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Abstract 15 
Background:  STereotactic Arrhythmia Radioablation (STAR) is a novel non-invasive method for 16 
treating arrythmias in which external beam radiation is directed towards subregions of the heart.  17 
Challenges for accurate STAR targeting include small target volumes and relatively large patient 18 
motion, which can lead to radiation related patient toxicities. 4D Cone-beam CT (CBCT) images are 19 
used for stereotactic lung treatments to account for respiration-related patient motion. 4D-CBCT 20 
imaging could similarly be used to account for respiration-related patient motion in STAR, however 21 
the poor contrast of heart tissue in CBCT makes identifying cardiac substructures in 4D-CBCT images 22 
challenging. If cardiac structures can be identified in pre-treatment 4D-CBCT images, then the 23 
location of the target volume can be more accurately identified for different phases of the respiration 24 
cycle, leading to more accurate targeting and a reduction in patient toxicities.  25 

Purpose: The aim of this simulation study is to investigate the accuracy of different cardiac 26 
substructure segmentation methods for 4D-CBCT images. 27 

Methods: Repeat 4D-CT scans from 13 lung cancer patients were obtained from The Cancer Imaging 28 
Archive. Synthetic 4D-CBCT images for each patient were simulated by forward projecting and 29 
reconstructing each respiration phase of a chosen “testing” 4D-CT scan. 18 cardiac structures were 30 
segmented from each respiration phase image in the testing 4D-CT using the previously validated 31 
platipy toolkit. The platipy segmentations from the testing 4D-CT were defined as the ground truth 32 
segmentations for the synthetic 4D-CBCT images. Five different 4D-CBCT cardiac segmentation 33 
methods were investigated: 3D Rigid Alignment, 4D Rigid Alignment, Direct CBCT Segmentation, 34 
Contour Transformation and Synthetic CT Segmentation methods. For all methods except the Direct 35 
CBCT segmentation method, a separate 4D-CT (Planning CT) was used to assist in generating 4D-36 



CBCT segmentations. Segmentation performance was measured using the Dice Similarity Coefficient 37 
(DSC), Hausdorff Distance (HD), Mean Surface Distance (MSD), and Volume Ratio (VR) metrics.  38 

Results: The mean±standard deviation DSC for all cardiac substructures for the 3D Rigid Alignment, 39 
4D Rigid Alignment, Direct CBCT Segmentation, Contour Transformation and Synthetic CT 40 
Segmentation methods were 0.48±0.29, 0.52±0.29, 0.37±0.32, 0.53±0.29, 0.57±0.28 respectively. 41 
Similarly, the HD values were 10.9±3.6 mm, 9.9±2.6 mm, 17.3±5.3 mm, 9.9±2.8 mm, 9.3±3.0 mm, the 42 
MSD values were 2.9±0.6 mm, 2.9±0.6 mm, 6.3±2.5 mm, 2.5±0.6 mm, 2.4±0.8 mm and the VR Values 43 
were 0.81±0.12, 0.78±0.14, 1.10±0.47, 0.72±0.15, 0.98±0.44 respectively. Of the five methods 44 
investigated the Synthetic CT segmentation method generated the most accurate segmentations for 45 
all calculated segmentation metrics.  46 

Conclusions: This simulation study investigates the accuracy of different cardiac substructure 47 
segmentation methods for 4D-CBCT images. Accurate 4D-CBCT cardiac segmentation will provide 48 
more accurate information on the location of cardiac anatomy during STAR treatments which can 49 
lead to safer and more effective STAR. As the data and segmentation methods used in this paper are 50 
all open source, this paper provides a useful benchmarking tool to evaluate other CBCT cardiac 51 
segmentation methods. 52 

Introduction 53 
STereotactic Arrhythmia Radioablation (STAR) is a promising new treatment for arrhythmias including 54 
Ventricular Tachycardia (VT), in which external beam radiation therapy is used to deliver radiation to 55 
the VT site. The advantage of STAR over the traditional catheter-based ablations is that STAR is non-56 
invasive, faster and a more cost effective treatment1. Initial clinical results have shown promising 57 
evidence that STAR can reduce the number of VT episodes for VT patients who have not responded 58 
to pharmaceutical or catheter ablation treatments2–4.  59 

One of the major concerns for STAR is the possibility of side effects of radiation toxicity. Robinson et 60 
al. found that 2 out of the 21 patients treated with STAR had grade 3 cardiac side effects that were 61 
found to have been potentially due to radiation toxicity2. Similarly, Qian et al. reported that 3 out of 6 62 
patients treated using STAR had adverse events possibly due to the treatment4. Accurate targeting of 63 
treatment volumes in the heart is made difficult by the combination of small target volumes and the 64 
large intrafraction motion, which is a combination of cardiac and respiration motion with respiration 65 
motion making up a significant component of this motion5–8. 66 

Accurately tracking the target volume during STAR treatments could lead to a reduction in planning 67 
target volume (PTV) margins, leading to less healthy tissue being irradiated, which could reduce the 68 
chance of radiation toxicity occurrence. 4D cone-beam CT (4D-CBCT) imaging, in which CBCT images 69 
are reconstructed for different phases of respiration, has been used for stereotactic lung tumor 70 
treatments which are similarly affected by respiratory motion. Indeed ESTRO ACROP guidelines 71 
recommend daily 4D-CBCT imaging for lung SBRT to compensate for patient respiration motion9. One 72 
could infer that these recommendations should also apply to STAR given the central location affected 73 
by respiratory motion and surrounded by critical structures. If the cardiac substructure locations can 74 
be accurately identified in 4D-CBCT images acquired immediately prior to patient treatment, then 75 
the location of the cardiac substructures for each respiration phase can potentially be used to 76 
increase the targeting accuracy for STAR.  77 

In this simulation study we investigate methods for segmenting the cardiac substructures in synthetic 78 
CBCT images. To the authors’ knowledge this is the first paper comparing methods for segmenting 79 
cardiac substructures in CBCT images, albeit restricted to synthetic 4DCBCT images.  80 



Method  81 
The methods used to develop the cardiac substructure CBCT segmentation methods are shown in 82 
Figure 1. The data used for this study came from a dataset that acquired multiple repeat 4D-CT scans 83 
for each patient. For each patient two 4D-CT scans were used, with one 4D-CT scan designated as the 84 
“planning 4D-CT”, and the other 4D-CT scan the “testing 4D-CT”.  The planning 4D-CT was used by 85 
several of the CBCT cardiac segmentation methods to assist in generating the cardiac substructure 86 
segmentations. The testing CT scans were used to generate the ground truth cardiac substructure 87 
segmentations as well as the simulated 4D-CBCT images. The use of the simulated 4D-CBCT scans 88 
generated from 4D-CT scans meant that the 4D-CT generated ground truth segmentations were 89 
aligned with the 4D-CBCT images. The five CBCT cardiac segmentation methods that were evaluated 90 
were 3D Rigid Alignment, 4D Rigid Alignment, Direct CBCT segmentation, Contour Transformation 91 
and the Synthetic CT Segmentation methods. The 3D and 4D rigid alignment methods represent the 92 
methods currently used clinically for STAR treatments10, and the Direct CBCT segmentation, Contour 93 
Transformation and Synthetic CT Segmentation methods are novel CBCT segmentation methods.  94 

 95 

Figure 1 - A flowchart to show how the data were derived and how these data were used to generate the different 96 
segmentations for each patient. Note that CBCT images were simulated from real patient 4DCT images treated as the 97 

ground truth. The five CBCT cardiac segmentation methods that were evaluated were 3D Rigid Alignment, 4D Rigid 98 
Alignment, Direct CBCT segmentation, Contour Transformation and the Synthetic CT Segmentation methods.  p4D-CT – 99 

planning 4D-CT, CBCT – cone-beam CT. 100 

Patient data 101 
The data were derived from the publicly available 4D-Lung dataset in The Cancer Imaging Archive 102 
(TCIA)11–13 From the 4D-Lung dataset, repeat 4D-CT scans were acquired from 13 lung cancer 103 
patients, which were designated as the planning and testing 4D-CTs. The duration between the 104 
acquisition of the planning and testing 4D-CTs was 6-30 days (median 14 days). As previous analysis 105 
has shown considerable variability in lung anatomy for CBCT images acquired from different 106 
treatment fractions14, we anticipate similar variation in anatomy between the repeat 4D-CT scans. 107 
The testing 4D-CT was used to create synthetic 4D-CBCT images for each patient, as described in a 108 



previous publication15,16. Briefly, to create the simulated 4D-CBCT images, each image of each 109 
respiration phase in the testing 4D-CT were forward projected to create digitally reconstructed 110 
radiographs (DRRs) based on conventional CBCT geometry. 4D-CBCT images were created by 111 
reconstructing the DRRs for the different respiration phases. This method for creating synthetic 4D-112 
CBCT images provides for each patient a set of 4D-CT and 4D-CBCT images with identical anatomy. To 113 
simulate a conventional 4D-CBCT scan, 132 simulated projections were created for each 4D-CT 114 
volume (1320 projections in total) patient around a 200° arc, which simulated a conventional 4D-115 
CBCT acquisition time of 4 minutes. The voxel size for the CT was 0.98 x 0.98 x 3 mm3 and the voxel 116 
size for each of the reconstructed CBCT volumes was 1 × 1 × 1 mm3.  The voxel values of the 117 
reconstructed 4D-CBCT volumes were converted from attenuation coefficients to HU values using the 118 
formula: 119 

 120 

where  is an estimation of the attenuation value for water, which was set to 0.013  such that 121 
the HU values for water, lung and bone were approximately 0, -500 and 1000 HU17. 122 

Segmentation Method 123 
The cardiac substructure segmentations of the testing, planning and synthetic 4D-CT images, as well 124 
as the CBCT images in the direct CBCT segmentation method, were generated using the platipy 125 
cardiac segmentation tool (https://pyplati.github.io/platipy/)18. This method was selected as it is a 126 
fully automated and open-source tool that has previously been validated against manually created 127 
segmentations by clinicians on CT scans using a dataset from multiple institutions19,20. Briefly, this 128 
method uses a trained nnUnet method to obtain the segmentation of the whole heart21. Then, 129 
multiple atlas images were deformably registered to the CT image being segmented to get the 130 
cardiac chamber and great vessel segmentations with the whole heart segmentation used to assist in 131 
constraining the registration22. Finally, the segmentations for the coronary arteries, cardiac valves 132 
and conduction nodes are created geometrically based on published contouring guidelines23–25.   133 

For all segmentation methods, the following cardiac substructure segmentations were generated: 134 
whole heart, left and right ventricles, left and right atria, ascending aorta, pulmonary artery, superior 135 
vena cava, aortic, pulmonary, mitral and tricuspid valves, left anterior descending coronary artery, 136 
left circumflex artery, left and right coronary arteries, atrioventricular conduction node, sinoatrial 137 
conduction node. The ground truth CBCT segmentations were obtained by applying the platipy 138 
cardiac substructure segmentation method to each image of the patient testing 4D-CT volumes.  139 

An automatic cardiac structure segmentation method was used to generate the ground truth 140 
segmentation methods instead of using manual segmentation contours to provide consistent and 141 
repeatable segmentations. While manual contouring is used clinically, inter-observer variability can 142 
lead to significant variation in the created contours26, particularly for smaller substructures like the  143 
coronary arteries, cardiac valves and conduction nodes20,27,28.  Auto-contouring methods such as 144 
platipy have been recommended as a method to reduce inter-observer variability29.  145 

All registrations were completed using the elastix toolbox 30. Processing was completed on a linux 146 
desktop computer with an Intel Xeon Gold 6226R processor (2.9 GHz) with 128 GB of RAM and an 147 
NVIDIA RTX A6000 graphics processing unit (GPU). Code for implementing the Direct CBCT 148 
Segmentation, Contour Transformation and Synthetic CT Segmentation methods are available via a 149 
public GitHub repository (https://github.com/Image-X-Institute/CBCTCardiacSegmentation). 150 

https://pyplati.github.io/platipy/
https://github.com/Image-X-Institute/CBCTCardiacSegmentation


3D Rigid Alignment 151 
The 3D rigid alignment method is the most common clinical method for positioning the patient prior 152 
to STAR treatments10. First, the 3D average-planning CT was rigidly registered to the 3D-CBCT, to align 153 
the general anatomy. Following this registration the whole heart segmentation from the 3D average-154 
CT was extended by 20 mm to create an extended heart mask. Then, a 3 degree-of-freedom (DOF) 155 
translation registration between the 3D-CBCT and the shifted 3D-CT was performed using the 156 
extended heart mask on both the 3D-CBCT and shifted 3D-CT volumes to align the heart of the 3D-CT 157 
to the heart of the 3D-CBCT.  158 

4D Rigid Alignment 159 
The 4D rigid alignment method is similar to the 3D rigid alignment method, except it involves a 4D-CT 160 
to 4D-CBCT registration instead of a 3D-CT to 3D-CBCT registration. That is, every respiration phase 161 
image of the planning 4D-CT is rigidly registered to the corresponding 4D-CBCT respiration phase 162 
image. This method has been used clinically to treat a small number of patients31.  163 

Direct CBCT Segmentation 164 
For the direct CBCT segmentation method the platipy segmentation method was applied to each 165 
CBCT volume.  166 

Contour Transformation 167 
The Contour Transformation method involved using a B-spline deformable image registration method 168 
to register the planning 4D-CT images to the 4D-CBCT images. An extended heart mask was created 169 
by padding the whole heart segmentation from the planning CT by 20 mm and this extended heart 170 
mask was used to mask the input images during the deformable registration project to optimize   171 
accurate registration around the heart. The output of the deformable registration was a 172 
transformation from every respiration phase image of the planning 4D-CT to every corresponding 173 
4D-CBCT respiration phase image. This CT to CBCT transformation was used to transform the 174 
segmentations from every respiration phase of the planning 4D-CT to align with every corresponding 175 
4D-CBCT respiration phase image.  176 

Synthetic CT Segmentation 177 
Similarly to the Contour Transformation method, in the Synthetic CT Segmentation method a B-spline 178 
deformable image registration method was used to get the transformation from the CT to the CBCT 179 
images. However, for the Synthetic CT Segmentation method, this transformation was applied to 180 
every respiration phase of the planning 4D-CT to generate a synthetic 4D-CT from the 4D-CBCT 181 
images in the form of deformed planning CT images. The platipy cardiac substructure segmentation 182 
method was then applied to each respiration phase of the generated synthetic 4D-CT. The advantage 183 
of this method over the Contour Transformation method is that deformable image registration may 184 
not always accurately preserve the shape of small substructure segmentations.   185 

Evaluation Metrics 186 
Quantitative metrics were used to compare the different CBCT segmentation methods to the ground 187 
truth cardiac structure segmentations. As the cardiac structures are a range of shapes and sizes a 188 
variety of different evaluation metrics were used. These metrics include Dice similarity coefficient 189 
(DSC), the mean surface distance (MSD), the (maximum) Hausdorff distance (HD), and volume ratio 190 
(VR) (computed as estimated/ground truth). DSC was used as a it is a common metric for comparing 191 
segmentations, and thus will be useful for comparing the results to other similar datasets. However, 192 
DSC is a poor metric for comparing the segmentation accuracy of different sized segmentations, and 193 
so MSD and HD were also calculated as they provide a more comparable measurement of overall 194 



surface deviation (MSD) and maximum segmentation deviation (HD). VR was also used as under or 195 
over estimating the volume of segmentations can affect dose volume histogram calculations, as well 196 
as metrics such as mean and maximum dose32. The term “accuracy” is used to compare the 197 
segmentations from the different CBCT segmentation methods to the ground truth segmentations 198 
generated by platipy. The segmentations generated by the platipy auto-segmentation method have 199 
associated uncertainties and are not necessarily the “true” position of each cardiac substructure 200 
19,20,33, however as mentioned previously the advantage of auto-contouring methods over manual 201 
contours is to provide consistency and overcome issues related to inter-observer variability.  202 

The different segmentation methods were compared with each other for all respiration phases, 203 
cardiac structures and patients. Statistical analysis was conducted using a one-way repeated 204 
measurements ANOVA with significance α=0.05 with Dunnett corrections applied for multiple 205 
comparisons. Statistical analysis was conducted using Graphpad Prism (Graphpad Software, USA). 206 

Results 207 

Qualitative results 208 
An example of the whole heart segmentations generated by the different cardiac CBCT segmentation 209 
methods is shown in Figure 2. This example had the largest MSD value for the 3D Rigid Alignment 210 
whole heart segmentation. This figure shows how the Contour Transformation and Synthetic CT 211 
Segmentation methods can better compensate for the changing anatomy than the 3D and 4D Rigid 212 
Alignment methods. Additionally, the Direct CBCT Segmentation method produces a segmentation 213 
that mostly aligns with the ground truth heart segmentation, except for the most anterior part of the 214 
heart where the accuracy of the Direct CBCT Segmentation is poor. An example of every cardiac 215 
substructure segmentation for all CBCT segmentation methods for this patient is shown in the 216 
supplementary materials. 217 

 218 

Figure 2 – (Left) An example of the whole heart segmentations for the different cardiac CBCT segmentations methods 219 
overlayed on a CBCT image for patient 1 for the exhale respiration phase. (Right) Quantitative metrics for the heart 220 

segmentations shown for each segmentation method. The Contour Transformation and Synthetic CT Segmentation methods 221 
generated the most accurate Heart segmentation, while the anterior border of the Direct CBCT Segmentation method was 222 

not consistently accurate.  223 



Quantitative results 224 
The results showing the accuracy of the different CBCT segmentation methods for all patients using 225 
the evaluation metrics are summarized in Table 1. The results for each cardiac structure are shown in 226 
Figure 3-Figure 6.  227 

Table 1 – The Dice similarity coefficient (DSC), Hausdorff Distance (HD), mean surface distance (MSD) and volume ratio (VR) 228 
for all patients for all structures for the different cardiac CBCT segmentation methods. The different CBCT segmentation 229 

methods are also compared. 3D = 3D Rigid Alignment, 4D = Rigid Alignment, dCBCT = Direct CBCT Segmentation, CTrans = 230 
Contour Transformation, sCT = Synthetic CT Segmentation. Metrics are DSC-Dice Similarity Coefficient, HD-Hausdorff 231 

Distance, MSD-Mean Surface Distance, VR-Volume Ratio. Statistical significance is shown for one-way ANOVA results: * 232 
indicates significance p≤0.05.   ** indicates significance p≤0.01 *** indicates significance p≤0.001 233 

 Mean (± 95% 
Confidence 
Intervals) 

Statistically 
different 

to 3D 

Statistically 
different to 

4D 

Statistically 
different to 

dCBCT 

Statistically 
different to 

CTrans 

Statistically 
different to 

sCT 
Dice similarity coefficient [0,1] 

3D Rigid 
Alignment 

0.48 (0.47, 
0.49) 

 ** *** *** *** 

4D Rigid  
Alignment 

0.52 (0.50, 
0.53) 

**  *** ** ** 

Direct CBCT 
Segmentation 

0.37 (0.36, 
0.38) 

*** ***  *** *** 

Contour 
Transformation 

0.53 (0.52, 
0.55) 

*** ** ***  p=0.081 

Synthetic CT 
Segmentation 

0.57 (0.56, 
0.58) 

*** ** *** p=0.081  

Hausdorff Distance (mm) 
3D Rigid 
Alignment 

10.9 (9.1, 
12.7) 

 ** *** p=0.057 *** 

4D Rigid  
Alignment 

9.9 (8.6, 
11.2) 

**  *** p=0.995 p=0.097 

Direct CBCT 
Segmentation 

17.3 (14.7, 
20.0) 

*** ***  *** *** 

Contour 
Transformation 

9.9 (8.5, 
11.4) 

p=0.057 p=0.995 ***  p=0.36 

Synthetic CT 
Segmentation 

9.3 (7.8, 
10.8) 

*** p=0.097 *** p=0.36  

Mean surface distance (mm) 
3D Rigid 
Alignment 

2.9 (2.5, 3.2)  p=0.887 *** *** p=0.072 

4D Rigid  
Alignment 

2.9 (2.6, 3.2) p=0.887  *** *** p=0.012* 

Direct CBCT 
Segmentation 

6.3 (5.1, 7.5) *** ***  *** *** 

Contour 
Transformation 

2.5 (2.2, 2.8) *** *** ***  p=0.79 

Synthetic CT 
Segmentation 

2.4 (2.0, 2.7) p=0.072 p=0.012* *** p=0.79  

Volume Ratio (estimated/ground truth volume) 
3D Rigid 
Alignment 

0.81 (0.75, 
0.86) 

 p=0.022* p=0.053 *** p=0.379 

4D Rigid  0.78 (0.72, p=0.022*  p=0.027* *** p=0.251 



Alignment 0.85) 
Direct CBCT 
Segmentation 

1.10 (0.87, 
1.34) 

p=0.053 p=0.027*  p=0.010** p=0.074 

Contour 
Transformation 

0.72 (0.65, 
0.80) 

*** *** p=0.010**  p=0.104 

Synthetic CT 
Segmentation 

0.98 (0.77, 
1.20) 

p=0.379 p=0.251 p=0.074 p=0.104  

 234 

Table 1 shows that the Synthetic CT segmentations had higher DSC values than all other 235 
segmentation methods, all significantly higher except the Contour Transformation method. Similarly, 236 
Figure 3 shows the DSC values for the Synthetic CT Segmentation method were higher than the other 237 
segmentation methods for all cardiac structures, apart from the aortic valve and the Left Coronary 238 
Artery. Table 1 and Figure 3 also show that the Contour Transformation segmentations had 239 
significantly higher DSC values than the 3D & 4D Rigid alignment methods and the direct CBCT 240 
segmentation method.  The DSC values in Table 1 are relatively low (≈0.5) which Figure 3 shows is 241 
due to the lower DSC values for smaller cardiac substructures for all segmentation methods when 242 
compared to the cardiac chamber and whole heart segmentations. Similar results have been 243 
observed when reporting on segmentations for different cardiac substructure sizes19. These lower 244 
DSC values are due to structures such as the coronary arteries being much smaller than the whole 245 
heart and cardiac chambers, and for the same physical shift, the DSC will be lower for smaller 246 
volumes. Figure 4 and Figure 5 do not show a similar trend in decreasing HD and MSD values for the 247 
smaller cardiac substructures, showing that, for these metrics, appears to be no major decrease in 248 
segmentation performance for the smaller cardiac substructures.  249 



 250 

Figure 3 – The Dice Similarity Coefficient (DSC) comparing the different CBCT segmentation methods to the ground truth 251 
segmentations for each substructure segmentation for every patient. LA-Left Atrium, RA-Right Atrium, LV-Left Ventricle, RV-252 

Right Ventricle, AA-Ascending Aorta, PA-Pulmonary Artery, SV-Superior Vena Cava, AV-Aortic Valve, MV-Mitral Valve, PV-253 
Pulmonic Valve, TV-Tricuspid Valve, LCX-left circumflex artery, LCA-Left Coronary Artery, RCA-Right Coronary Artery, LAD-left 254 

anterior descending coronary artery, AVN-Atrial Ventricular Conduction Node, SAN-Sino Atrial Conduction Node   255 

Table 1 shows that the 4D Rigid Alignment, Contour Transformation and Synthetic CT segmentations 256 
had the lowest HD values for all cardiac structures. Figure 4 shows the accuracy of the segmentations 257 
from the different CBCT segmentation methods was reasonably consistent for the different cardiac 258 
structures, except for the pulmonary artery which had larger HD values than the other structures. 259 
This increased HD for the pulmonary artery is due the unique shape of the pulmonary artery 260 
segmentation, leading to slight shifts in the pulmonary artery segmentation causing large increases 261 
in HD.  262 

For the MSD metrics, Table 1 shows that the Contour Transformation and Synthetic CT segmentations 263 
had the lowest MSD when compared to the other cardiac segmentation methods. Table 1 also shows 264 
that the 3D and 4D rigid alignment methods produced segmentations with similar MSD values, while 265 
the direct CBCT segmentation method had the largest MSD. Figure 5 shows that segmentations 266 
generated by the Contour Transformation and Synthetic CT methods have similar MSD values for the 267 
different cardiac structures.  268 

 269 



 270 

Figure 4 - The Hausdorff Distance (HD) comparing the different CBCT segmentation methods to the ground truth 271 
segmentations for each substructure segmentation for every patient. LA-Left Atrium, RA-Right Atrium, LV-Left Ventricle, RV-272 

Right Ventricle, AA-Ascending Aorta, PA-Pulmonary Artery, SV-Superior Vena Cava, AV-Aortic Valve, MV-Mitral Valve, PV-273 
Pulmonic Valve, TV-Tricuspid Valve, LCX-left circumflex artery, LCA-Left Coronary Artery, RCA-Right Coronary Artery,  LAD-left 274 

anterior descending coronary artery, AVN-Atrial Ventricular Conduction Node, SAN-Sino Atrial Conduction Node   275 

 276 



 277 

Figure 5 - The mean surface distance (MSD) comparing the different CBCT segmentation methods to the ground truth 278 
segmentations for each substructure segmentation for every patient LA-Left Atrium, RA-Right Atrium, LV-Left Ventricle, RV-279 
Right Ventricle, AA-Ascending Aorta, PA-Pulmonary Artery,  SV-Superior Vena Cava, AV-Aortic Valve, MV-Mitral Valve, PV-280 

Pulmonic Valve, TV-Tricuspid Valve, LCX-left circumflex artery, LCA-Left Coronary Artery, RCA-Right Coronary Artery, LAD-left 281 
anterior descending coronary artery, AVN-Atrial Ventricular Conduction Node, SAN-Sino Atrial Conduction Node 282 

The VR results for the different segmentation methods are shown in Table 1. Table 1 shows that in 283 
general the 3D Rigid Alignment, 4D Rigid Alignment and Contour Transformation methods produced 284 
volumes smaller than the ground truth segmentations. Figure 6 shows that in general the direct CBCT 285 
and Synthetic CT segmentation methods produced segmentations that had a more accurate volume, 286 
except for the aortic and pulmonic valves. These results suggest that applying the geometric-based 287 
segmentation rules that are used by platipy enable consistently sized segmentations that follow 288 
clinical guidelines for the smaller cardiac substructures.  289 

 290 



 291 

Figure 6 - The Volume ratio comparing the different CBCT segmentation methods to the ground truth segmentations for 292 
each substructure segmentation for every patient. LA-Left Atrium, RA-Right Atrium, LV-Left Ventricle, RV-Right Ventricle, AA-293 

Ascending Aorta, PA-Pulmonary Artery, SV-Superior Vena Cava, AV-Aortic Valve, MV-Mitral Valve, PV-Pulmonic Valve, TV-294 
Tricuspid Valve, LCX-left circumflex artery, LCA-Left Coronary Artery, RCA-Right Coronary Artery, LAD-left anterior descending 295 

coronary artery, AVN-Atrial Ventricular Conduction Node, SAN-Sino Atrial Conduction Node 296 

In a clinical context the advantage of the Contour Transformation method over the Synthetic CT 297 
Segmentation method is that the most time-consuming step in the Contour Transformation method 298 
is the deformable registration. As deformable registration has been proposed for adaptive planning34 299 
it is clinically feasible to include a deformable registration step into the patient positioning 300 
procedure, especially if it leads to an increase in treatment accuracy. However, for the Synthetic CT 301 
segmentation method, once the synthetic CT has been generated, new cardiac substructure 302 
segmentations are required to be generated. Although in the future the cardiac substructure 303 
segmentation method can be optimized to reduce the processing time, currently it requires 304 
significantly more time (≈12mins) than a deformable registration (≈0.37 mins).  305 



 306 

Figure 7 - Relationship between the whole heart segmentation MSD and the MSD values for each substructure 307 
segmentations. Correlation values between the whole heart MSD and each segmentations MSD value are displayed in the 308 

figure legends. MSD – mean surface distance.  309 

The relationship between the MSD of each whole heart segmentation, and the MSD values for the 310 
other cardiac substructure segmentations are shown in Figure 7. In all of the cardiac CBCT 311 
segmentation methods described in this paper, the whole heart segmentation is generated first, 312 
which is then used to generate segmentations for the smaller cardiac substructures. Figure 7 shows 313 
the effect that an inaccurate whole heart segmentation has on the accuracy of the substructure 314 
segmentations with the correlation values indicating a strong dependency in substructure 315 
segmentation accuracy on whole heart segmentation accuracy. The substructure with the strongest 316 
correlation to the whole heart MSD was the right ventricle segmentation.  317 

Discussion 318 
This paper described the investigation of cardiac substructure automatic segmentation methods on 319 
4D cone-beam CT images. The CBCT segmentation methods were compared for multiple patients 320 
and for different respiration phases. Segmentation accuracy was compared using the DSC, MSD, HD, 321 
and VR metrics. The results showed that using deformable image registration methods (such as the 322 
Contour Transformation and Synthetic CT segmentation methods), the accuracy of localizing different 323 
cardiac substructures in patient 4D-CBCT images could be increased when compared to estimating 324 
cardiac substructure locations in CBCT images via rigid registration.   325 

The results showed that the Synthetic CT Segmentation method was able to consistently produce the 326 
most accurate cardiac substructure segmentations in 4D-CBCT images. The use of the deformable 327 
registration step in the Synthetic CT segmentation method compensated for the change in patient 328 
anatomy between the planning 4D-CT and the simulated 4D-CBCT images. Additionally, when 329 
compared with the Contour Transformation method, using platipy to generate the cardiac 330 
substructure segmentations in the Synthetic CT segmentation method ensured that volumes of the 331 
smaller substructures (i.e., cardiac valves and coronary arteries) were more accurately defined using 332 
the geometric rules as defined by contouring guidelines.  333 

The platipy CT segmentation software has previously been validated on breast and lung CT 334 
scans19,20,35. In the paper describing the development of the platipy algorithm the mean whole heart 335 



MSD and DSC values for of 2.16 mm and 0.93 respectively for 30 patients19. Similarly, Olloni et al. 336 
evaluated the accuracy of platipy on 12 breast cancer CT scans, and the MSD and DSC values for the 337 
whole heart segmentation were 1.5 mm and 0.9520. In comparison, for the Contour Transformation 338 
method the whole heart MSD and DSC values were 1.91 mm and 0.93 respectively and for the 339 
Synthetic CT Segmentation method the whole heart MSD and DSC values were 1.68 mm and 0.94 340 
respectively. This result shows that the accuracy of CBCT segmentations generated by the Contour 341 
Transformation and Synthetic CT Segmentation methods is similar to the accuracy of the 342 
segmentations generated from CT images.  343 

Balgobind et al. compared the manual contouring accuracy of 31 cardiac and surrounding structures 344 
from 20 radiation oncology centers on CT images using the DSC, median distance to agreement 345 
(MDA) and HD metrics 28. For the larger structures such as the whole heart and cardiac chambers, 346 
the median DSC values for the Contour Transformation and Synthetic CT segmentation methods 347 
were similar to the DSC values for the manual contours (0.93 and 0.87 respectively) but the MDA and 348 
HD values were smaller (<0.5mm for MDA and <4.5mm for HD). Similarly Milo et al. compared 349 
manual contouring accuracy of 15 observers from 4 radiation oncology centers. For the whole heart 350 
and cardiac chamber segmentations the median DSC values were approximately 0.9 and 0.8 351 
respectively which is similar to the reported DSC values for the Contour Transformation and Synthetic 352 
CT segmentation methods reported in this paper 27. As discussed previously both the comparisons by 353 
Balgobind et al and Milo et al. showed that the large inter-observer variability caused larger errors in 354 
the manual contours for smaller cardiac substructures such as the coronary arteries and heart valves 355 
27,28.  356 

The Contour Transformation and Synthetic CT segmentation methods are highly dependent on the 357 
accuracy of the deformable registration method used, which for this paper was a multi-resolution B-358 
spline based deformable registration method, with a mutual information loss function. Previous 359 
investigations have found that the B-spline registration method to be an accurate and reliable 360 
deformable image registration method36,37. Areas of poor image quality38 or areas of the same pixel 361 
value39 result in poorer registration accuracy, so if another registration method is used then it will 362 
also need to be robust to these sources of error. While the algorithm to implement the B-spline 363 
registration used in this paper to generate the synthetic CT images was implemented using open-364 
source software, this approach to generating synthetic CT images is similar to the commercially 365 
available VelocityAI software (Varian Medical Systems, Palo Alto, CA). While there may be some small 366 
differences between the performance of the Elastix software and VelocityAI40, we can expect similar 367 
synthetic CT accuracy to the results in this paper when clinically implemented using the clinical 368 
software.  369 

The results in Figure 6 show that the different CBCT segmentation methods underestimated the total 370 
volume of the different cardiac substructures. This underestimation of the cardiac substructure 371 
volumes is particularly evident for the smaller substructures such as the cardiac valves and 372 
conduction nodes, which are defined as a constant size, and so the VR metrics for these geometric-373 
based substructures for all methods (apart from the transformation methods) should be equal. This 374 
may be due to the different voxel sizes between the CT and CBCT images, as the slice thickness for 375 
the CT scans was 3 mm, but the voxel spacing in the SI direction was 1 mm. The quantitative VR 376 
metrics of the different segmentation methods may hence be improved if the voxel size of the CT 377 
volumes was the same as the CBCT volumes being compared.  378 

A limitation of this study is that synthetic 4D-CBCT images were generated from patient 4D-CT 379 
images, rather than direct 4D-CBCT patient measurements. This step was necessary as a ground truth 380 
for the cardiac substructure segmentation is required, and given the relatively poor quality of CBCT 381 



images, it can be difficult to identify cardiac substructures in 4D-CBCT images, even for experienced 382 
clinicians. Since for the Contour Transformation and Synthetic CT Segmentation methods a 383 
deformable registration is used to generate the cardiac substructure segmentations, this same 384 
method can’t be used to also generate the ground truth segmentations by deformably registering 385 
real patient 4D-CT images to real 4D-CBCT images. These synthetic CBCT images are idealized 386 
reconstructions and would have better image quality that real CBCT images. Similarly, factors such as 387 
the conversion from attenuation coefficients to HU values, the lack of intra-bin motion for the 388 
different respiration phases, and the absence of noise sources such as scatter and beam hardening 389 
can reduce the quality of 4D-CBCT reconstructions which would potentially reduce the accuracy of 390 
the cardiac segmentation methods described in this paper. Future work will look at validating these 391 
CBCT segmentation methods on real patient CBCT images.  392 

There have been other cardiac segmentation methods developed, including methods for segmenting 393 
the heart into 17 segments according to the American Heart Association 17-segment model41. For 394 
the Contour Transformation and Synthetic CT Segmentation methods described in this paper, the 395 
methods are not dependent on the specific cardiac substructures or segmentation model that were 396 
shown in the results of this paper. Hence any method for segmenting the heart in a CT scan should 397 
be able to be applied with a similar level of accuracy to segmenting CBCT scans using either the 398 
Contour Transformation or Synthetic CT scan method, assuming the cardiac segmentation method 399 
used has also been robustly validated.   400 

Figure 4 and Figure 5 show that using the HD and MSD metrics respectively, the Direct CBCT 401 
segmentation method had significantly higher HD and MSD values for the overall heart segmentation 402 
than the 3D rigid alignment method, which suggests that the poor performance of the direct CBCT 403 
segmentation could be due to the deep learning segmentation of the whole heart not being 404 
accurate. For this reason we produce Figure 7, investigating specifically the correlation between 405 
whole heart segmentation MSD and the corresponding MSD for smaller substructures. We observe 406 
that 64% to 89% of the variation in MSD error for smaller substructures can be predicted from the 407 
MSD error in the whole heart segmentation, emphasizing how critical whole heart segmentation is 408 
for all other substructures. 409 

Whilst the deep learning-based method was not able to segment cardiac substructures consistently 410 
and accurately on the simulated CBCT images, future work could investigate developing and training 411 
new segmentation networks which are able to segment cardiac substructures directly from the CBCT 412 
image. These deep learning-based CBCT segmentation networks would need to be trained using 413 
CBCT images with varying levels of noise, with features that can overcome artefacts such as streaking 414 
artefacts.  415 

There have been several studies that have found that for STAR, both respiration and cardiac motion 416 
contribute significantly to the overall target volume motion5–8. ECG and respiration gating has been 417 
proposed for treatments using MRI-Linacs, which can extend the treatment time42. Akdag et al. 418 
investigated the effect of cardiac gating on treatment accuracy and on the treatment duty cycle43, as 419 
well as combining ECG-gating with Multi-leaf collimator tracking for managing respiration motion44 420 
and found that it although it would increase the time, it was clinically feasible. However, MRI-Linacs 421 
are expensive, and as such are not as common clinically, when compared to conventional linacs.  422 
Successful implementation of cardiac substructure segmentation in planning 4D-CT and pre-423 
treatment 4D-CBCT images would allow for management of respiratory motion, which would allow 424 
for cardiac-gated STAR treatment without the need for an MRI-Linac.  425 



Conclusion 426 
This paper described the investigation of cardiac substructure automatic segmentation methods on 427 
synthetic 4D cone-beam CT images. The results showed that the developed cardiac CBCT 428 
segmentation methods were more accurate than 3D and 4D rigid alignment of the contours from the 429 
planning CT. By simulating 4D-CBCT pre-treatment images, and accurately segmenting the cardiac 430 
substructures in these 4D-CBCT images, the target volume can be more clearly identified prior to 431 
STAR treatments. More accurate targeting in cardiac CBCT treatments will lead to more effective 432 
treatments and lower radiation-related treatment toxicities. As the data and segmentation methods 433 
used in this paper are all open source, this paper provides a useful benchmarking tool to evaluate 434 
other CBCT cardiac segmentation methods.  435 
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