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A B S T R A C T

Background and Purpose: Labeling cone-beam computed tomography (CBCT) images is challenging due to poor 
image quality. Training auto-segmentation models without labelled data often involves deep-learning to generate 
synthetic CBCTs (sCBCT) from planning CTs (pCT), which can result in anatomical mismatches and inaccurate 
labels. To prevent this issue, this study assesses an auto-segmentation model for female pelvic CBCT scans 
exclusively trained on delineated pCTs, which were transformed into sCBCT using a physics-driven approach.
Materials and Methods: To replicate CBCT noise and artefacts, a physics-driven sCBCT (Ph-sCBCT) was synthe
sized from pCT images using water-phantom CBCT scans. A 3D nn-UNet model was trained for auto- 
segmentation of cervical cancer CBCTs using Ph-sCBCT images with pCT contours. This study included female 
pelvic patients: 63 for training, 16 for validation and 20 each for testing on Ph-sCBCTs and clinical CBCTs. Auto- 
segmentations of bladder, rectum and clinical target volume (CTV) were evaluated using Dice Similarity Coef
ficient (DSC) and 95th percentile Hausdorff Distance (HD95). Initial evaluation occurred on Ph-sCBCTs before 
testing generalizability on clinical CBCTs.
Results: The model auto-segmentation performed well on Ph-sCBCT images and generalized well to clinical 
CBCTs, yielding median DSC’s of 0.96 and 0.94 for the bladder, 0.88 and 0.81 for the rectum, and 0.89 and 0.82 
for the CTV on Ph-sCBCT and clinical CBCT, respectively. Median HD95′s for the CTV were 5 mm on Ph-sCBCT 
and 7 mm on clinical CBCT.
Conclusions: This study demonstrates the successful training of auto-segmentation model for female pelvic CBCT 
images, without necessarily delineating CBCTs manually.

1. Introduction

Inter-fraction motion in the pelvic area can be substantial during 
radiation therapy [1–3]. To manage inter-fraction motion, online 
adaptive radiotherapy (ART) is emerging, particularly with the intro
duction of magnetic resonance linear accelerators (MR-Linac) and ring- 
based cone-beam computed tomography (CBCT) guided Linacs, such as 
the Ethos,Varian. Online ART is expanding to C-arm CBCT Linacs as 
well, despite the generally poor image quality of the CBCT compared to 
the CT. Within online ART, treatment plans are dynamically adjusted 
based on the daily anatomy on the CBCT[4,5]. This type of online ART 
involves the necessity of fast and accurate contours on the CBCT scan, 
which is challenging with manual contouring.

One approach to obtain contours on CBCT is via deformable image 

registration (DIR), by transferring the contours from the planning CT 
(pCT) to the CBCT. The accuracy of DIR, however, is limited by the 
substantial anatomical changes in the pelvic region and the suboptimal 
image quality of the CBCT [6]. More recent approaches involve deep- 
learning (DL) techniques for auto-segmentation[7–10]. For the 
training of these models, labeled CBCT data is often necessary. Unlike 
pCT scans, the delineation of CBCT scans is not typically integrated into 
the clinical workflow and is more tedious and error-prone due to poor 
image quality.

To avoid manually contouring vast amount of CBCT images for 
training, several methods have been explored. For example, DL-models 
are trained with labeled pCT and unlabeled CBCT data[7]. However, 
defining loss functions for both labeled and unlabeled data is compli
cated, which can result in overfitting with small labeled datasets or error 
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accumulation of the predicted contours during training. Another 
approach to train DL-models without labeling CBCT data involves DL- 
models for image synthesis, generating synthetic CBCT (sCBCT) data 
from pCT[9]. Subsequently, the contours of the pCT can be transferred 
to the sCBCT. These DL-sCBCT images are used as input for the auto- 
segmentation model. However, image synthesis can introduce anatom
ical mismatches between the pCT and DL-sCBCT[11]. This anatomical 
mismatch can cause incorrect labeled DL-sCBCTs, which decreases the 
performance of the auto-segmentation model. A DL-free method to 
generate sCBCT images could solve the incorrect labeled sCBCTs. 
Therefore, the aim of this study was to evaluate the performance of an 
auto-segmentation model for female pelvic CBCT scans exclusively 
trained on delineated pCTs, which were transformed into sCBCT using a 
physics-driven approach.

2. Materials and methods

2.1. Patient data

This study included data of 109 consecutive female pelvic cancer 
patients, all treated at Catharina hospital, Eindhoven. pCT images were 
acquired between January 2020 and January 2023 on a Philips big bore 
CT (Philips, Eindhoven, Netherlands) with 120 kVP, 512 × 512 voxels, 
pixel size 1.17 mm and 3 mm slice thickness. The pCT without contrast 
agent in the bladder was used for this study. For testing the auto- 
segmentation model on clinical CBCT images, CBCT images were ac
quired on multiple Xray Volumetric Imaging (XVI) v5.0.6 and v5.0.7 
systems (Elekta AB, Stockholm, Sweden) between January 2021 and 
September 2023. CBCT imaging settings were: medium Field-of-View, 
bowtie filter, 64 mA and 40 ms per projection, 5.5 frames/sec in a 

Fig. 1. Illustration of the pipeline to generate Ph-sCBCT images from pCT images. First, three CBCT scans of a water-phanthom were made. Second, the CBCT water 
images were cropped. Third, to only include water voxels, the image was masked. Fourth, the average value of the water voxels was set to zero. Fifth, the three water 
images were stacked to increase the image in craniocaudal direction. The transitions of the stacked scans were inhomogeneous, resulting in a noticeable inconsistency 
in the Ph-sCBCT image. Finally, the stacked water image was elementwise added to the pCT image in order to generated Ph-sCBCT images, which added CBCT 
artefacts and scatter. The entire pipeline is implemented using Python, and the corresponding code is available for academic and research purposes. It can be accessed 
at the following repository: https://github.com/ydehondcze/creating_Ph-sCBCT.
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360◦ arc. First fraction CBCT images were used in this study. Patients 
with metal orthopedic implants and patients who had undergone hys
terectomy were excluded. The included patients had a median age of 64 
years [range: 29–91], and a median Body Mass Index of 24 kg/m2 

[range: 18 kg/m2 – 34 kg/m2]. This research used anonymized patient 
data and received approval under Dutch law for a medical research 
waiver (non-WMO legislation).

2.2. Training and validation data preparation

pCT images were delineated according to EMBRACE II guidelines for 
clinical purposes or retrospectively by radiotherapy technologists[12]. 
The organs-at-risk (OAR) and target structures were rectum, bladder, 
uterus, cervix, vagina and parametria. The clinical as well as retro
spective delineations were verified by a radiation oncologist. The de
lineations of the uterus, cervix, vagina and parametria were combined to 
a target area, the clinical target volume (CTV). The bowel contrast was 
removed in pCT images, in which oral contrast was used during scan
ning. The contrast was removed by adjusting each voxel above 90 HU 
within the bowel structure to a random value between 0 HU and 60 HU 
to replicate bowel tissue and CT scatter.

The pCT images have reduced noise and artefacts compared to the 
CBCT scans. To incorporate the inherent noise and artefacts character
istics of CBCT scans into to the training of the auto-segmentation algo
rithm, the pCT image was transformed in a physics driven sCBCT (Ph- 
sCBCT) image. In Fig. 1, the pipeline to generate Ph-sCBCT images is 
illustrated. First, CBCT scans of a homogeneous medium were made to 
exclusively capture noise and artefacts generated by the x-ray beam and 
detector. As homogeneous medium, a Harmonized Phantom Body 40 
mm Section (Philips Healthcare Co.) filled with demi water was used. 
Since the dimensions of this water-phantom were smaller than the CBCT 
field of view (FOV), three CBCT scans were performed per XVI system. 
The water-phantom was displaced by 80 mm per scan to encompass the 
complete longitudinal range of the detector. The CBCT acquisition 
protocol was identical to the patient CBCT acquisition protocol.

Second, the water-phantom scans were cropped and masked to 
exclude the treatment-table and phantom boundary artefacts. This way 
only the voxels within the water-phantom were used resulting in a water 
image. Third, the average pixel intensity value of the water image was 
normalized to zero. To amplify the noise and ring artefacts, the 
normalized water-image was multiplied by four. Fourth, the processed 
water images were stacked in the order of the scanning position to form 
a larger longitudinal range. The transitions of the stacked scans were 
inhomogeneous, resulting in a noticeable inconsistency in the Ph-sCBCT 
image.

Last step was adding the processed water images element wise to the 
pCT to create Ph-sCBCT images. The center of the water image coincided 
with the center of the CTV structure on the pCT. To improve the auto- 
segmentation model robustness for patient positioning, variability in 
CBCT artefact positions was introduced by randomly translating the 
water scan between − 20 mm to 0 mm in the craniocaudal direction, and 
between − 15 mm and 15 mm in the other two directions. In addition to 
this translation, the water scan was randomly rotated between − 90◦ and 
90◦. Since the native space of the Ph-sCBCT images is equal to that of the 
pCT images, the delineated structures of the pCT were used. The entire 
pipeline is implemented using Python, and the is available for academic 
and research purposes on https://github.com/ydehondcze/creating_Ph 
-sCBCT.

Ring artefacts in CBCT images are typically caused by inconsistencies 
in the response of individual detector elements, leading to variations in 
signal intensity across the detector array. These intensity differences are 
detector panel- and XVI system-specific. To increase the auto- 
segmentation model’s robustness for multiple XVI systems, the Ph- 
sCBCT generation pipeline was performed six times per patient, using 
water-phantom scans acquired on six different XVI systems.

2.3. Auto-segmentation model

The nn-UNet was selected as DL-algorithm for this study based on its 
described good performance and suitability for a large range of image 
types[13]. The automated configuration of nn-UNet operates autono
mously, requiring no manual intervention, when applied to a novel 
dataset. For training, the 3D U-Net architecture was used. The DL-model 
was trained on full-resolution image data. Five folds cross-validation 
was used and an ensemble of the folds was used to generate the final 
prediction. In each fold, 63 patients were used for auto-segmentation 
training and 16 patients for validation. Since multiple Ph-sCBCT im
ages were generated per patient, each fold of the Ph-sCBCT model 
consisted of train/validation images of 378/96 3D images, respectively. 
Training was performed on a RTX5000 graphic card and lasted 34 h per 
fold. Loss-functions were Dice and cross-entropy[13]. Loss-curves of the 
five folds training and validation are given in supplemental materials 
Fig. A1.

2.4. Test data preparation and evaluation of auto-segmentation model

To test the auto-segmentation model on Ph-sCBCT data, images of 
twenty patients were preprocessed as described in section 2.2. To 
evaluate the performance of the model on clinical CBCT data, additional 
XVI CBCT images of 20 patients were included in the test set. To evaluate 
the auto-segmentations, manual delineations on the clinical CBCT im
ages were used as reference segmentations. The bladder, rectum and 
CTV were delineated. These delineations were verified by a radiation 
oncologist.

Auto-segmentations of the DL-model were compared to the reference 
segmentations using the volumetric Dice similarity coefficient (DSC), 
95th percentile hausdorff distance (HD95) and average surface distance 
(ASD). These metrics were calculated in 3D using the MedPy library. To 
standardize the delineations, slices below the caudal part of the bladder 
and slices above the cranial part of CTV were excluded from the refer
ence contour. Evaluation was only performed in areas where the refer
ence contour was present. An example in which these caudocranial 
restrictions of the metric calculation was used is given in the sagittal 
view of the clinical CBCT segmentation (Fig. 2a). To statistically test if 
there was a significant difference in auto-segmentation performance on 
Ph-sCBCT images and clinical CBCT images, a Mann-Whitney U test was 
used [14]. A p-value below 0.05 was considered significant.

3. Results

3.1. Visual inspection of auto-segmentation performance

The examples in Fig. 2 were selected based on the combined DSC and 
HD95 scores of all three segmented structures. In the good case typical 
example of the Ph-sCBCT and clinical CBCT image (Fig. 2a), the manual 
and auto-segmented contours were in general comparable, except for 
the caudal part of the CTV and bladder on the clinical CBCT image as 
shown in the sagittal view. In the rectum auto-segmentation of the 
clinical CBCT image, more transversal slices were segmented compared 
to the manual segmentation, due to limited manual delineation as 
described in section 2.4. Although the manual contour and auto- 
segmented contour differ in the anterior part of the CTV edges in the 
average case (sagittal view in Fig. 2b), the auto-segmented contour 
resembled the anatomy on the CBCT better in the edge between CTV and 
bladder. Furthermore, the cranial part of the rectum was further delin
eated in the manual compared to the auto-segmentation. Except for 
these discrepancies, the auto-segmented contours generated by the DL- 
model were in general comparable to the manual contours. In the 
poor-case example of the Ph-sCBCT image (Fig. 2c), the auto-segmented 
rectum contour differed from the manual segmentation on the cranial 
part of the rectum as shown in the sagittal image. In addition, the auto- 
segmented bladder contour differed from the manual contour on the 
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anterior part of the bladder (transversal view). In the poor-case example 
of the clinical CBCT a discrepancy was observed in the rectum and 
uterus part of the CTV as shown in sagittal and transversal image. The 
auto-segmented CTV did not include the anterior part of the uterus.

3.2. Quantitative analysis of auto-segmentation performance

Overall, the performance of the auto-segmentations on the clinical 

CBCT was significantly less compared to the auto-segmentations on 
native Ph-sCBCT images, albeit still achieving high scores (Fig. 3). The 
median DSC values for clinical CBCT reached 0.94 for the bladder, 0.81 
for the rectum, and 0.82 for CTV, with HD95 and ASD scores also 
indicating reasonable alignment with manual contours (Table 1). 
Although the performance of the auto-segmentation model was slightly 
lower when applied on clinical CBCT images compared to Ph-sCBCT 
images, the manual and auto-segmented contours on the clinical CBCT 
images were in general comparable.

4. Discussion

This study demonstrates the feasibility of training auto-segmentation 
models for female pelvis CBCT images exclusively trained on Ph-sCBCT 
images with pCT contours by using a physics-driven approach. In 
contrast to auto-segmentation training on manually delineated CBCT 
images, this approach exclusively requires clinical contoured CBCT pa
tient data for testing the auto-segmentation model, an advantage that 
facilitates agile updating of the segmentation model to new imaging 
settings.

The DSC of auto-segmentation of the CTV on native data, Ph-sCBCT, 
were above 0.80. This DSC was within the reported manual delineation 
variability of cervical cancer CTV delineation on pCT images, ranging 
between 0.72 and 0.90, in a quantification study among radiotherapy 
centers in the United Kingdom[15]. On non-native clinical CBCT data, 
the segmentation model performed less compared to testing on native 
Ph-sCBCT data. Although the auto-segmentation model was exclusively 
trained on native Ph-sCBCT data and clinical CBCT data was new for the 
segmentation model, the DSC of the CTV on clinical CBCT was, in 90 % 
of the cases, within this delineation variability on pCT images. There
fore, the generalization of the auto-segmentation model to non-native 
clinical CBCT data was sufficient despite the significant lower 
contrast-to-noise ratio (CNR) in the clinical CBCT compared to the Ph- 
sCBCT images (supplementary materials A2). A higher proportion of 
segmentations on clinical CBCT images obtained through auto- 
segmentation (77 % of cases) met the AAPM TG-132 guidelines, which 
recommend a DSC tolerance of 0.8–0.9, compared to only 20 % of cases 
where DIR was used to deform pCT segmentations onto clinical CBCT 
images (see supplementary materials A3)[16]. Therefore, the evaluated 
auto-segmentation model is more suitable for dose calculations 
compared to acquiring contours through DIR.

The DSC and HD95 metrics for the CTV auto-segmentation were 
comparable to the uterus segmentation metrics on Ethos CBCT images 
[4]. These metrics for the CTV auto-segmentation were acceptable given 
the number of factors that challenges CTV contouring. On the one hand, 
the image quality of the XVI clinical CBCT images is poor compared to 
Ethos CBCT images. On the other hand, CTV delineating is more chal
lenging compared to a single organ, such as the uterus, as the CTV en
compasses multiple structures, including the cervix and parametria. This 
complexity contributes to a higher degree of interobserver variability in 
defining the cervix-uterus CTV compared to the uterus alone, as a result 
of variations in the inclusion of the parametria and vagina[17]. In 
several poor auto-segmented CTV cases, discrepancies in the parametria 
region were observed between manually and auto-segmented CTV 
(supplementary materials A4). This difference in segmentation was most 
likely caused by variability in delineation of the parametria as the 
definition of the CTV is partially motivated by the clinical experience 
[17].

The median DSC (0.94) and HD95 (4 mm) of the bladder segmen
tations were comparable to metrics reported in a study where an auto- 
segmentation model was trained and tested on Ethos CBCT images 
(0.94 and 4 mm)[4]. Although the rectum DSC and HD95 was lower 
compared to auto-segmentation on Ethos CBCT, our rectum DSC (me
dian: 0.81) and HD95 (median: 9 mm) was comparable or better to auto- 
segmentation model trained on manual delineated CBCT images (me
dian: 0.70–0.75 and 14 mm)[4,8,18]. The median DSC of auto- 

Fig. 2. Typical examples of a good (a), average (b) and poor (c) case perfor
mance of auto-segmentation of the bladder (yellow), CTV (blue) and rectum 
(red) on Ph-sCBCT and clinical CBCT images. From left to right, transversal 
image, sagittal image and coronal image. The auto-segmented contours 
generated by the nn-UNet trained on Ph-sCBCT images are illustrated with solid 
lines and darker color. Manual contours are illustrated with a dotted line and 
lighter color. For Ph-sCBCT, the DSCs in good, average, and poor cases were 
0.98/0.97/0.91 for the bladder, 0.93/0.87/0.71 for the rectum, and 0.92/0.87/ 
0.83 for the CTV. The HD95 in these cases were 2 mm/2 mm/3 mm for the 
bladder, 3 mm/4 mm/19 mm for the rectum, 4 mm/ 6 mm/ 6 mm for the CTV. 
For clinical CBCT, the DSCs in good, average, and poor cases were 0.96/0.92/ 
0.93 for the bladder, 0.88/0.89/0.61 for the rectum, and 0.87/0.80/0.59 for the 
CTV. The HD95 in these cases were 3 mm/4 mm/4 mm for the bladder, 8 mm/ 
7 mm/ 16 mm for the rectum, 5 mm/7 mm/24 mm for the CTV. (For inter
pretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.)
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segmentation of the bladder on clinical CBCT images (0.94) was within 
the range of reported average OAR delineation variability for volumes 
larger than 8 cc on pCT images (0.91)[19]. Although, the median DSC of 
the rectum auto-segmentation on clinical CBCTs (0.81) was lower than 
this reported variability, the median DSC of the rectum auto- 
segmentation on clinical CBCTs was within the range of reported 

values for bowel delineation on pCT images (0.77–0.88)[19].
Zhang et al. published a comparable auto-segmentation study on 

cervical cancer CBCT images[8]. The used model (i.e., the nn-UNet 
described in[13]) was similar to the model used in this work. Further, 
the CBCT data was acquired with a CBCT system of the same vendor. In 
contrast to this study, however, the model in Zhang et al. was trained on 
a dataset of manually delineated CBCT images. The results presented by 
Zhang et al. showed slightly worse performance compared to the results 
presented in our work. To compare the influence of the different training 
methods, comparable datasets are required. However, 79 patients were 
used in our dataset compared to 23 patients.

To overcome the need to manually contour vast amount of CBCT 
images for training, Ph-sCBCT images were used in this study instead of 
the DL-sCBCT images as described by Schreier et al. or pCT images [9]. 
The performance with pCT images was significantly worse whereas Ph- 
sCBCT and DL-sCBCT images yielded comparable results 
(supplementary materials A5). However, the advantages of generating 
Ph-sCBCT images compared to DL-sCBCT images are 1) the smaller 
amount of CBCT data required and 2) the ensured anatomical accuracy. 
For the generation of DL-sCBCT images, a pCT to DL-sCBCT generator is 
necessary. Creating such a generator necessitates CBCT and pCT images 

Fig. 3. Metrics of the bladder, rectum and CTV contours generated by the autosegmentation model on Ph-sCBCT (blue) and clinical CBCT images (red). a) DSC. b) 
HD95 in mm. c) ASD in mm. The upper and lower extents of the boxes represent the 25th and 75th percentile. Horizontal lines in boxes are medians, dots are outliers. 
Significant differences between Ph-sCBCT and clinical CBCT are indicated with a star. In Figure C, two outliers exceed the HD95 scale, with values of 43 mm and 44 
mm for bladder segmentation on the Ph-sCBCT image. Examples of these outliers are provided in supplementary materials A4. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this article.)

Table 1 
Summary of auto-segmentation performance on evaluation metrics. Metrics are 
reported as median [range]. P-values are reported of statistical test between 
performance on Ph-sCBCT and Clinical CBCT.

Structure Test image type DSC [-] ASD [mm] HD95 [mm]

Bladder Ph-sCBCT 0.96 [0.88–0.98] 1 [0–8] 3 [2–44]
Clinical CBCT 0.94 [0.88–0.97] 1 [1–2] 4 [2–15]
p-value <0.001 <0.001 <0.001

Rectum Ph-sCBCT 0.88 [0.70 – 0.95] 1 [0–7] 6 [2–26]
Clinical CBCT 0.81 [ 0.61–0.91] 2 [1–6] 9 [4–24]
p-value <0.001 0.001 0.006

CTV Ph-sCBCT 0.89 [0.80 – 0.94] 1 [1–5] 5 [3–19]
Clinical CBCT 0.82 [0.58–0.90] 3 [1–5] 7 [5–24]
p-value <0.001 <0.001 <0.001
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on top of the dataset used for training of the auto-segmentation model. 
This poses challenges in obtaining two large enough datasets of patients. 
Conversely, the Ph-sCBCT generator requires only a few water-phantom 
CBCT scans. These few scans facilitated the generation of multiple Ph- 
sCBCT images from one single patient, resulting in a larger augmented 
training dataset. Beyond differences in required patient data, the DL- 
sCBCT generator can induce anatomical differences, which can intro
duce bias in the auto-segmentation model[11].

The water-phantom was used to capture detector and scatter char
acteristics of the CBCT system. Ring artefacts in CBCT images are typi
cally caused by inconsistencies in the response of individual detector 
elements, leading to variations in signal intensity across the detector 
array. These intensity differences are detector panel and XVI system 
specific. To enlarge the auto-segmentation model’s robustness for mul
tiple XVI systems, water-phantom scans of multiple XVI systems were 
made. Further research to adding multi-institutional data could enlarge 
model robustness to imaging settings and detector panels. This approach 
has the potential to enhance robustness for inter-machine variability, 
while simultaneously mitigating the need for patient data sharing, 
thereby simplifying data-sharing logistics and addressing privacy 
concerns.

To evaluate the clinical applicability of auto-segmentation on clin
ical CBCT images, further research on auto-segmentation in clinical 
processes is necessary. For example, qualitative analysis on auto- 
segmentation performance and the needed time to correct the auto- 
segmentations and applicability of the auto-segmentations for online 
adaptive radiotherapy on a C-arm CBCT based Linac is a subject that 
requires more analysis.

In conclusion, an auto-segmentation model was successfully trained 
for female pelvic CBCT images, without the need to manually delineate 
on CBCT images, achieving performance comparable to state-of-the-art 
models. The presented method avoids complex loss functions for 
labeled and unlabeled data and avoids anatomical disparities between 
CBCT and CT. Our model relies exclusively on pCT images and contours 
for training, generating Ph-sCBCT images with a physics-driven 
approach.
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