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Abstract 

High cone-angle artifacts (HCAAs) appear frequently in circular cone-beam computed tomography 

(CBCT) images and can heavily affect diagnosis and treatment planning. To reduce HCAAs in CBCT 

scans, we propose a novel deep learning approach that reduces the three-dimensional (3D) nature of 

HCAAs to two-dimensional (2D) problems in an efficient way. Specifically, we exploit the relationship 

between HCAAs and the rotational scanning geometry by training a convolutional neural network 

(CNN) using image slices that were radially sampled from CBCT scans. We evaluated this novel 

approach using a dataset of input CBCT scans affected by HCAAs and high-quality artifact-free target 

CBCT scans. Two different CNN architectures were employed, namely U-Net and a mixed-scale dense 

CNN (MS-D Net). The artifact reduction performance of the proposed approach was compared to that 

of a Cartesian slice-based artifact reduction deep learning approach in which a CNN was trained to 

remove the HCAAs from Cartesian slices. In addition, all processed CBCT scans were segmented to 

investigate the impact of HCAAs reduction on the quality of CBCT image segmentation. We 

demonstrate that the proposed deep learning approach with geometry-aware dimension reduction greatly 

reduces HCAAs in CBCT scans and outperforms the Cartesian slice-based deep learning approach. 

Moreover, the proposed artifact reduction approach markedly improves the accuracy of the subsequent 

segmentation task compared to the Cartesian slice-based workflow.   

 

Keywords: artifact reduction; cone-beam computed tomography; deep learning; convolutional neural 

networks 
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Introduction 

Circular cone-beam computed tomography (CBCT) is becoming an increasingly popular imaging 

modality in dentistry and maxillofacial surgery due to its short scanning times, low costs and low 

radiation doses compared to conventional computed tomography (CT) scanners (Venkatesh and 

Venkatesh Elluru 2017). A well-known problem in circular CBCT imaging is the high cone-angle 

artifact (HCAA), also referred to as the cone-beam artifact. These artifacts occur because projection data 

acquired in a circular X-ray source trajectory are not complete: the Tuy-Smith data sufficiency condition 

is not satisfied (Tuy 1983, Smith 1985). This implies that it is impossible to exactly reconstruct data 

points outside the midplane, i.e., the plane in which X-ray source and projector rotate. Therefore, 

approximate methods such as the Feldkamp-David-Kress (FDK) (Feldkamp et al 1984) algorithm are 

commonly used. However, these approximations typically lead to streaking artifacts and image 

distortions that become more severe with increasing cone angles (Scarfe and Farman 2008). Figure 1 

presents a schematic overview of the circular CBCT image acquisition and reconstruction process of a 

walnut using the FDK algorithm.  

 

 

 

Figure 1: Schematic illustration of the CBCT image acquisition and reconstruction process with a circular X-ray source 

trajectory. The source and detector rotate around the object (e.g., a patient or in this case a walnut), and 2D X-ray 

projections of the object are acquired angle by angle. The 3D projection data volume f is indexed by the vertical and 

horizontal detector coordinates z and s, and angle θ. The order of operations in the FDK algorithm mirrors that of the 

data acquisition: each filtered 2D X-ray projection is backprojected angle by angle and added to the reconstructed CT 

volume. 
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Over the past decades, various approaches have been proposed to reduce HCAAs. For example, 

Grass et al. developed a modified FDK algorithm that rearranges the pixels in cone-beam projections 

into fan-shaped projections (Grass et al 2000). Another popular approach is to reconstruct CBCT scans 

using iterative reconstruction (IR) methods (Karimi and Ward 2017, Sidky and Pan 2008). Although IR 

algorithms generally result in fewer HCAAs (Maass et al 2010) and higher signal-to-noise ratios 

(Gardner et al 2019) compared to FDK reconstruction, they require much longer reconstruction times, 

which limits their clinical feasibility (Tang et al 2018, Hsieh et al 2013). Hu et al. and Zhu et al. 

independently proposed cone-angle artifact reduction approaches in which missing CBCT projection 

data were estimated (Hu 2006, Zhu et al 2008). However, this approach resulted in residual artifacts due 

to incorrect estimation of high-frequency Radon space data (Zhu et al 2008). Another way to reduce 

HCAAs is the two-pass approach initially developed by Hsieh (Hsieh 2000), in which high-density 

structures in FDK-reconstructed CBCT scans are segmented using global thresholding, followed by a 

simulation and subtraction of the HCAAs from the CBCT scans. This two-pass approach was recently 

expanded to a multi-pass approach by Han and Baek (Han and Baek 2019),who performed multiple 

segmentations to iteratively subtract HCAAs from the CBCT scans. However, these manually designed 

artifact reduction techniques require expert domain knowledge on the precise structure of the 

information in the measured data. 

In recent years, the field of image artifact reduction has transitioned from manually designed 

image artifact reduction techniques reflecting expert domain knowledge to training deep neural 

networks. In particular convolutional neural networks (CNNs) have been employed to reduce a wide 

variety of CBCT image artifacts, such as metal artifacts (Gjesteby et al 2017, Claus et al 2017, Minnema 

et al 2019), scatter-induced artifacts (Jiang et al 2019, Maier et al 2018, Griner et al 2020), and noise 

(Burger et al 2012). The main advantage of CNNs over alternative methods is that they can learn to 

automatically compute a generalized mapping between artifact-affected input images and artifact-free 

target images. However, training CNNs to process full high-resolution three-dimensional (3D) image 

volumes remains computationally prohibitive and requires a large amount of suitable 3D training data. 

As a consequence, the feasibility of such fully 3D CNNs is extremely limited in clinical settings, where 
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predictions are needed promptly. In order to circumvent this problem, CNNs are commonly trained on 

Cartesian two-dimensional (2D) image slices extracted from 3D volumes. 

The reduction of HCAAs in Cartesian image slices is, however, subject to difficulties not seen 

with other imaging artifacts. One principled problem is that the HCAAs in a particular Cartesian slice 

often originate from image structures in other slices. As a consequence, the contextual information 

needed to remove the artifacts is lacking.  Another difficulty is the fact that the severity of HCAAs 

depends on the distance between the Cartesian slice and the midplane (Figure 2) and thus greatly differs 

between slices. We hypothesize that this variability impairs the CNN’s ability to learn a generalized 

mapping between input and target CBCT slices, which subsequently results in incomplete artifact 

reduction or secondary artifacts. One way of reducing this variability is to train separate CNNs for each 

Cartesian slice position. However, this is computationally extremely challenging and requires far more 

training data since only a single 2D training slice would be extracted from each 3D volume. Another 

way of reducing the variability using expert domain knowledge was presented by Han et al. (Han et al 

2020). who used a CNN to process slices of the differentiated backprojection domain in different 

Cartesian slices, after which the slices were combined by a spectral blending technique.  

 

 

Figure 2: Illustration of the high cone-angle artifact in a Defrise phantom with five ellipses and a maximum cone-angle 

of 25°. Increasing the distance between the ellipse and the midplane produces stronger HCAAs in the reconstructed 

volume.  

 

In this study, we propose a simpler approach to reduce high HCAAs in CBCT scans using deep 

learning by exploiting the most basic property of the CBCT scanning trajectory: its rotational geometry. 

The rotational nature of data acquisition in CBCT combined with the angle-wise backprojection 
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performed by the FDK algorithm (Figure 1) leads to HCAAs that share the same rotational geometry. 

Therefore, we suggest that this rotational geometry should also be retained when post-processing the 

CBCT scans. To this end, we developed a workflow in which we sample 2D radial CBCT slices (i.e., 

angle by angle), instead of processing conventional 2D Cartesian slices to train a CNN. Radially sampled 

slices exhibit much less variation in HCAAs than Cartesian slices, which simplifies the cone-angle 

artifact reduction task. In addition, a large number of radial slices can be extracted from a single 3D 

volume, which further facilitates CNN training. The proposed combination of deep learning with 

geometry- and context-aware dimension reduction thus allows processing of high-resolution 3D CBCT 

volumes by 2D CNNs with high accuracy and computational efficiency.  

The main contributions of this study are as follows: 

• We propose a CBCT imaging pipeline consisting of the following steps: direct FDK reconstruction 

of radial image slices, followed by a 2D CNN and re-sampling of the radial slices into a regular 3D 

volume. 

• This approach was evaluated using a large, publicly available, experimental CBCT dataset 

specifically designed to examine cone-angle artifact reduction techniques. For each CBCT scan that 

was reconstructed using projection data from a single X-ray source trajectory, a high-quality, 

HCAA-free target scan is available that was acquired by combining the single-trajectory projection 

data with projection data from two additional trajectories using an IR scheme.  

• The results of this study show that the proposed radial slicing approach improves the artifact 

reduction performance of CNNs compared to traditional Cartesian slicing in terms of quantitative 

error measures and visual image quality. In addition, we demonstrate that this process leads to 

substantial improvements in image segmentation performance, which is currently the most 

commonly performed image processing task in clinical settings (Maier-Hein et al 2018).  
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2. Materials and Methods 

Our proposed high cone-angle artifact reduction approach is based on a direct reconstruction of radial 

slices using the FDK algorithm. These radial slices are subsequently processed by a CNN, after which 

they are re-sampled into a Cartesian volume. The proposed artifact reduction workflow was compared 

to a Cartesian slice-based artifact reduction workflow, in which a standard FDK-reconstructed volume 

is sliced orthogonally (i.e., axial, sagittal or coronal) and each slice is processed by a CNN. The Cartesian 

slice-based workflow and the proposed artifact reduction workflow are illustrated in Figure 3.  

In order to evaluate both artifact reduction workflows, a CBCT dataset was required consisting 

of input scans that were heavily affected by HCAAs and high-quality target scans without HCAAs. To 

this end, we used a publicly available CBCT data collection containing 42 scans of walnuts described 

in a previous publication (Der Sarkissian et al 2019). This data collection was specifically acquired with 

the purpose of benchmarking HCAA reduction algorithms. The advantage of using walnuts over 

anthropomorphic phantoms or manufactured objects is that they exhibit a natural variability. Moreover, 

since walnuts consist of a hard shell, soft core and air-filled cavities, they resemble the structure of the 

human skull (Hämäläinen et al 2015). 

 

 

Figure 3: Schematic overview of a Cartesian slice-based workflow and the proposed cone-angle artifact reduction 

workflow.  
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2.1 Data acquisition 

The input CBCT scans were obtained by scanning all 42 walnuts using a custom-built cone-beam CT 

scanner (FleX-ray) (Coban et al 2020), with a tube voltage of 40 kV and a tube current of 0.3 mA. To 

ensure that that the CBCT scans were affected by severe HCAAs, the vertical cone-angle was maximized 

by moving the samples as close as possible to the X-ray source. This resulted in a maximum cone-angle 

of 20°, which is comparable to cone-angles found in clinical CBCT scanners (Sheth et al 2020, Li et al 

2018). In addition, the X-ray source height was chosen such that the midplane was close to the bottom 

part of the walnuts, which induced severe artifacts in the upper parts of the scans (Figure 4). A total of 

1201 cone-beam projections were acquired and used to reconstruct CBCT scans with a volume size of 

501x501x501 and an isotropic voxel size of 0.1 mm using the FDK algorithm implemented in the 

ASTRA Toolbox (van Aarle et al 2016). These reconstructed CBCT scans served as input data to train 

the CNN in this study. 

 In order to acquire high-quality target CBCT scans, all 42 walnuts were also scanned at 15 mm 

and 30 mm above the initial source height. The projection data obtained from the three different source 

positions were used to iteratively reconstruct CBCT scans by solving a non-negativity constrained 

least-squares problem with 50 iterations of Nesterov accelerated gradient descent (Der Sarkissian et al 

2019, Chambolle and Pock 2016). Since three different X-ray source trajectories were used, projections 

with relatively small cone-angles were available for all parts of the walnut. By combining these 

projections, high-quality artifact-free target CBCT scans were acquired that offered high contrast and 

signal-to-noise ratios. Examples of the input and target CBCT scan used in this study are presented in 

Figure 4.  
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Figure 4: Examples of an input and target CBCT scan used to train the CNNs in this study. The red boxes indicate the 

regions of interest that were particularly affected by high HCAAs. 

  

In order to obtain the data for the proposed cone-angle artifact reduction workflow, radial CBCT 

slices needed to be reconstructed from the projection data. Although it is relatively straight-forward to 

implement an FDK algorithm that directly reconstructs radial slices (Vanrompay et al 2020, Buurlage 

et al 2018), we aimed to first prove the concept of the proposed workflow. For this purpose, we 

interpolated radial slices from the Cartesian input and target volumes described above. To minimize 

interpolation artifacts, we only extracted slices close to the central x- and y-axes of the Cartesian 

volumes, i.e., for radial angles θ close to 0° and 90°. In order to acquire slices from the whole range of 

radial angles, we artificially rotated the scanning geometry and again extracted radial slices close to 0° 

and 90°. This process was repeated 24 times, such that a total of 709 radial slices were acquired per 

reconstructed volume. We used a larger number of radial slices compared to Cartesian slices (709 vs. 

501) to ensure that the radial-to-Cartesian re-sampling (section 2.3. Experiments) performed after the 

cone-angle artifact reduction step (Figure 3) would not result in secondary artifacts.    
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2.2 CNN architectures 

Two different CNN architectures were used to evaluate the proposed artifact reduction workflow. First, 

we employed the widely-used U-Net. Since U-Net consists of a relatively high number of trainable 

parameters it tends to overfit when the training set is relatively small (Pelt and Sethian 2018). Therefore, 

we also used a mixed-scale dense convolutional neural network (MS-D Net) developed by Pelt and 

Sethian (Pelt and Sethian 2018). The MS-D Net uses densely connected convolutional layers to directly 

pass important feature maps to deeper layers of the network. Information from various scales is 

aggregated by dilating convolutions instead of using explicit up- and down-sampling layers. As a result, 

MS-D Net has far fewer trainable parameters compared to U-Net, which reduces the risk of overfitting 

(Pelt and Sethian 2018). 

 We used publicly available U-Net and MS-D Net implementations (Hendriksen 2019, Milesial 

2019) that are based on the deep learning framework PyTorch (v. 1.4.0) for Python (v. 3.7.3). The U-Net 

employed in the present study was modified in two ways compared to the original U-Net architecture 

proposed by Ronneberger et al. (Ronneberger et al 2015). First, reflective padding was applied on all 

input images of which the dimensions were not divisible by 16, since the U-Net would not be able to 

process these images otherwise. Second, batch normalization (Ioffe and Szegedy 2015) was performed 

before each ReLU activation function. The MS-D Net used in this study was the same as the one 

described by Pelt and Sethian (Pelt and Sethian 2018) with a width of 1. Training of the network was 

performed using a batch size of 4 for the U-Net, and a batch size of 1 for the MS-D network. In addition, 

training was performed using the default Adam (Kingma and Ba 2014) optimizer on a server with 192 

GB RAM and one NVidia GeForce GTX 1080 Ti GPU. More detailed implementation details and 

justification of the chosen network parameters can be found in the supplementary materials.  

 

2.3 Experiments 

The Cartesian slice-based artifact reduction workflows and the proposed artifact reduction workflow 

(Figure 3) were evaluated in this study. For this purpose, we divided the 42 available CBCT scans into 

a training set comprising 28 scans, a validation set comprising 7 scans, and a test set comprising 7 scans.  
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The validation set was used to determine the number of epochs necessary to train the MS-D Net 

and the U-Net. The best model performances were achieved after 40 epochs for U-Net, and 60 epochs 

for MS-D Net. The validation set was also used to optimize the number of layers in the MS-D Net. 

Specifically, the number of layers was varied between 10 and 100 with a step size of 10. The number of 

layers, i.e., 80, was chosen such that the MS-D Net achieved the highest performance on the validation 

set. The training process of U-Net and MS-D Net took approximately 47 minutes and 107 minutes per 

epoch, respectively, whereas the processing of all slices in one CBCT scan using the trained networks 

took approximately 27 seconds and 34 seconds, respectively.    

 The trained CNNs were subsequently used to reduce artifacts in the seven CBCT scans of the 

test set. To ensure that differences in artifact reduction performance were not due to randomness in the 

initialization of the CNNs’ trainable parameters, both the U-Net and the MS-D Net were independently 

initialized and trained five times. To enable fair comparison between the two artifact reduction 

workflows, all processed radial slices were resampled into a Cartesian volume using linear interpolation. 

The code used for the radial-to-Cartesian re-sampling is publicly available online (Minnema and Lucka 

2020). 

 

2.4 Performance evaluation metrics 

The cone-angle artifact reduction achieved using the proposed artifact reduction workflow was 

compared to those of Cartesian slice-based artifact reduction workflows based on axial, sagittal and 

coronal slicing. As an additional benchmark, we applied the Nesterov accelerated gradient descent 

reconstruction algorithm to the projection data acquired using only the lowest X-ray source position (see 

section 2.1: Data acquisition). We will refer to this method as the iterative reconstruction (IR) approach. 

Furthermore, we included the FDK-reconstructed input CBCT scans in the comparison. The cone-angle 

artifact reduction performances were evaluated by computing the structural similarity (SSIM) index 

(Wang et al 2004) and the mean-squared error (MSE) between the artifact-free target CBCT scans and 

the output of each approach. These metrics have been commonly used to assess the quality of medical 

images including CBCT scans (Venkat Narayana Rao, T. and Govardhan 2013). 
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 In addition to these generic image quality metrics, we examined the impact of the artifact 

reduction on a concrete, clinically-relevant image processing task. Since CBCT scans are being 

increasingly used for human skull segmentation (Minnema et al 2019) and the walnuts used in this study 

were chosen as proxies for the human skull, we assessed the impact of the proposed approach on the 

accuracy of CBCT image segmentation. For this purpose, Otsu’s thresholding method (Otsu 1979) was 

used to segment all CBCT scans into 3 different classes: background, soft inner walnut structures and 

the hard outer shell. Evaluation of this segmentation step was performed by calculating the Dice 

Similarity Coefficient (DSC) between the segmented target CBCT scans and the CBCT scans segmented 

after cone-beam artifact reduction. Since the HCAAs were most severe in the upper parts of the CBCT 

scans, all three metrics (i.e., SSIM, MSE and DSC) were also computed for this specific region of 

interest (ROI), which is indicated by the red boxes in Figure 4. All metrics were calculated for the seven 

CBCT scans in the test set. The metrics obtained using the trained CNN’s (i.e., U-Net and MS-D Net) 

were averaged over the five independent runs.  
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Results 

The SSIMs, MSEs and DSCs obtained using the different cone-angle artifact reduction approaches are 

summarized in Table 1 and Table 2. Of all evaluated approaches, the proposed geometry-aware artifact 

reduction workflow generally resulted in the highest mean SSIMs and mean DSCs, and the lowest mean 

MSEs. The FDK-reconstructed input CBCT scans always resulted in the lowest SSIMs and DSCs, and 

the highest MSEs. When analyzing the full CBCT scans (i.e., no ROI), the IR approach resulted in 

SSIMs that were comparable or higher than all other evaluated approaches, whereas the IR approach 

was outperformed by all deep learning approaches when analyzing the ROI in the upper part of the 

scans. The proposed artifact reduction workflow generally resulted in higher mean SSIMs and lower 

mean MSEs compared to the Cartesian slice-based workflows. However, the proposed artifact reduction 

workflow resulted in lower mean DSCs than the horizontal slice-based workflow.  

Figure 5 shows examples of HCAA reduction in CBCT slices, and the corresponding 

segmentations. All CBCT scans processed with the deep learning approaches demonstrated reduced 

HCAAs. More specifically, the proposed artifact reduction workflow produced CBCT scans that closely 

resembled the target CBCT scans and generally resulted in less residual HCAAs when compared to 

those produced by the Cartesian slice-based artifact reduction approach. The Cartesian slice-based 

approaches produced secondary artifacts (Figure 6) in the majority of CBCT scans, which significantly 

affected their image qualities. The IR approach generally produced high-quality CBCT scans with low 

noise levels, but failed to remove the HCAAs from the upper parts of the scans. Figure 7 shows an 

example of a radial slice and an axial slice obtained through the radial-to-Cartesian interpolation step in 

the proposed HCAA reduction workflow. The interpolation step did not result in any notable artifacts.  
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Table 1: Structural similarity (SSIM) index (± standard deviation) and the mean-squared error (MSE) (± standard 

deviation) produced by the different artifact reduction approaches.   

 SSIM MSE (x10-6)  
 Full volumes ROI Full volumes ROI  
Input - FDK 0.679 ± 0.067 0.547 ± 0.079 15.12 ± 2.58 55.50 ± 8.15  
IR approach 0.963 ± 0.009 0.870 ± 0.030 5.04 ± 1.25 27.54 ± 6.54  
U-Net      
    Axial      0.919 ± 0.028 0.918 ± 0.040 19.70 ± 15.21 8.56 ± 3.12  
    Sagittal 0.930 ± 0.039 0.945 ± 0.029 41.11 ± 43.10 13.43 ± 10.32  
    Coronal 0.956 ± 0.020 0.943 ± 0.031 2.61 ± 0.97  6.51 ± 2.14  
    Proposed 0.957 ± 0.047 0.953 ± 0.017 2.59 ± 0.76 6.38 ± 3.12  
MS-D Net      

    Axial      0.947 ± 0.029 0.920 ± 0.032 2.88 ± 1.43 8.50 ± 3.33  

    Sagittal 0.953 ± 0.017 0.915 ± 0.035 3.04 ± 1.26 7.93 ± 2.77  

    Coronal 0.942 ± 0.023 0.904 ± 0.049 3.96 ± 2.50 10.1 ± 3.65  

    Proposed 0.949 ± 0.021 0.932 ± 0.031 2.56 ± 0.70 5.71 ± 2.37   

 
 

Table 2: Mean Dice similarity coefficients (DSC) (± standard deviation) of the segmented low-density inner structures 

and high-density outer structures.  

 DSC – low density structures DSC – high density structures  
 Full volumes ROI Full volumes ROI  
Input - FDK 0.904 ± 0.017 0.720 ± 0.033 0.895 ± 0.022 0.682 ± 0.027   
IR approach 0.911 ± 0.015 0.772 ± 0.166 0.917 ± 0.019 0.794 ± 0.025  
U-Net      
    Axial      0.898 ± 0.040 0.863 ± 0.130 0.913 ± 0.034 0.936 ± 0.016   
    Sagittal 0.914 ± 0.039 0.897 ±0.027 0.931 ± 0.044 0.918 ± 0.087  
    Coronal 0.946 ± 0.016 0.908 ± 0.015 0.956 ± 0.020 0.946 ± 0.014  
    Proposed 0.933 ± 0.012 0.898 ± 0.013 0.951 ± 0.013 0.945 ± 0.017  
MS-D Net      

    Axial      0.941 ± 0.018 0.891 ± 0.017 0.942 ± 0.061 0.933 ± 0.018  

    Sagittal 0.940 ± 0.019 0.896 ± 0.014 0.950 ± 0.018 0.937 ± 0.017  

    Coronal 0.936 ± 0.020 0.894 ± 0.032 0.945 ± 0.018 0.925 ± 0.020  

    Proposed 0.933 ± 0.013 0.902 ± 0.013 0.952 ± 0.013 0.950 ± 0.014  
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Figure 5: Example of a vertical slice of a CBCT scan processed by the HCAA reduction methods. The upper row (a) 

shows the output of the different artifact reduction approaches, and the bottom row (b) shows the corresponding 

segmented slices. Of the three evaluated Cartesian slice approaches, only the results of the coronal slice-based approach 

are visualized since it performed best in terms of SSIMs, MSEs and DSCs.    

 

  

Figure 6: Examples of secondary artifacts in walnut CBCT slices produced by Cartesian slice-based workflows (i.e., 

axial, sagittal and coronal).  
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Figure 7: Example of a radial slice and an axial slice obtained through the radial-to-Cartesian interpolation step in the 

proposed HCAA reduction workflow.   
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Discussion  

High HCAAs are an inherent problem of circular CBCT technology. Although deep learning has 

recently been successfully employed to reduce various imaging artifacts, cone-angle artifact reduction 

remains especially challenging. Therefore, the aim of this study was to develop a novel deep learning-

based artifact reduction workflow that exploits the symmetry of HCAAs.  

 The proposed geometry- and context-aware artifact reduction workflow was able to reduce 

HCAAs in CBCT scans more effectively than the Cartesian slice-based artifact reduction workflow 

(Figure 5 and Figure 6). Moreover, the CNNs trained in the proposed workflow always resulted in 

SSIMs, MSEs and DSCs that were comparable or better than those obtained using the IR approach 

(Table 1 and Table 2). The primary reason why the proposed workflow resulted in better HCAA 

reduction is that radial slicing provides a more efficient dimension reduction from 3D to 2D compared 

to Cartesian slicing: the HCAAs exhibit much less spatial variation in radial slices compared to Cartesian 

slices, and radial slices offer more relevant context to remove the HCAAs. This facilitates the training 

process of a CNN and enables the learning of a generalized mapping between artifact-affected input 

scans and artifact-free target scans. 

 An interesting finding in this study was that the Cartesian slice-based artifact reduction 

workflows resulted in unexpectedly severe secondary artifacts in the majority of the CBCT scans (Figure 

6). This phenomenon was observed when using both U-Net and MS-D Net. Since the secondary artifacts 

manifested as clearly distinguishable streaks in the Cartesian planes, it is likely that the CNNs failed to 

correctly process the corresponding Cartesian slices of those CBCT scans. A possible explanation for 

this finding is that the CNNs tried to reduce HCAAs in all slices of the CBCT scan, even if those slices 

were not affected by HCAAs. After all, since the CNNs had no contextual information on the position 

of the 2D slices within the CBCT scan, it might have been difficult to distinguish artifact-affected slices 

from artifact-free slices.  

  A major advantage of using CNNs for cone-angle artifact reduction is the low computational 

time required to process CBCT scans compared to more traditional methods such as the IR approach. 

More specifically, the time needed to process one CBCT scan in this study was approximately 27 
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seconds for U-Net and 34 seconds for MS-D Net, whereas the IR approach took approximately 20 

minutes to reconstruct a CBCT scan (512x512x512). The shorter computational times make it much 

easier to incorporate these CNNs approaches in clinical workflows.  

Another advantage of the proposed HCAA artifact reduction workflow is its broad applicability. 

Since our workflow exploits basic geometrical properties of circular CBCT scanners, it is expected that 

this workflow is capable of accurately reducing HCAAs in CBCT scans obtained using any kind of 

circular CBCT scanner. Moreover, the proposed deep learning workflow may provide promising 

avenues to reduce HCAAs in limited-angle CBCT systems. Nevertheless, further research is necessary 

to determine whether CNNs trained on scans from a specific CBCT scanner can generalize to scans 

acquired using different CBCT scanners. 

A technical challenge of employing our novel deep learning approach was the 

radial-to-Cartesian re-sampling step that is necessary after processing the radial CBCT slices. Although 

Figure 7 shows that no notable interpolation artifacts were introduced in this study, the re-sampling step 

remains a 2D task that is performed for each z-slice independently, which could possibly introduce 

minor interpolation artifacts in the CBCT scans (Aganj et al 2013). One way of avoiding such 

interpolation artifacts could be to use a deep learning-based interpolation method (Zhou et al 2017). 

Because such methods are able to memorize local structures in CBCT scans, they can recognize 

geometric variations and thus produce more accurate pixel estimations.  

The next step towards employing the proposed artifact reduction workflow is to translate the 

learning procedure and the necessary data acquisition to clinical practice. A possible way of achieving 

this would be to perform a phantom or cadaver study and acquire high-quality target CBCT scans 

following the methodology of the present study, i.e., by combining projection data from three different 

circular X-ray trajectories. Another option would be to use helical CT scans as the high-quality target, 

since those are not affected by HCAAs. However, since patients are not commonly scanned using both 

CBCT and helical CT, it might be necessary to apply semi-supervised learning approaches such as 

generative adversarial networks (Maspero et al 2020). Another way of facilitating the application of the 

proposed approach in clinical settings might be through transfer learning. In such a transfer learning 

scheme, the CNN models trained on walnut CBCT scans could be used as the initial model, instead of 
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randomly initializing a new model. Since the models do not need to be trained from scratch, fewer 

clinical CBCT scans would be necessary to learn the cone-angle artifact reduction. By translating the 

proposed deep learning-based cone-angle artifact reduction approach into the clinic, medical 

practitioners will be able to establish accurate diagnoses and create feasible treatment plans based on 

circular CBCT images of the patient. In addition, the proposed workflow might allow clinicians to scan 

larger volumes by increasing the cone-angles, which would markedly improve the applicability of 

circular CBCT technology. 

 

Conclusion 

This study presents a novel pipeline to reduce HCAAs in CBCT scans with deep learning. By designing 

a tailored dimension reduction scheme that reflects the rotational symmetry of CBCT scans, we were 

able to efficiently reduce 3D cone-angle artifacts in CBCT scans with 2D CNNs. The proposed HCAA 

reduction workflow showed to be more robust than the Cartesian slice-based workflows, while it 

consistently outperformed the iterative reconstruction approach. In addition, we showed that the 

cone-angle artifact reduction leads to considerable improvements when segmenting the CBCT scans. 

The results of this study will hopefully motivate clinicians and medical engineers to adopt the proposed 

artifact-reduction workflow in clinical settings, thereby opening up promising new avenues for a 

large-scale use of CBCT imaging in a wide variety of medical disciplines.   
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