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ABSTRACT

Due to the smaller detector pixels in photon-counting CT, coarse anti-scatter grids are used. This may lead
to high frequencies in the scattered radiation and therefore moiré artifacts in the reconstructed images can
occur. It has been shown that deep convolutional neural networks are very effective to correct scatter artifacts
in clinical CT. In this work we present an adapted version of the deep scatter estimation (DSE) to correct for
the high frequency artifacts effectively. With the use of DSE the mean absolute error of the scatter artifacts is
reduced from about 8 HU to under 1 HU. At the same time the moiré artifacts can be prevented and additional
post-processing in the image can be avoided.

1. INTRODUCTION

Recently the U.S. Food and Drug Administration (FDA) has cleared the world’s first photon-counting computed
tomography (CT) scanner, the Siemens NAEOTOM Alpha. The FDA described it as the first major new tech-
nology for computed tomography imaging in nearly a decade. Since its introduction, photon-counting detectors
have shown a great potential to improve the spectral and spatial resolution of CT imaging.! The spectral infor-
mation can be used for several different image techniques, for example virtual monochromatic imaging or iodine
overlays. These possibilities can improve the clinical diagnostic of CT. To avoid the pulse pile-up effect and to
improve the spatial resolution, the detector of the new photon-counting CT has very small detector pixels.?
This can be useful to visualize, for example, small pulmonary vessels® or to show details of the inner ear.®

Scattered radiation and the resulting image artifacts are well-known in clinical CT. Generally, there are two
strategies to minimize the effect of scatter, first to reduce the measured scattered radiation with special hardware
like anti-scatter grids (ASG) and second to correct the scatter in the pre-processing of the image reconstruction.
To achieve the best possible image quality these two techniques should be combined.

The use of the smaller detector pixels influences the effect of the scattered radiation in the detectors. For
energy integrating detector each pixel is surrounded by the lamella of the ASG. Since with the photon-counting
CT the detector pixels are much smaller, several pixels are combined between the lamellae of the ASG (left side
in figure 1). This results in the fact that, dependent on the location and the angle of the incoming scattered
photon, the scatter intensity can vary between the adjacent pixels in one ASG block. On the right side of figure
1 it can be seen that, depending on the angle of incidence, some photons will be absorbed by the anti-scatter
grid and other will be measured in the detector. For energy-integrating detectors scattered intensities are usually
low-frequency and only slowly change across the detector. These additional high frequencies in the scattered
radiation can lead to ring artifacts in the reconstructed CT images, as shown in figure 2.

We have recently shown the efficient use of deep convolutional neural networks (CNN) to correct for scatter
artifacts in clinical CT with the deep scatter estimation (DSE).”® Once trained, the CNNs can lead to a very
robust and fast scatter estimation. In this work, we propose the use of neural networks to correct for the artifacts
resulting from coarse anti-scatter grids. Based on our previous work, we have modified the architecture of our
neural network to estimate the new high frequencies in the occurring scattered radiation.
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Figure 1. In energy-integrating detectors each pixel is surrounded by the lammela of the anti-scatter grid. In a photon-
counting detector there are several pixels between the lamellae. Depending on the direction of the incoming scatter
photon, it will be absorbed by the anti-scatter grid. Thus two neighboring pixels will receive a different scatter intensity.
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Figure 2. Illustration of the moiré effect due to the use of coarse anti-scatter grids in photon-counting CT.

Proc. of SPIE Vol. 12304 123040J-2



2. METHODS AND MATERIAL

2.1 Data generation
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Figure 3. Simulated detector geometry. There are six different pixel locations within the anti-scatter grid which will
measure a different intensity of scattered radiation. The total detector size is 1376x144 pixels, consisting of 688x48 of
the six-pixel-blocks.

To obtain the scatter data for the neural network, we have adapted our in-house Monte-Carlo simulation'®
to the geometry of the photon-counting scanner NAEOTOM Alpha (Siemens Healthineers). In contrast to an
energy-integrating detector where each pixel is surrounded by the lamella of the ASG, a coarse anti-scatter grid
is used where 2x3 pixels are located between the lamellae of the ASG. The total detector size is 1376x144
pixels. As shown in figure 3, there are six different pixel locations under the coarse anti-scatter grid. If only one
location is considered, the scattered radiation is further low-frequency. To consider this, post-smoothing needs
to smooth only across same pixel locations and must not smooth between neighboring pixels. The distribution
of the attenuation coefficient for the simulation of the CT scans is obtained from clinical full body CT exams.
The patients are assumed to consist of four different materials (air, adipose tissue, soft tissue, and bone). One of
these materials is assigned to each voxel based on CT value thresholds. In total 16 patients at 14 z-positions are
Monte Carlo simulated in 10° steps. Twelve patients are used for training, two patients are used as validation
data during the training and two patients are used as test data to evaluate the robustness of the networks. The
corresponding primary intensities are obtained with a polychromatic forward projection. Overall 8064 paired
scatter and primary data pairs are obtained for training and evaluation of the networks.

2.2 Deep scatter estimation

DSE is trained to predict scatter based on the acquired projection data as input.” In general DSE can be trained
with measured or simulated scatter intensities.!! Here the Monte Carlo-simulated scatter data will be used as
the training and validation data. To adapt the network architecture to a coarse ASG the network receives the
six different pixel locations as separate input channels (figure 4). The network is trained to predict six different
output channels of the pixel locations, which then can be merged to obtain the scatter estimation for the whole
detector. Each input and output channel has the size of 688x48 pixels.

2.3 Reconstruction

To evaluate the performance of the algorithm the scatter-corrected projections are reconstructed with the ex-
tended parallel back-projection (EPBP) algorithm.'? Image quality is evaluated for the reconstructed images
with the mean absolute error (MAE) compared to the ground truth. In the calculation of the MAE, air is
excluded and only the patient area is considered.
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Figure 4. The neural network has six different input and output channels corresponding to the different pixel locations in
the ASG.
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Figure 5. First example of DSE for coarse ASGs. With the proposed neural network the MAE gets reduced from 8.4 HU

to 0.9 HU. In the enlarged area it can be seen that the moiré artifacts gets corrected. ¢ =0 HU, W = 400 HU. Difference
to GT: ¢ =0 HU, W = 50 HU.
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Ground Truth Uncorrected

Figure 6. Second example of DSE for coarse ASGs. Here the algorithm reduces the MAE from 8.0 HU to 0.6 HU. In the
difference image, it is visible that the networks corrects both the scatter and moiré artifacts. C = 0 HU, W = 400 HU.
Difference to GT: C = 0 HU, W = 50 HU.

3. RESULTS

A clear moiré effect is visible in the reconstructed images without scatter correction. The average MAE in the
uncorrected images is 8.4 HU. With the proposed algorithm the ring artifacts that appear can be significantly
reduced and the average MAE is decreased to an average of 0.6 HU. In figures 5 and 6 two examples of the
scatter correction are shown. In the enlarged area, it is visible that the moiré effect is corrected. The difference
images also show that the DSE algorithm corrects the scatter artifacts very well.

4. DISCUSSION

We propose a deep learning-based method to correct for scatter artifacts in photon-counting CT. In this work
we demonstrate the potential of DSE to correct the artifacts that may occur due to the smaller detector pixel
size and the coarse anti-scatter grid. The neural network is able to leverage information about the different pixel
locations and shows an accurate scatter estimation. The results presented are based on simulated data, but
the algorithm can also be applied to clinical measurements. In our following step we plan to use the spectral
information of the photon-counting detectors to further improve the scatter corrections.
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