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Abstract

Radiomics, the extraction of quantitative features from medical images, has shown great potential in
improving precision diagnosis, prognosis, and treatment planning. However, the reproducibility of
radiomics features remains a major challenge due to the variability introduced by differences in imaging
devices, acquisition protocols, and image reconstruction methods. This study introduces the first open-
access cone-beam computed tomography (CBCT) phantom dataset specifically designed to test
reproducibility in on-board imaging systems used in C-arm linear accelerators for radiotherapy. Using a
widely recognized Catphan phantom, CBCT images were acquired from multiple devices across different
imaging parameters, including variations in mAs, slice thickness, and reconstruction filters. The dataset
includes 120 CBCT volumes with corresponding region of interest (ROI) segmentations and radiomics
features enabling comprehensive testing of radiomics feature stability across intra- and inter-vendor
comparisons. By providing this open-access dataset, the study aims to facilitate the standardization of
CBCT radiomics research, improve feature reproducibility, and support the development of robust
radiomics models for clinical applications.
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Background & Summary

Radiomics is an emerging field that leverages advanced computational techniques to extract quantitative
features from medical images, facilitating the identification of imaging biomarkers for precision diagnosis,
prognosis, and treatment planning [1-3]. By mining vast amounts of data from radiological images,
radiomics offers a powerful method for analyzing tumor heterogeneity and other disease-related
characteristics [4, 5, 6]. However, despite its potential, the generalizability and reproducibility of radiomics
features are currently very limited due to the sensitivity of these features to variations in image acquisition
parameters and differences between imaging systems [7-11]. Therefore, radiomics features, such as those
derived from texture analysis, intensity histograms, and morphological measurements, can be influenced
by factors like scanner type, slice thickness, image resolution, and reconstruction algorithms [7-11]. These
inconsistencies lead to substantial variability between studies, limiting the clinical application of
radiomics. For example, differences in slice thickness or reconstruction algorithms can dramatically affect
radiomic measurements, even for the same patient scanned under slightly different conditions. These
issues are further exacerbated by the fact that many radiomics studies lack standardization in imaging
protocols, image normalization, and feature extraction methods. This lack of standardization can lead to
bias, false findings, and challenges in comparing results across studies.

CBCT is increasingly used in various clinical domains due to its real-time 3D imaging capability, compact
hardware, and integration with treatment or surgical systems. In image-guided surgeries, particularly in
orthopedics, dental and maxillofacial procedures, and neurosurgery, CBCT enables precise localization
and verification of anatomical targets during interventions. Its intraoperative use enhances surgical
accuracy and reduces the need for repeat procedures. In interventional radiology, CBCT is used for
guidance during procedures such as tumor ablation, embolization, and biopsy, allowing clinicians to
visualize vascular structures and soft tissue targets with minimal invasiveness. In oncology, CBCT plays a
central role in image-guided radiotherapy (IGRT), where it is used for daily patient setup verification,
treatment adaptation, and monitoring anatomical changes such as tumor shrinkage, weight loss, or organ
motion throughout the treatment course. In adaptive radiotherapy, CBCT data is used to inform re-
planning when anatomical changes affect dose distribution, thereby improving treatment precision and
sparing healthy tissue.

Beyond its foundational role in radiotherapy, CBCT has recently gained interest as a source for radiomics
analysis [12-24]. CBCT imaging is widely available and provides the opportunity to collect serial imaging
data during the course of treatment. This makes it a valuable tool for monitoring treatment-induced
changes in patients, particularly in cancer therapy. CBCT's repeated imaging capability during treatment



enables the extraction of temporal radiomics features, which can be correlated with biological changes
and treatment response. Several studies have demonstrated the utility of CBCT-based radiomics for
predicting therapy response and clinical outcomes in different cancer types. For example, several studies
have highlighted the potential of CBCT radiomics for predicting treatment outcomes, such as the
prediction of xerostomia in head and neck cancer patients [19, 20], prediction or radiotherapy response
in different types of cancers [17, 21-23] and survival prediction of cancer using radiomics analyses of CBCT
images [18, 25]. Apart from the sensitivity of radiomics features to different scanner types, imaging
parameters, feature extraction software, and normalization methods factors which limit radiomics
reproducibility as with other imaging modalities [12-16] the use of CBCT images in radiomics research
presents a unique challenge. Due to the design of CBCT systems, which utilize flat-panel detectors, these
images are prone to higher scatter and lower quality compared to diagnostic CT scans, making radiomic
feature stability a significant concern.

Given the existing limitations and challenges, a critical need exists for datasets that can facilitate the
reproducibility and standardization of radiomics features derived from CBCT images. Open-access
datasets, particularly those utilizing phantom images, offer an invaluable resource for testing, comparing,
and harmonizing radiomic features across different imaging systems and acquisition protocols. Phantoms,
unlike patient data, provide a controlled environment where imaging parameters can be systematically
varied, allowing researchers to isolate and measure the impact of specific factors on radiomic feature
stability. To the best of our knowledge, no publicly available CBCT dataset specifically designed for
radiomics reproducibility research currently exists. The only study that proposed a dataset for this purpose
used different phantoms and imaging data acquired at three centers, collected specifically to investigate
reproducibility in radiomics [26]. While that dataset is very valuable for testing the stability of radiomic
features under varying acquisition settings, scanners, and reconstruction algorithms, it was based on CT
imaging rather than CBCT. In addition, another CT dataset has been introduced using a 3D-printed
phantom derived from real patient data, which enabled systematic evaluation of reconstruction algorithm
parameters, kernels, slice thickness, and slice spacing [27]. Given the inherent differences in image quality
and noise characteristics between CT and CBCT and the strong influence these factors have on radiomic
features a dedicated CBCT radiomics dataset is of significant value.

To address this gap, we present the first open-access CBCT phantom dataset aimed at advancing radiomics
reproducibility research. This dataset allows researchers to test the robustness of radiomic features under
different imaging conditions within the used scanners itself and also to compare this reproducibility
results with data from other imaging systems they may have access to, enabling the identification of stable
and reproducible features that can be used reliably in the clinical setting. By providing this resource, we
aim to contribute to the growing body of work focused on improving the standardization and
reproducibility of radiomics-based research, with the ultimate goal of enhancing its clinical utility.

Methods

Catphan Phantom



The Catphan 503 phantom (Phantom Laboratory, Salem, NY) was used for all scans. The Catphan phantom
is a test object designed for the measurement of image quality metrics on CT and CBCT scanners. It
features test modules for sensitometry, uniformity, geometric and low contrast sensitivity performance
[28]. The phantom has a cylindrical shape (diameter 20 cm), however, an oval-shaped body annulus (25-
35 cm diameter) was put on the cylinder to simulate a typical human body shape.

One of the key advantages of the Catphan phantom in the context of radiomics reproducibility is its
widespread availability in clinical settings, particularly those using C-arm linear accelerators. The two
major linac vendors Elekta (Elekta AB, Stockholm Sweden) and Varian (Varian Medical Systems, Palo Alto,
CA) typically supply Catphan phantoms alongside their CBCT systems, making it a common and accessible
tool across many institutions. This broad distribution facilitates reproducibility and benchmarking, as
clinics can directly compare their radiomics measurements with those reported in studies using the same
phantom. Such consistency in phantom use enhances the generalizability and clinical relevance of
radiomics research outcomes. Therefore, we selected this phantom because of it such widely use, allowing
data acquisition across different vendors and enabling direct comparisons when other researchers use the
same phantom. This facilitates benchmarking and enhances the reproducibility of results.

Additionally, the Catphan phantom was utilized in a previous study for CBCT radiomics analysis with a

similar segmentation approach (see image annotation section) [29]. Its standardized structure makes it a
valuable tool for assessing imaging performance and the reproducibility of radiomics features. The 503
version of the Catphan phantom is distributed by Elekta, whereas a variation of the Catphan phantom is
distributed by Varian. These represent the two major C-arm linac vendors. The Catphan 503 phantom,

was selected for this study to ensure consistency across all imaging platforms. While the Catphan 504
and 604 are more commonly used with Varian CBCT systems, our experiments were initially designed
and conducted using Elekta devices. To maintain standardization and comparability across vendors, we
chose to use the same phantom, Catphan 503, for all scans, including those performed on Varian
systems. This approach was critical given the study's focus on radiomics feature reproducibility, where
even small differences in phantom design could impact the results.

Image Acquisition Protocols
CBCT acquisitions of the Catphan phantom were performed on different CBCT scanners:

1) The Elekta X-ray volume imager (XVI, Version 5.0) was used in this study which is an on-board CBCT
imaging system on Elekta radiotherapy linacs. It features a flat-panel image detector and the detector-
source distance was 153.6cm. The image receptor size was 41x41cm2 and provided an image size of
1024x1024 pixels, however, clinical protocols usually used 512 pixels. The system used a 16-bit pixel
grayscale resolution. The total filtration for the X-ray tube was 7.0 mm Al equivalence at 100 kV. A bow-
tie filter was used for all scans on Elekta systems in this study. The CBCT reconstruction in Elekta XVI
employed the Feldkamp-Davis-Kress (FDK) back projection algorithm together with a Wiener filter. Pre-
processing filters could be applied on the projections. Three similar Elekta CBCT devices were used in this
study. Two systems featured the software version 5.04 and one system version 5.07.

2- Varian radiotherapy system (TrueBeam Version 4.1) was also used in this study which is an on-board kV
imager for CBCT imaging. The system includes a flat-panel image detector (PaxScan4030CB) of 30 x 40 cm?
with a source-to-imager distance of 100 cm at isocenter and a source-to-axis distance of 100 cm. The field



size ranges from 2 x 2 cm to 50 x 50 cm, with a default image matrix size of 512 x 512 pixels. The X-ray
tube has an inherent filtration of 2.7 mm Al at 75 kV. Additionally, the kV beam delivery system utilizes
two types of filters: a beam-hardening foil filter (0.89 mm thick titanium) to optimize the X-ray energy
spectrum and bowtie filters (Full-Fan for head scans, Half-Fan for body scans) to enhance CBCT projection
quality. Varian system also used FDK algorithm for CBCT reconstruction.

Figures 1 and 2 represent the CBCT scanners used in this study and the setup with Catphan phantom for
image acquisition.

The selection of these three scanners was conducted by the following objectives:

1. Intra-vendor comparison: The inclusion of three Elekta XVI scanners allowed for the acquisition
of identical measurements, enabling a direct comparison of radiomics features across different
imaging devices from the same vendor.

2. Inter-vendor comparison: When performing measurements on scanners from different vendors,
such as Elekta and Varian, achieving identical imaging parameters was not feasible due to each
vendor’s unique predefined protocols and imaging settings. However, every effort was made to
match acquisition and imaging parameters as closely as possible. The aim was to provide an open-
access dataset that allows researchers to assess the reproducibility of radiomics features across
different vendors when imaging parameters vary. For instance, one can assess the stability of
radiomics features by varying the exposure (mAs) on the Elekta system (within a possible range
for predefined protocols of the imaging vendor) and comparing the reproducibility level of these
features—rather than their absolute values—with those obtained from the Varian system. This
analysis provides valuable insights into how different image acquisition settings at different CBCT
imaging vendors impact radiomics feature consistency.

Various imaging setup were conducted, including varying slice thickness, exposure (mAs values), and the
use of different pre-filters before reconstruction. Additionally, a test-retest protocol was implemented on
each scanner to evaluate intrascanner repeatability. Furthermore, the phantom was deliberately shifted
in different directions to assess the impact of positioning on the extraction of radiomics features in CBCT
imaging. Shifts in different directions were introduced during image acquisition to mimic changes in the
target object’s location within the field of view. This was motivated by prior evidence that object location
may influence both grey-value accuracy and the reproducibility of radiomic features in CBCT [30, 31, 32].
By applying these shifts, we aimed to investigate potential location-related variability in radiomic feature
stability.



Figure 1. Measurement setups for Elekta XVI system at Department of Radiation Oncology, Medical
University of Vienna/University Hospital Vienna, Austria.



Figure 2. Measurement setups for Varian TrueBeam system with Cathphan phantom at University
Hospital Wiener Neustadt, Austria.

The Chest/Thorax protocol was chosen because the default scan parameters for this region were highly
similar across the two vendor CBCT systems used in this study. In addition, many of the most influential
radiomics studies have been performed on lung CTs, and several large, publicly available lung radiomics
datasets exist [33—35]. The thorax represents a promising site for CBCT/CT radiomics research owing to
the pronounced contrast between lung and tumor tissues, which supports reliable segmentation and
feature extraction. Future studies will include exploring and optimizing scanning protocols for other
anatomical regions and tumor sites.

The complete details on acquisition protocol used is described as follow and in Table 1:
Elekta Device 1

e Exposure (mAs) variable: the acquisitions were performed at 120 kV, changing the mAs parameter
with following values 127, 169, 211, 264, 330, 412, 528 mAs.

e Slice thickness variable: the reconstructions were performed at four different slice thickness
including Imm, 2mm, 3mm and 4mm.

e Pre-filters before reconstruction variable: two filters were applied to projection images before
reconstruction including None, Despeckle and Median 5. The Despeckle filter removed speckles
from the projection images before 3D reconstruction. The median5 filter applied a median
window of a pixel and the four adjacent pixels on the projections.

o Test-retest: the measurements were repeated 10 times on an initial scan



Shift: the measurements were repeated 6 times on an initial scan, by applying 3 centimeter shift
each in three directions (vertical (up, down), longitudinal (front, back) and lateral (right, left))
The Protocol used was “Chest M20”, which is the vendor default Chest CBCT protocol and used
120 kV beam energy.

Varian Device 2

Exposure (mAs) variable: the acquisitions were performed at 125 KV, changing the mA parameter
with following values: 123, 168, 224, 269, 337, 403, 537 mAs.

Slice thickness variable: reconstruction were performed at four different slice thickness including
1mm, 2mm, 3mm and 4mm.

Pre-filters before reconstruction: three filters were applied to projection images before
reconstruction including Smooth, Sharp, Ultra Sharp

Test-retest: the measurements were repeated 10 times on an initial scan

Shift: the measurements were repeated 6 times on an initial scan, by applying 3 centimeter shift
each in three directions (vertical (anterior, posterior), longitudinal (carinal, caudal) and lateral
(right, left))

The protocol used was “Thorax” which is the vendor default standard reconstruction Thorax CBCT
protocol and used 120 kV beam energy.

For each device, imaging sequences were acquired using seven different mAs settings, four slice

thicknesses, three pre-filters, ten test-retest scans, and six positional shifts, resulting in a total of 30 3D

volumes per scanner (Table 1). Consequently, across the four scanners, a total of 120 volumes were

collected. The complete protocol for each device was conducted in a single session. The overall study

design is illustrated in Figure 3. The default clinical Chest/Thorax scanning protocol (approximately 270

mAs exposure) was used as the baseline for image acquisition. To assess radiomics feature reproducibility

under slightly different imaging conditions, modest variations in exposure were applied in both directions

(increased and decreased mAs). The default protocols were chosen because they are representative of

common clinical practice across institutions, providing a relevant reference for evaluating radiomics

robustness. All registered scans within each device group (Elekta and Varian) had identical native voxel

spacing including consistent in-plane resolution (1.0 x 1.0 mm for Elekta and 0.908 x 0.908 mm for Varian),

no resampling was required.

Device Parameters Exposure(mAs) Slice Thickness Pre-filters

Elekta 120 KV -> 127, 169, 211, 264, | 1Imm,2mm, 3mm, 4mm None, Despeckle,
330, 412, 528 mAs Median 5

Varian 125KV -> 123, 168, 224, 269, | Imm,2mm, 3mm, 4mm Smooth, Sharp, Ultra
337,403, 537 mAs Sharp

Table 1: Device-specific CBCT acquisition parameters and imaging variation ranges.



Image Registration

For each device, all scans were 3D registered to an initial reference scan to ensure consistency across the
dataset. Image registration was performed using the open-source medical image analysis platform 3D
Slicer (version 4.10, http://www.slicer.org). The scanned images were imported in Digital Imaging and
Communication in Medicine (DICOM) format. The general registration (BRAINS) module in 3D Slicer was
used for the registration process, applying rigid, affine, scaling, and skew transformations with 12 degrees
of freedom (DOF). The "useGeometryAlign" option was utilized to initialize the transform node. All the
registered scans have same voxel spacing matching the fixed scan ensuring consistency across the dataset
for each device.

127mA 189mA 528mA

S —
2mm 4mm

Kernel 1 Kernel 2 Kernel 4

Jmm

Slice thickness  Variable mA

Reconstruction
kernel

Repetition

Radiomics Features

Varian s s
2 CBCT Scanners Protocols Segmented ROIs

Figure 3. Study design. The images were acquired on CBCT scanners from two imaging vendors i.e., Elekta

and Varian. Different variation in mA, slice thickness, reconstruction kernel, repetition and shift were used.
The Segmented ROIs are obtained manually similar to [29].

Image Annotation

For each device, regions of interest (ROIs) were created to serve as the basis for radiomic feature
extraction. Six ROIs were defined as binary masks, representing materials with known densities, consistent
with the materials described in [29]. Cylindrical 3D objects were generated in 3D Slicer to segment the
ROIs corresponding to Delrin, Polystyrene, Low-Density Polyethylene (LDPE), Polymethylpentene (PMP),
and Air, each using a cylinder of 22 x 10 mm, while Teflon was segmented using a 22 x 12 mm cylinder.
These dimensions were selected to ensure that the cylinder boundaries remained fully contained within
each material compartment.

The cylindrical ROls were initially created automatically, and manual transformation was applied using the
Transforms module in 3D Slicer to precisely align each cylinder with the anatomical location of its



corresponding material. Following this alignment, all scans were rigidly registered to a single reference
scan (see Image Registration section). This allowed the same cylindrical ROls, in fixed spatial coordinates,
to be applied consistently across all registered scans without the need for repeated segmentation. As a
result, the process avoided intra- or inter-observer variability and ensured full reproducibility of the ROls
used for radiomic feature extraction.

The final annotated segmentations are shown in Figure 4, and the corresponding ROI binary masks are

provided together with the image data (see Data Record section).

(a) (b) (c)
Figure 4. Axial (a), Sagittal (b) and Coronal (c) slice of an example CBCT scan from Varian TrueBeam system.
Segmented ROIs are shown in different colours for materials Teflon (yellow), Delrin (purple), Polystyrene
(brown), LDPE (orange), PMP (blue) and Air (green).

Radiomics Feature Extraction

We used MIRP (a python package for quantitative analysis of medical images) for extraction of radiomics
features [36]. All CBCT images are discretized using a fixed bin size technique that was implemented in the
MIRP library to guarantee IBSI-compliant radiomics feature extraction. Between -1000 and 3000 HU was
the maximum intensity range, and a bin width of 25 HU was used. To prevent dataset-specific variability
in bin placement, this fixed global range made sure that the lower edge of the first bin was always anchored
at —1000 HU across all scans and regions of interest. All radiomics features were extracted in 3 dimension
(3D). Since the through-plane resolution varied based on slice thickness (1-4 mm) and the in-plane voxel
resolution was consistent across vendors (1.0 x 1.0 mm for Elekta, 0.908 x 0.908 mm for Varian), we
resampled all CBCT volumes to isotropic 1 x 1 x 1 mm voxel spacing before feature extraction. The CBCT
images were resampled using B-spline interpolation, and the binary ROl masks were resampled using
nearest-neighbor interpolation to prevent partial volume effects. Consistent 3D texture analysis was made
possible by this, which guaranteed that the rectilinear distances between adjacent voxels were uniform in
all directions. To ensure reproducibility and compliance with IBSI guidelines, our published feature
extraction scripts apply isotropic resampling prior to computation, even though the publicly available
dataset is distributed in its original native resolution to preserve scanner fidelity. After being extracted,
107 radiomics features were divided into three primary categories: texture features, shape-based features,
and first-order statistics. Gray Level Co-occurrence Matrix (GLCM), Gray Level Run Length Matrix (GLRLM),
Gray Level Size Zone Matrix (GLSZM), and Gray Level Dependence Matrix (GLDM) were among the matrix



types used to further group the texture features. Table 1 in Supplementary file summarizes the entire list
of extracted features, arranged by feature type, feature category, and their estimated feature names.

Data Records

The complete dataset of 120 CBCT images obtained with 4 different CBCT scanners (two vendors), for
different tube current, pre-filtering before reconstruction, slice thickness as well as test-retest and shift
which are all available at the following Zenodo repository [37]. 3D Slicer was used to convert the DICOM
files to NIfTI format to guarantee ease of use of our phantom scans with different software tools. The
repository consists of folders named “Elekta_LinacB/D/E” and “Varian” include all the CBCT images saved
as NIfTI format. All files are named in the following format: “CBCTscanner_TubeCurrent_Slice-
Thickness/Pre-Filter-Reconstruction/Test-Retest/Shift/Protocol.nii.gz”. The folder “ROI” inside each
device contains the complete set of cylinder segmentations as binary label maps of the ROIs inside the
scans of the Catphan phantom, which are also saved in NIfTI format and labeled as
“Devicenumber_ROl_name.nii.gz”. The Folder “Radiomics” contains the corresponding radiomics
features of each scan. The files are named in the following format: “CBCTscanner_TubeCurrent_Slice-
Thickness/Pre-Filter-Reconstruction/Test-Retest/Shift/Protocol_radiomics_features.cvs”.

Technical Validation

All four CBCT scanners used undergo regular maintenance and calibration, ensuring optimal performance.
At both institutions, including the University Hospital Vienna, Department of Radiation Oncology and
Radiotherapy, University Hospital Wiener Neustadt, Clinical Institute for Radiation Oncology and
Radiotherapy where data collection took place, quality assurance is routinely conducted as part of
standard patient care. The CBCT acquisition protocols were supported by experienced medical physicists
who routinely work with these scanners in clinical settings.

It is important to note that while the selected ROls do not precisely align with anatomical structures, they
were strategically positioned within the image space to capture a diverse range of textures. This approach
ensures that the extracted features from our phantom ROIs encompass a wide spectrum of feature values
typically observed in clinical datasets. Therefore, we can reasonably infer that the analytical outcomes
obtained from our phantom study are applicable in a clinical setting.

Usage Notes

The dataset will be available in the Zenodo repository [37] along with a brief description of its usage. All
CBCT images and corresponding segmentations are provided in NIfTI format and can be visually inspected
using various open-source medical image viewers, such as 3D Slicer, Analyze 7.5, and ITK-SNAP. To ensure
reproducibility, radiomics feature extraction should be conducted using software that complies with IBSI
standards [38]. The dataset is designed to support a wide range of radiomics reproducibility and
benchmarking studies, as it includes controlled variations in mAs, slice thickness, reconstruction filters,



scanner vendor, test—retest conditions, and phantom positioning. To facilitate immediate usability, we
provide baseline radiomics results for all scans, including all extracted features, ROl masks, and the exact
configuration files used for feature extraction. These resources enable researchers to benchmark their
pipelines, evaluate feature stability, test harmonization or normalization strategies, and replicate our
experiments without additional preprocessing. Example use cases which could benefit from our data
include studying intra- and inter-vendor radiomics reproducibility, validating new radiomics pipelines,
assessing the impact of acquisition variability, and more. All corresponding code is included in the Zenodo
repository to ensure full reproducibility and to support transparent, standardized reuse of the dataset. In
this study, we used Catphan phantom for all data acquisition. While the Catphan phantom offers the
advantage of widespread availability and facilitates cross-institutional benchmarking, it does not replicate
the anatomical complexity of human tissues. Therefore, future work should extend this dataset using
anthropomorphic or 3D-printed patient-like phantoms to evaluate radiomics feature robustness under
more clinically realistic conditions.

Data availability

The data are published on Zenodo [37] (https://zenodo.org/records/18401318).

Code Availability
Code for Radiomics feature extraction is included in the Zenodo repository of the dataset in the file
called CBCTRadiomicsCode.ipynb [37].
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