L.O.; supervision,
U.L.O.; project administration, U.L.O.; funding acquisition, U.L.O. All authors have read and agreed
to the published version of the manuscript.



J. Imaging 2022, 8, 77 13 of 14

Funding: M.B. acknowledges funding from DanScatt. U.L.O. acknowledges EIC FTI program
(project 853720) for funding. J.R.F. acknowledges Innovation Fund Denmark projects 0223-00041B
(ExCheQuER) and 5150-00030 (CIL2018) for funding.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Shikhaliev, P.M. Energy-resolved computed tomography: First experimental results. Phys. Med. Biol. 2008, 53, 5595. [CrossRef]

[PubMed]
2. Anderson, N.; Butler, A.; Scott, N.; Cook, N.; Butzer, J.; Schleich, N.; Firsching, M.; Grasset, R.; De Ruiter, N.; Campbell, M.; et al.

Spectroscopic (multi-energy) CT distinguishes iodine and barium contrast material in MICE. Eur. Radiol. 2010, 20, 2126–2134.
[CrossRef] [PubMed]

3. Fornaro, J.; Leschka, S.; Hibbeln, D.; Butler, A.; Anderson, N.; Pache, G.; Scheffel, H.; Wildermuth, S.; Alkadhi, H.; Stolzmann, P.
Dual-and multi-energy CT: Approach to functional imaging. Insights Imaging 2011, 2, 149–159. [CrossRef]

4. Rebuffel, V.; Rinkel, J.; Tabary, J.; Verger, L. New perspectives of X-ray techniques for explosive detection based on CdTe/CdZnTe
spectrometric detectors. In Proceedings of the International Symposium on Digital Industrial Radiology and Computed Tomogra-
phy, Berlin, Germany, 20–22 June 2011; Volume 2.

5. Wang, X.; Meier, D.; Taguchi, K.; Wagenaar, D.J.; Patt, B.E.; Frey, E.C. Material separation in X-ray CT with energy resolved
photon-counting detectors. Med. Phys. 2011, 38, 1534–1546. [CrossRef] [PubMed]

6. Busi, M.; Mohan, K.A.; Dooraghi, A.A.; Champley, K.M.; Martz, H.E.; Olsen, U.L. Method for system-independent material
characterization from spectral X-ray CT. NDT E Int. 2019, 107, 102136. [CrossRef]

7. Busi, M.; Kehres, J.; Khalil, M.; Olsen, U.L. Effective atomic number and electron density determination using spectral X-ray CT.
In Anomaly Detection and Imaging with X-rays (ADIX) IV; International Society for Optics and Photonics: Bellingham, WA, USA,
2019; Volume 10999, p. 1099903.

8. Jumanazarov, D.; Koo, J.; Busi, M.; Poulsen, H.F.; Olsen, U.L.; Iovea, M. System-independent material classification through X-ray
attenuation decomposition from spectral X-ray CT. NDT E Int. 2020, 116, 102336. [CrossRef]

9. Wang, G.; Frei, T.; Vannier, M.W. Fast iterative algorithm for metal artifact reduction in X-ray CT. Acad. Radiol. 2000, 7, 607–614.
[CrossRef]

10. Zhang, X.; Wang, J.; Xing, L. Metal artifact reduction in X-ray computed tomography (CT) by constrained optimization. Med.
Phys. 2011, 38, 701–711. [CrossRef]

11. Karimi, S.; Martz, H.; Cosman, P. Metal artifact reduction for CT-based luggage screening. J. X-ray Sci. Technol. 2015, 23, 435–451.
[CrossRef] [PubMed]

12. Mouton, A.; Megherbi, N.; Flitton, G.T.; Bizot, S.; Breckon, T.P. A novel intensity limiting approach to metal artefact reduction in
3D CT baggage imagery. In Proceedings of the 2012 19th IEEE International Conference on Image Processing, Orlando, FL, USA,
30 September–3 October 2012; pp. 2057–2060.

13. Cai, L.; Gao, J.; Zhao, D. A review of the application of deep learning in medical image classification and segmentation. Ann.
Transl. Med. 2020, 8, 713. [CrossRef] [PubMed]

14. Chai, J.; Zeng, H.; Li, A.; Ngai, E.W.T. Deep learning in computer vision: A critical review of emerging techniques and application
scenarios. Mach. Learn. Appl. 2021, 6, 100134. [CrossRef]

15. Minaee, S.; Boykov, Y.Y.; Porikli, F.; Plaza, A.J.; Kehtarnavaz, N.; Terzopoulos, D. Image Segmentation Using Deep Learning: A
Survey. IEEE Trans. Pattern Anal. Mach. Intell. 2022. [CrossRef] [PubMed]

16. Gjesteby, L.; Yang, Q.; Xi, Y.; Shan, H.; Claus, B.; Jin, Y.; De Man, B.; Wang, G. Deep learning methods for CT image-domain metal
artifact reduction. In Developments in X-ray Tomography XI; International Society for Optics and Photonics: Bellingham, WA, USA,
2017; Volume 10391, p. 103910W.

17. Ghani, M.U.; Karl, W.C. Deep learning based sinogram correction for metal artifact reduction. Electron. Imaging 2018, 2018,
472-1–472-8. [CrossRef]

18. Zhang, Y.; Yu, H. Convolutional neural network based metal artifact reduction in X-ray computed tomography. IEEE Trans. Med.
Imaging 2018, 37, 1370–1381. [CrossRef] [PubMed]

19. Xu, S.; Prinsen, P.; Wiegert, J.; Manjeshwar, R. Deep residual learning in CT physics: Scatter correction for spectral CT. In
Proceedings of the 2017 IEEE Nuclear Science Symposium and Medical Imaging Conference (NSS/MIC), Atlanta, GA, USA,
21–28 October 2017; pp. 1–3.

20. Maier, J.; Sawall, S.; Knaup, M.; Kachelrieß, M. Deep Scatter Estimation (DSE): Accurate Real-Time Scatter Estimation for X-ray
CT Using a Deep Convolutional Neural Network. J. Nondestruct. Eval. 2018, 37, 57. [CrossRef]

21. Fang, W.; Li, L.; Chen, Z. Removing Ring Artefacts for Photon-Counting Detectors Using Neural Networks in Different Domains.
IEEE Access 2020, 8, 42447–42457. [CrossRef]

22. Chen, H.; Zhang, Y.; Zhang, W.; Liao, P.; Li, K.; Zhou, J.; Wang, G. Low-dose CT via convolutional neural network. Biomed. Opt.
Express 2017, 8, 679–694. [CrossRef] [PubMed]

23. Kang, E.; Min, J.; Ye, J.C. A deep convolutional neural network using directional wavelets for low-dose X-ray CT reconstruction.
Med. Phys. 2017, 44, e360–e375. [CrossRef] [PubMed]

http://doi.org/10.1088/0031-9155/53/20/002
http://www.ncbi.nlm.nih.gov/pubmed/18799830
http://dx.doi.org/10.1007/s00330-010-1768-9
http://www.ncbi.nlm.nih.gov/pubmed/20309554
http://dx.doi.org/10.1007/s13244-010-0057-0
http://dx.doi.org/10.1118/1.3553401
http://www.ncbi.nlm.nih.gov/pubmed/21520865
http://dx.doi.org/10.1016/j.ndteint.2019.102136
http://dx.doi.org/10.1016/j.ndteint.2020.102336
http://dx.doi.org/10.1016/S1076-6332(00)80576-0
http://dx.doi.org/10.1118/1.3533711
http://dx.doi.org/10.3233/XST-150499
http://www.ncbi.nlm.nih.gov/pubmed/26410655
http://dx.doi.org/10.21037/atm.2020.02.44
http://www.ncbi.nlm.nih.gov/pubmed/32617333
http://dx.doi.org/10.1016/j.mlwa.2021.100134
http://dx.doi.org/10.1109/TPAMI.2021.3059968
http://www.ncbi.nlm.nih.gov/pubmed/33596172
http://dx.doi.org/10.2352/ISSN.2470-1173.2018.15.COIMG-472
http://dx.doi.org/10.1109/TMI.2018.2823083
http://www.ncbi.nlm.nih.gov/pubmed/29870366
http://dx.doi.org/10.1007/s10921-018-0507-z
http://dx.doi.org/10.1109/ACCESS.2020.2977096
http://dx.doi.org/10.1364/BOE.8.000679
http://www.ncbi.nlm.nih.gov/pubmed/28270976
http://dx.doi.org/10.1002/mp.12344
http://www.ncbi.nlm.nih.gov/pubmed/29027238


J. Imaging 2022, 8, 77 14 of 14

24. Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. In Medical Image
Computing and Computer-Assisted Intervention—MICCAI 2015; Navab, N., Hornegger, J., Wells, W.M., Frangi, A.F., Eds.; Springer
International Publishing: Cham, Switzerland, 2015; pp. 234–241.

25. Çiçek, Ö.; Abdulkadir, A.; Lienkamp, S.S.; Brox, T.; Ronneberger, O. 3D U-Net: Learning dense volumetric segmentation
from sparse annotation. In Proceedings of the International Conference on Medical Image Computing and Computer-Assisted
Intervention, Athens, Greece, 17–21 October 2016; pp. 424–432.

26. Wu, W.; Hu, D.; Niu, C.; Broeke, L.V.; Butler, A.P.; Cao, P.; Atlas, J.; Chernoglazov, A.; Vardhanabhuti, V.; Wang, G. Deep learning
based spectral CT imaging. Neural Netw. 2021, 144, 342–358. [CrossRef]

27. Lai, Z.; Li, L.; Cao, W. Metal artifact reduction with deep learning based spectral CT. In Proceedings of the International Congress
on Image and Signal Processing, BioMedical Engineering and Informatics (CISP-BMEI 2021), Beijing, China, 17–19 October 2021.

28. Kong, F.; Cheng, M.; Wang, N.; Cao, H.; Shi, Z. Metal Artifact Reduction by Using Dual-Energy Raw Data Constraint Learning. In
Proceedings of the International Congress on Image and Signal Processing, BioMedical Engineering and Informatics (CISP-BMEI
2021), Beijing, China, 17–19 October 2021.

29. Van Aarle, W.; Palenstijn, W.J.; De Beenhouwer, J.; Altantzis, T.; Bals, S.; Batenburg, K.J.; Sijbers, J. The ASTRA Toolbox: A
platform for advanced algorithm development in electron tomography. Ultramicroscopy 2015, 157, 35–47. [CrossRef]

30. Kazantsev, D.; Pickalov, V.; Nagella, S.; Pasca, E.; Withers, P.J. TomoPhantom, a software package to generate 2D–4D analytical
phantoms for CT image reconstruction algorithm benchmarks. SoftwareX 2018, 7, 150–155. [CrossRef]

31. Berger, M.J.; Hubbell, J. XCOM: Photon Cross Sections on a Personal Computer; Technical Report; Center for Radiation, National
Bureau of Standards: Washington, DC, USA, 1987.

32. Busi, M.; Olsen, U.L.; Knudsen, E.B.; Frisvad, J.R.; Kehres, J.; Dreier, E.S.; Khalil, M.; Haldrup, K. Simulation tools for scattering
corrections in spectrally resolved X-ray computed tomography using McXtrace. Opt. Eng. 2018, 57, 037105. [CrossRef]

33. Bergbäck Knudsen, E.; Prodi, A.; Baltser, J.; Thomsen, M.; Kjær Willendrup, P.; Sanchez del Rio, M.; Ferrero, C.; Farhi, E.; Haldrup,
K.; Vickery, A.; et al. McXtrace: A Monte Carlo software package for simulating X-ray optics, beamlines and experiments. J. Appl.
Crystallogr. 2013, 46, 679–696. [CrossRef]

34. Ng, A. Machine Learning. Available online: https://www.coursera.org/learn/machine-learning (accessed on 1 May 2018).
35. KerasTeam. Keras: Deep Learning for Humans. 2019. Available online: https://github.com/keras-team/keras (accessed on 1

May 2018).
36. Srivastava, N.; Hinton, G.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A simple way to prevent neural networks

from overfitting. J. Mach. Learn. Res. 2014, 15, 1929–1958.
37. Kingma, D.P.; Ba, J. Adam: A method for stochastic optimization. arXiv 2014, arXiv:1412.6980.
38. Wang, Z.; Bovik, A.C.; Sheikh, H.R.; Simoncelli, E.P. Image quality assessment: From error visibility to structural similarity. IEEE

Trans. Image Process. 2004, 13, 600–612. [CrossRef] [PubMed]
39. Sidky, E.Y.; Kao, C.M.; Pan, X. Accurate image reconstruction from few-views and limited-angle data in divergent-beam CT. J.

X-ray Sci. Technol. 2006, 14, 119–139.

http://dx.doi.org/10.1016/j.neunet.2021.08.026
http://dx.doi.org/10.1016/j.ultramic.2015.05.002
http://dx.doi.org/10.1016/j.softx.2018.05.003
http://dx.doi.org/10.1117/1.OE.57.3.037105
http://dx.doi.org/10.1107/S0021889813007991
https://www.coursera.org/learn/machine-learning
https://github.com/keras-team/keras
http://dx.doi.org/10.1109/TIP.2003.819861
http://www.ncbi.nlm.nih.gov/pubmed/15376593

	Introduction
	Methods and Techniques
	Training Data
	Spectral CNN Architecture
	Issues Faced in MAR Development

	Experiments
	Simulation Test Data
	Experimental Test Data

	Conclusions
	References

