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 A B S T R A C T

gVirtualXray (gVXR) is an open-source framework that relies on the Beer–Lambert law to simulate X-ray images 
in real time on a graphics processor unit (GPU) using triangular meshes. A wide range of programming 
languages is supported (C/C++, Python, R, Ruby, Tcl, C#, Java, and GNU Octave). Simulations generated 
with gVXR have been benchmarked with clinically realistic phantoms (i.e. complex structures and materials) 
using Monte Carlo (MC) simulations, real radiographs and real digitally reconstructed radiographs (DRRs), 
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Digital twinning
Registration
Machine learning

 
and X-ray computed tomography (CT). It has been used in a wide range of applications, including real-time 
medical simulators, proposing a new densitometric radiographic modality in clinical imaging, studying noise 
removal techniques in fluoroscopy, teaching particle physics and X-ray imaging to undergraduate students in 
engineering, and XCT to masters students, predicting image quality and artifacts in material science, etc. gVXR 
has also been used to produce a high number of realistic simulated images in optimisation problems and to 
train machine learning algorithms. This paper presents a comprehensive review of such applications of gVXR.
1. Introduction

The simulation of accurate and fast X-ray images remains a chal-
lenge. State-of-the-art Monte Carlo (MC) methods can mimic the
physics, by tracking photons as they travel from the source, through 
matter, to the detector. The computational cost makes it prohibitive in 
many applications where speed is a requirement, e.g. interactive virtual 
reality (VR) or high data throughput support. However, it is possible 
to trade off some of the physical effects such as scattering to speed-up 
computations, whilst retaining a high level of accuracy.

In Section 2, we describe an open-source framework called gVirtu-
alXray (gVXR). No proprietary technology is used, making it portable 
and deployable on a wide range of hardware and software platforms. 
gVXR implements a deterministic simulation model based on the Beer–
Lambert law to generate noise-free images. They can provide a good 
compromise between speed and accuracy [1] and can be implemented 
on graphics processor units (GPUs) for a further increase of speed [2,3]. 
Unlike Monte Carlo methods, deterministic simulations tend to ignore 
scattering and noise. In gVXR, the latter is added as a post-process. 
The software has been quantitatively tested and validated against MC 
and experimental data (Section 3). Remaining sections show how it has 
been deployed in a broad range of applications in various scientific 
contexts.

gVXR was initially used for training purposes (Section 4). Three 
approaches have been followed: immersive virtual environments (Sec-
tion 4.1), graphical user interface (GUI) desktop applications (Sec-
tion 4.2), and programming-based learning (Section 4.3).

In recent years, attention has shifted towards the digital twining 
of real file systems (Section 5) and by extension high-throughput data 
applications where it excels compared to MC methods, e.g. machine 
learning (Section 9) and mathematical optimisation (Section 10).

Section 5 shows examples for laboratory computed tomography 
(labCT) devices (Sections 5.1 and 5.2) as well as a synchrotron beam-
line (Section 5.3). The aim is to finely tweak the parameters of the 
simulation to generate synthetic data representative of a specific de-
vice. Digital twins can be integrated in our web-based application 
(Section 5.4).

With the possibility to generate realistic images tuned for specific 
devices, it became possible to perform virtual experiments, conduct 
feasibility studies, and optimise the scanning parameters for real exper-
iments (Section 6.1), or even to fuse simulated data with experimental 
data to improve the contrast in clinical densitometric images (Sec-
tion 6.2). gVXR has been used to generate ground-truth complete and 
incomplete datasets to conduct quantitative studies and assess the accu-
racy of iterative computed tomography (CT) reconstruction algorithms 
(Section 7).

In addition, motion blur can be added to enhance the simulation 
model when the source/detector or sample/patient are moving during 
the acquisition of a radiograph (Section 8). It has been used to test 
the feasibility of non-destructive testing (NDT) of the blades of wind 
turbines (Section 8.1) and to add respiration artefacts in synthetic 
cone-beam computed tomography (CBCT) data (Section 8.2).

The use of gVXR is increasing in machine learning applications. 
Early applications dating back to 2016 are briefly reviewed in Sec-
tion 9.1. A popular approach is data augmentation for image segmen-
tation (Section 9.2). It has been used for lung nodule detection in 
two-dimensional (2D) radiographs (Section 9.2.1), woven carbon fibre 
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reinforced woven composites (Section 9.2.2), and material decompo-
sition using spectral CT data (Section 9.2.3). Section 9.3 details how 
gVXR was integrated in a complex pipeline to detect and characterise 
defects in homogeneous aluminium die casting plates and compos-
ite fibre-metal laminate plates (Section 9.3.1), and characterise the 
internal surface roughness in additive manufacturing (Section 9.3.2).

When used in mathematical optimisation, gVXR generates a huge 
amount of images that are typically compared with experimental data 
to minimise an objective function (Section 10). It has been used 
medical imaging for 3D-to-2D registration to deform a generic three-
dimensional (3D) hand model so that its radiograph matches a clinical 
radiograph (Section 10.1). An experimental synchrotron X-ray micro-
CT dataset corrupted by strong artefacts was accurately reproduced by 
simulation (Section 10.2). It made it possible to extract feature sizes and 
positions, which proved to be nearly impossible otherwise. Section 10.3 
demonstrates how to finely assess the focal spot shape and restore 
image quality in blurred images. Section 10.4 demonstrates that it is 
possible to compare a manufactured object with its original computer-
aided design (CAD) model, and visualise and quantify discrepancies. 
The last application presented in the paper describes in Section 10.5 
how gVXR is deployed to automatically tune the geometry of a CT scan 
acquisition to maximise the visibility of small defects in critical parts 
of aerofoil blade component.

The paper ends with conclusions in Section 11.

2. Description

gVXR is an open-source application programming interface (API) 
written in C++ to compute the Beer–Lambert law, also known as the 
attenuation law. If scattering is neglected and an ideal (i.e. Dirac) 
point-spread function is assumed, X-ray projections I(x; y) can simply 
be modelled with the Beer–Lambert attenuation law: 

I(x; y) =
É

i
R(Ei)D(Ei) exp

H

−
É

j
�j (Ei) dj (x; y)

I

(1)

I(x; y) is the integrated energy in electronvolt (eV), kiloelectronvolt 
(keV) or megaelectronvolt (MeV), units of energy commonly used in 
atomic and nuclear physics, received by pixel (x; y). The beam spectrum 
emitted by the X-ray source is discretised in several energy channels 
in the polychromatic case. Ei corresponds to the energy of the ith 
energy channel. D(Ei) is the number of photons emitted by the source 
at that energy Ei. When the source is monochromatic, e.g. in the case 
of synchrotron radiation, a single energy channel is used. The detector 
response R(Ei) mimics the use of a scintillator. It is implemented as 
a lookup table to replace the incident energy Ei with a smaller value, 
i.e. R(Ei) < Ei. Absorption edges of the elements that make up the 
scintillator (escape effects) are taken into account when building the 
lookup table. The detector response is assumed space-invariant in Eq. 
(1). j indicates the jth material being scanned when a multi-material 
‘‘object’’ is considered. �j (Ei) is the linear attenuation coefficient in 
cm−1 of the jth material at energy Ei. dj (x; y) is the path length in cm 
of the ray from the X-ray source to pixel (x; y) crossing the jth material.

Polygon meshes, e.g. triangles, are used in gVXR to represent 3D 
objects. This method is commonly used in computer graphics (CG), 
including real-time video games and VR, animations, and CAD. It 
is intuitive to compute the Beer–Lambert law with ray-tracing when 
polygon meshes are used. However, this technique is relatively compu-
tationally intensive: (i) a ray must be fired between the source and each 
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detector pixel, and (ii) intersection tests for each ray for each triangle 
of each 3D object must be performed. Freud et al. adapted the Z-buffer 
technique to efficiently compute dj in Eq. (1) from polygon meshes [4]. 
It relies on rasterisation and does not require to sort intersections. In 
this case, each polygon is processed a single time, projecting it on the 
detector plane, and using an accumulator buffer. The computational 
complexity is considerably reduced.

gVXR implements Freud’s algorithm on GPU using a graphics API 
[2]. Since its inception, functionalities have been added to gVXR to 
improve the level of realism of the simulations. A monochromatic 
source was initially used to mimic fluoroscopy in a real-time medical 
VR simulator [5]. Polychromatism and the focal spot of the detector 
were then introduced to improve realism [6]. In 2013, the code was 
redeveloped to become, gVXR, and was made available to the com-
munity as an open-source project on SourceForge (https://sourceforge.
net/projects/gvirtualxray/, accessed: 18 Jul 2024) [3]. The impulse 
response of the detector and Poisson noise are also supported [7]. The 
scintillator material of the detector and the tube voltage and beam 
filtration can now be specified [8].

gVXR is cross-platform: it runs on Windows, GNU/Linux, and Ma-
cOS computers (Intel architecture only, although ARM support is 
planned). It supports GPUs from any manufacturer. gVXR is scalable: 
it runs on laptops, desktop PCs, supercomputers, and cloud infrastruc-
tures. Containerisation using Docker is even possible [9]. A wide range 
of programming languages (C/C++, Python, R, Ruby, Tcl, C#, Java, 
and GNU Octave) can be used. Its Python package is available on the 
Python Package Index (https://pypi.org/project/gVXR/, accessed: 18 
Jul 2024).

Surface meshes (triangles) in most popular file formats (e.g. STL, 
PLY, 3DS, OBJ, DXF, X3D, DAE) can be used to define the geometry of 
scanned objects. Volume meshes (tetrahedrons) in the Abacus format 
may also be used but their support is experimental. The material 
property must be specified for each scanned object. Chemical elements 
(e.g. the symbol ‘W’ or the atomic number 74 for tungsten); compounds, 
e.g. H2O for water; mixtures, e.g. Titanium-aluminium-vanadium al-
loy, Ti90Al6V4; and Hounsfield units (for medical applications) are 
supported. The photon cross-sections provided by Xraylib [10] (https:
//github.com/tschoonj/xraylib, accessed: 18 Jul 2024) are used to 
compute � values in Eq. (1).

Cone beam geometries (both point sources and focal spots) are 
supported to mimic X-ray tubes. A parallel beam can be used for 
synchrotrons. The beam spectrum can be either monochromatic or 
polychromatic. Both SpekPy [11] and Xpecgen [12] are supported as 
backends to specify the tube voltage and the beam filtration used. To 
increase realism, photonic noise can be turned on. In this case, the 
photon flux must be specified. Gao et al. recently exploited gVXR to 
investigate the impact of the properties of the X-ray source, detectors, 
and scanned object in X-ray images for material science [13]. In a 
metrology application, where national standards are established and 
an ISO standard in preparation, Ou et al. studied how the CT imaging 
system parameters can influence ‘‘type A’’ standard uncertainty [14]. 
In a clinical application, Scarponi et al. used these features to conduct 
a validation study of a virtual augmentation of fluoroscopic images 
during endovascular interventions [15].

It is possible to model ideal detectors as well as realistic detectors. 
In this case, the user can specify a point spread function (PSF), i.e. the 
level of blur inherent to the detector, and the thickness and material 
composition of the scintillator. It is also possible to simulate spectral 
imaging.

Orbital, helical and arbitrary trajectories can be supported to sim-
ulate a CT acquisition. It is possible to describe the simulation and CT 
acquisition in Python (or any other supported programming languages) 
or using a user-friendly JSON file that is loaded from the Python code. 
Full examples of CT simulation with gVXR and CT reconstruction with 
the Core Imaging Library (CIL) [16] are available as Jupyter notebooks 
on GitHub (https://github.com/TomographicImaging/gVXR-Tutorials).
3

3. Validation

To validate the accuracy of gVXR, successive validation tests of 
increasing complexity were performed. Each milestone was validated 
individually with an appropriate methodology. For the Beer–Lambert 
implementation, we initially compared simple images simulated with 
gVXR with corresponding images simulated with a state-of-the-art 
Monte Carlo package (Geant4/Gate) [3].

More advanced functionalities, such as voltage, beam filtration and 
scintillation, were validated using two anthropomorphic phantoms. The 
first one is a digital phantom: pEdiatRic dosimetRy personalized plat-
fORm (ERROR) [17]. It corresponds to the anatomy of a 5-year-old boy. 
It is provided as a labelled 512 × 511 × 190 volume, which includes 
24 different structures, such as air, muscle, bone, stomach-interior, 
cartilage, etc. As it is a digital phantom, it can be used to compare 
gVXR and Gate’s simulations. The number of photons impinging the 
detector was 109. About 10 days of computations were required on 
the test computer to produce a simulated image of 128 × 128 pixels 
with Gate; only a few microseconds gVXR. Both simulations are visually 
close. All the image comparison metrics indicate that the images are 
extremely similar when scattering is ignored: Zero-mean normalised 
cross-correlation (ZNCC) is 99.99%, which is close to the optimal 100% 
value; mean absolute percentage error (MAPE) is 2.23%, which is close 
to 0%; and structural similarity index (SSIM) is 0.99, which is close to 
1.

The second phantom is the Lungman anthropomorphic chest phan-
tom (Kyoto Kagaku, Tokyo, Japan) [18]. It represents a 70 kg male. The 
phantom is made of materials with X-ray absorption properties close to 
those of human tissue. Tumors of various densities are embedded. A CT 
scan of the phantom was acquired with a device clinically utilised at 
Ysbyty Gwynedd Hospital (UK), a 128-slice Somatom Definition Edge 
scanner by Siemens Healthcare (Erlangen, Germany). A digital phantom 
was first created by image segmentation using open-source toolkits, 
the Insight Toolkit (ITK) [19] and Visualization Toolkit (VTK) [20]. 
The digital phantom is freely available on Zenodo [21]. The material 
composition of each segmented structure is derived from the average 
Hounsfiled unit of the structure in the original CT scan. Schneider 
et al. [22]’s method is built in gVXR to convert the Hounsfield val-
ues into material compositions and densities. A CT scan acquisition 
is then simulated using gVXR and reconstructed with CIL [16]. The 
original CT scan taken with the Somatom Definition Edge scanner 
can be compared with CT volume reconstructed from simulated data. 
Corresponding slices are close to each other. Hounsfield values are 
comparable. MAPE is about 5% and the ZNCC is above 98%, indicating 
a high level of correlation between the two volumes. The errors are 
more due to segmentation inaccuracies and noise than the simulation 
implementation itself. Indeed, when simulated X-ray projections are 
compared with digitally reconstructed radiographs (DRRs) computed 
from the experimental CT scan, ZNCC is 99.66%, SSIM is 0.98, and 
MAPE is 1.76%.

gVXR is so fast that it is possible to embed the X-ray simulation 
into objective functions and register a simulated radiograph on ex-
perimental data (see Fig.  44). A real digital radiograph was taken 
with a clinical X-ray machine by GE Healthcare (Chicago, Illinois, 
USA) at Ysbyty Gwynedd Hospital. The digital Lungman phantom was 
registered to reproduce the same position and orientation as in the 
digital radiography taken with the clinical device. ZNCC is 98.91%, 
SSIM is 0.94, and MAPE is 1.56%. It demonstrates the ability of gVXR 
to reproduce radiographs taken with clinically utilised devices.

4. Education

The use of simulation in the curriculum has numerous benefits for 
both clinical [23] and industrial radiography. Simulation can avoid 
several risks and provide realistic experiences in areas where there are 
limited opportunities for direct access to specialised equipment [24]. It 
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permits trainees to familiarise themselves to systems without the risk 
of damaging expensive operational instruments. In labCT for example, 
detectors can be damaged by crashing samples into them or saturation, 
with detectors costing over £50,000 each.

However, care must be given to provide high-fidelity simulations as 
inaccurate representation can lead to the inaccurate transferability into 
practice, causing risks involving ionising radiation. This is particularly 
true in clinical radiology, where patients, carers and staff are present 
and with legal requirements governing practices [25]. As per these 
regulations, ionising radiation should be kept as low as reasonably 
practical, with students having to be directly supervised with no room 
for errors and flexibility in practice. Due to limited placement oppor-
tunities and workforce capacity issues to train, the use of simulation is 
also increasing and evolving in education to create capacity and flex-
ibility in gaining required clinical skills differently. In addition, some 
imaging examinations are rarely performed or are only performed in 
specialised centers, so simulation allows such examinations to be repli-
cated to develop some experience in their acquisition. Demonstrating 
how image quality and radiation dose is influenced by modifications 
in acquisition parameters (e.g. kilovoltage peak (kVp), milliampere-
second (mAs)) on equipment is extremely valuable in gaining a richer 
understanding of radiographic practices. Again, this is particularly 
important in clinical practice, due to the harmful effects of ionising 
radiation, we are limited to how we can test our radiographic practices 
as it is unethical to use patients. For the same reason, caution may also 
be required with samples. A high radiation dose can damage samples, 
e.g. by creating cracks in their structures. Placement experience can 
only provide certain scenarios due to variability of daily activities, 
whereas simulation can provide complex, different scenarios to en-
hance the learning experience. The same benefits are also applicable 
to industrial radiography as samples will vary a lot from one user to 
another. Allowing modification of parameters and multiple exposures 
is obviously not unethical in this case; however, it enables operators to 
select suitable parameters by trial and error much more efficiently.

4.1. Virtual environments

gVXR’s predecessor was initially used in-house for medical training 
using VR. Villard et al. used gVXR’s predecessor to implement a simula-
tor for interventional radiology, focusing on percutaneous transhepatic 
cholangiography (PTC) [5]. This procedure consists of inserting a nee-
dle into the biliary tree using fluoroscopy (real-time X-ray imaging) for 
guidance. A hybrid computing approach was adopted. The respiration 
of the virtual patient and the needle force feedback were performed 
on central processor unit (CPU), whilst the fluoroscopy was performed 
on GPU. The respiration and fluoroscopy simulations were tunable 
to account for patient variability. Once the implementation became 
opensource, Zuo et al. developed a catheterisation and angiography 
positioning simulation [26]. A mixed reality application for veterinary 
medicine was recently reported [27]. It has been implemented using 
the Unity® 3D game engine.

4.1.1. Haptic femoral nailing simulator
gVXR was applied effectively in the development of a VR hap-

tic orthopedic surgical simulator [28]. Orthopedic surgery requires 
three-dimensional surgical tool triangulation, referenced largely from 
static orthogonal fluoroscopy images taken intraoperatively. One such 
procedure is intramedullary nailing for femoral fractures, where the 
procedure is undertaken through relatively minimal skin incisions, 
using tactile feedback of the tools on bone and static 2-dimensional 
image intensifier guidance. Effective and realistic image intensifier 
functionality is therefore critical for the functionality of such a sim-
ulator. The simulator was built using Unreal Engine (Epic Games Inc., 
Cary, North Carolina), an advanced 3D game development engine, free 
for non-commercial use. The gVirtualXray plugin was adapted for use 
within this engine by Toia Ltd (https://toia.tech/) who also provided 
4

haptic and 3D environment support for the project. Interaction was via 
a VR headset with full head position tracking and a 3D printed drill 
handle attached to a haptic device. The virtual image intensifier was 
controlled by a separate user to simulate the necessary intraoperative 
communication, image interpretation and non-technical skills (see Fig. 
1(a)). The virtual X-ray source was placed at the corresponding location 
on the virtual image intensifier. The output from the ray tracing image 
needed to be converted from a continuous video stream to still images, 
as orthopedic procedures use static images to limit the radiation expo-
sure to the patient and staff. To avoid the need for editing the plugin, 
this was carried out using a camera relay system, where the video 
output was displayed on a virtual screen outside the view of the user. 
A camera was placed in front of this screen and could be controlled 
to take still images which were then displayed on the corresponding 
screens of the image intensifier, allowing images to be ‘saved’ for 
later reference whilst the c-arm screening position changed (see Fig. 
1(b)). The objects within the path were assigned values to customise 
their attenuation of the virtual X-ray beam and recreate the visual 
appearance of bone, metalwork and soft tissues. The simulator was 
validated in a study involving orthopedic surgeons and trainees, where 
the quality, accuracy and realism of the image intensifier functionality 
was highly rated by the majority of users.

4.1.2. LabCT in a game engine
gVXR was embedded in the Unreal Engine 5, a very popular game 

engine developed by Epic Games, as there is relatively little educa-
tion or training material available for introducing members of the 
public, academics or operators to labCT [29]. The user evolves in a 
3D virtual environment with a labCT scanner (see Fig.  2). The user 
can interact with this in a very similar way to how they would in 
real life, including procedures such as correctly positioning samples, 
choosing beam energy and performing simple image analysis. The 
application also provides an interface for gVXR library without the need 
for the user to understand how to use the command line. Following 
its development, the application was submitted to several experts in 
the field of labCT, some of whom had previous experience with using 
game engines in their work. The consensus was that the application was 
relatively usable, scoring above 60 points in a system usability survey, 
and feedback was generally positive about the ease of use, features 
provided and similarities with working with real hardware.

4.2. Interactive teaching tool for medical radiography

In clinical radiography, trainees must learn how to produce the best 
image whilst reducing the radiation dose to the minimum requirement. 
Projectional radiography is still usually taught in a traditional way, 
i.e. through lectures and practical sessions within the university and 
clinical settings using an X-ray full body phantom. The information 
learned in the lectures is based on books and files containing static 
content from academic or hospital databases. It is therefore not possible 
to observe the effect of acquisition parameters on the images. Another 
important aspect is patient positioning, which cannot be easily learned 
from the final static resultant images. Mistakes are also key aspects of 
the learning process and it is important for trainees to learn from them 
to make sure they are not replicated in the clinical setting. However, 
with static images, they do not have the opportunity to modify the 
device’s settings and cannot practice with the patients’ positioning 
in a live and dynamic process. Practicals in a clinical setting is not 
problem-free, as the practice of the techniques learned and the effects 
of the physical principles cannot be trained freely due to the risks of 
exposure of living tissues to radiation. gVirtualXRay and 3D character 
animation have been integrated into a medical teaching tool (see Fig.  3) 
to allow real-time acquisition of images of anatomically realistic virtual 
patients [30]. The user can interactively change the device parameters 
and patient positioning, and visualise the resulting radiograph in real 
time in a 3D virtual environment. A face and content validation study 
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Fig. 1. Screenshots of the haptic femoral nailing simulator.
Fig. 2. Video 1 – Virtual environment featuring a labCT device powered by gVXR and the Unreal Engine. https://youtu.be/_hFx7rln09k?.
showed that the software was realistic, useful and suitable for teaching 
X-ray radiography. Utilising this technology can help reduce active 
clinical training in a busy X-ray room environment, which can help 
ensure clinical patient flow and efficiency is maintained. Students 
receive a supplemented virtual clinical education which will better 
prepare them for real clinical situations.

4.3. Programming approaches

4.3.1. Online virtual laboratories using Docker
Often, online teaching makes use of overly simplistic applet-based 

simulations that strip down the reality of complex radiation/matter in-
teractions. It can lead to a disconnection between the teaching material 
and the current scientific environments and engineering settings. To ad-
dress this deficiency, gVirtualXray and other state-of-the-art simulation 
tools such as Geant4 [31] are integrated to offer an online collaborative 
laboratory dedicated to X-ray imaging (see Figs.  4) [9]. It is aimed 
at distance learning mature (37 years old or above) undergraduate 
students in engineering at Universidad Internacional de La Rioja (UNIR) 
in Spain. A collaborative programming interface and 3D visualisation 
tools are provided to complete hands-on activities (see Fig.  5). This way 
students can specify the parameters of their simulations and ‘‘see’’ the 
corresponding results. The online virtual laboratory relies on modern 
5

computing techniques such as virtualisation, cloud infrastructures, con-
tainers, networking and shared collaboration environments. Almost all 
the activities can be used in a web browser thanks to free cloud services. 
This approach (virtualisation and cloud computing) removes the need 
for complex software deployments. It has proven (over a period of 
several academic terms) to be both very attractive to and pedagogi-
cally successful (technically, and scientifically) for online engineering 
undergraduates.

4.3.2. In-person training using JupyterLab
We have deployed gVXR in material science lab-sessions delivered 

to about 150 Master of Engineering (MEng) students a year at the INSA-
Lyon and Polytech Lyon 1 engineer schools. It has been embedded in a 
Jupyter notebook together with the open-source reconstruction toolkit 
RTK [32]. Several interactive exercises have been proposed to enable 
students to learn and gain hands-on experience with X-ray tomographic 
setups. They first study both digitally with the twin and experimentally 
with the bench the critical sensibility to crack orientation in a cylin-
drical sample (additive manufacturing) in which a through crack has 
been added. Then the students gradually familiarise themselves with 
the 3D reconstruction technique: (i) first with mono-energy and no 
noise (i.e. infinite stat), then (ii) with a given exposure (i.e. number 
of X-rays per pixel) to highlight photon starvation, and (iii) finally 

https://youtu.be/_hFx7rln09k?
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Fig. 3. Video 2 – Interface of the Projectional Radiography Simulator. Combining gVirtualXRay and an interactive character animation method, users are able to practice posing 
and getting patient’s images in real-time. https://www.youtube.com/watch?v=WFOAVSLXufs.

Fig. 4. Examples of containerised simulations performed using gVirtualXray.

Fig. 5. Example of collaborative programming session on Geant4.

6

https://www.youtube.com/watch?v=WFOAVSLXufs
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Fig. 6. Example of visualisation (3D-Slicer) of a reconstructed gVXR-simulated volume of an industrial part: volume rendering, sampled profile in the volume and orthogonal 
sections.
with a realistic energy distribution typical of an X-ray generator to 
understand beam hardening. An example of the 3D visualisation of the 
reconstructed simulated volume is shown in Fig.  6. It is worth noting 
that this progression in the complexity of the imaging setup cannot 
be done experimentally with such cohort sizes. The digital twinning of 
the X-ray setup is crucial for those lab sessions of the material science 
department.

5. Digital twinning

Digital Twinning is the creation of virtual models of real-life com-
ponents. In this case, gVirtualXray allows true representative X-ray 
simulations calibrated to real-life machines. To create a Digital Twin, 
all factors of an X-ray system must be taken into account, ranging 
from the mechanics of the system (can the detector or source move? 
What clearance is available for the sample?, etc.) to X-ray source and 
detector properties (maximum voltage, focal spot size, pixel resolution, 
scintillator properties, PSF, and so forth). A core part of creating a 
Digital Twin is calibrating the noise of a system based on the target 
amperage, this involves an experimental method to measure the noise 
characteristics at differing mAs values, which then can be exposed in 
the model as a parameter to users of the Virtual Twin.

The development of such digital twins opens up new perspectives, 
it is now possible:

• To train users on specific devices;
• To predict what experimental data will look like from CAD mod-
els;

• To assess the feasibility of scanning specific samples on specific 
devices before submitting beamtime proposals to facilities;

• To optimise scanning parameters offline, i.e. before beamtime;
• To generate a large amount of automatically annotated data for 
training machine learning algorithms;

• To design new systems.

5.1. Dedicated models

The interaction of a scintillator detector with a continuous X-ray 
spectrum is non-trivial and has an influence on the signal-to-noise ratio 
of an X-ray projection image. For making an X-ray projection simula-
tion as realistic as possible for a specific setup, it therefore helps to 
be able to include a model of this particular detector in the simulation 
7

Fig. 7. Average images computed from 16 identical noisy projections of a titanium 
step wedge imaged with 120 kV tube voltage and 0.03 mm Al pre-filter.

process. While X-ray simulation tools commonly include some form of 
detector model that can be parametrised, full flexibility in applying any 
type of detector model is only given if the geometric part (ray-tracing) 
and the signal generation (interaction of the incident spectrum with the 
detector) can be separated. It is possible to use generic models built 
in gVXR to specify the scintillator material and thickness, and photon 
flux. However, gVXR also offers the functionality of calculating only the 
pixel-resolved path length of X-rays passing through a simulation object 
without conversion to a gray value projection image, leaving the detec-
tor interaction entirely to the user. Combined with the Python interface, 
this provides us an efficient way of verifying our measurement-based 
detector models in simulations by comparing with measured projection 
data. To validate the approach, we recorded and simulated 16 identical 
projections of a titanium step wedge imaged with 120 kV tube voltage 
and 0.03 mm aluminium pre-filter. For every pixel, the average (see 
Fig.  7) and the variance (see Fig.  8) of the gray value across the 16 
projections are calculated.

Fig.  7 shows that the average gray scale values over 16 noisy 
experimental and 16 noisy simulated projections seem to be visually 
similar, whilst Fig.  8 shows that the noise levels seem to be too. It 
is possible to assess the relationship between gray scale value and 
standard deviation. The plots in Fig.  9 shows that the specific detector 
and noise models implemented on top of gVXR are able to generate 
images that are realistic with respect to those produced with our XCT 
device.
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Fig. 8. Variance of the pixel values computed from images used in Fig.  7.
Fig. 9. Plots showing the relationship between average pixel values (Fig.  7) and the variance due to the shot noise (Fig.  8).
Fig. 10. Dual-beam high-energy XCT setup of the MateIS laboratory.

5.2. Laboratory computed tomography: dual-beam XCT at MateIS

We are developing digital twins of specific beamlines, including 
selected labCT devices and a synchrotron. One of them is a new dual-
beam X-ray computed tomography (CT) laboratory equipment of the 
MateIS laboratory (Lyon, France) [33]. The original concept of this 
design is that two beamlines are perfect twins, high energy (300 kV), 
oriented at �∕2 to each other, and share the same rotation stage (see 
Fig.  10).

This dual-beam setup makes it possible to analyse a sample si-
multaneously from two different viewing angles. The noise model is 
under validation and a specific dual-beam calibration protocol has been 
proposed [34]. We report here the acquisition and simulation of an 
8

Table 1
CT scan parameters used during both the experimental scan and the digital twin.
 Tube voltage 160 kV  
 Exposure 0.167 s  
 Current 200 μA  
 Beam filtration 0.4 mm of copper  
 Number of projections over 360ý 1120  
 Detector pixel pitch [in mm] 0:150 × 0:150  
 Image resolution [in pixels] 1432 × 872  
 Source-to-object distance (SOD) 306.414 mm  
 Source-to-detector distance (SDD) 807.248 mm  
 Reconstruction algorithm FDK  
 Voxel size [in mm] 0:057 × 0:057 × 0:057 

aluminium component of a tensile machine for in situ stress in scanning 
electron microscopes (SEM) because a CAD model is available. The 
most significant data acquisition parameters used during the experi-
ment were inputed in gVXR. They are indicated in Table  1 for the 
dual-beam XCT device. All the parameters available in Table  1 are 
used as parameters of the simulation. Simulated X-ray projections of 
the CAD model are registered onto the experimental one (see Fig.  44). 
An optimisation algorithm moves the CAD model in the 3D space until 
the simulated and experimental images match. Fig.  11 shows a great 
level of similarity between images acquired with the actual device and 
its digital twin. In an ideal scenario, CT slices of a sample made of a 
single and homogeneous material correspond to binary images, i.e. air 
and sample. However, beamhardening, focal spot, impulse response of 
the detector and noise should corrupt to some extend the experimental 
data. All the artifacts visible in slices reconstructed from experimental 
data are also visible in the simulated ones (see Fig.  12).
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Fig. 11. Comparison between X-ray projections taken with a real dual-beam XCT laboratory device and its digital twin. For fair comparison, both projections are displayed using 
the same lookup table.
Fig. 12. Comparison between CT slices reconstructed from data taken with a real dual-beam XCT laboratory device and its digital twin. For fair comparison, both slices are 
displayed using the same lookup table.
5.3. Synchrotron CT: Dual Imaging And Diffraction beamline at Diamond 
Light Source

We are also building a predictive tool for synchrotron μ-CT at 
the Dual Imaging And Diffraction (DIAD) beamline of Diamond Light 
Source (DLS) [35] and integrating it in gVXR. DIAD is a dual-beam X-
ray instrument for quasi-simultaneous imaging and diffraction, which 
operates two independent beams at energies of 7–38 keV (Fig.  13). 
Such digital twins will be integrated into gVXR and made available 
to any user in WebCT. The simulation model will be integrated into 
our web user interface for gVXR, WebCT (see Section 5.4). Beamline 
users will be able to (i) test specific CT scans from CAD models in 
realistic conditions, i.e. demonstrate the feasibility of their experiments 
before submitting a beamtime proposal, and (ii) optimise their scanning 
parameters before accessing the facility.

5.4. Modern web-based simulation: WebCT

gVirtualXray’s flexible API has allowed the development of WebCT 
(https://webct.io/, accessed: 4 Dec 2024) [36]. It is an interactive real-
time web-based app for X-ray simulation, allowing anyone of any skill 
level to quickly simulate an X-ray scanner (see Fig.  14). The user can:

• Configure the X-ray spectrum and see the result in real-time, with 
support for different physical filters.

• Upload any 3D model and specify the corresponding material 
composition.

• Specify details about the detector, including pixel resolution, pixel 
pitch, scintillation,

• Change acquisition parameters (e.g. SDD and SOD, number of 
projections, etc.) and see the effect projections have on the re-
construction quality.
9

Fig. 13. A photograph of the DIAD beamline endstation, showing the KB optics on the 
left, and the imaging and diffraction detectors on the right.

• Reconstruct the scans, and tweak for the best results.
• Save and export configurations, share source and detector param-
eters and load them into other applications.

As it is web-based GUI, no programming experience is needed. This 
is particularly suited for scan planning, answering feasibility questions, 
and teaching/training on X-ray systems without requiring access to 
expensive equipment.

https://webct.io/
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Fig. 14. Video 3 – Interface of WebCT in a web browser. A wide variety of X-ray settings allow quick, iterative scan planning and training. https://youtu.be/KZRkw_p0xbA.
Table 2
Description of the sample composition.

Properties

Material
Matrix Kernels

Composition ZrO2 ZrB2
Shape Cylinder Spheres
Diameter 8 to 10 mm 0.8 to 1 mm
Height 10 mm N/A
Theoretical density 5.68 g/cm3 6.08 g/cm3

Measured density 3.23 g/cm3 2.43 g/cm3

Measured reduction of density 43% 60%

6. Enabling difficult experiments

6.1. CT scans of mock nuclear fuel

In NDT, XCT is commonly used to find defects in materials. Sim-
ulations were performed to ascertain the feasibility of CT scans of 
ceramic kernels held within a dissimilar ceramic matrix. Ceramic-
ceramic matrix composites are garnering a great deal of interest in 
many applications, including as nuclear fuels for high-temperature gas 
reactors. The aim is to conduct experiments (i) to detect the interface 
between two very similar materials (in terms of composition and den-
sity), and (ii) to assess the defects in the structure that exist as a result of 
manufacturing methods in spherical zirconium diboride (ZrB2) kernels 
held within a cylindrical zirconium dioxide (ZrO2) matrix material.

A loss of density compared to theoretical values is expected due 
to the manufacturing process. Prior to the simulations, samples were 
produced. The diameter and height of the cylindrical matrix and the 
diameter of a typical spherical kernel were measured using a caliper. 
Their masses were assessed using a digital weighing scale. It makes 
it possible to compute the volume and material densities of the ZrB2
kernels and the ZrO2 matrix. This way, we can ensure the simulations 
are based on realistic values in terms of sizes, densities and material 
compositions. Table  2 provides a summary of the sample composition.

As the materials are close to each other and as the samples are 
relatively dense, i.e. opaque to X-rays, we will favour synchrotron 
radiation over the use of conventional X-ray tubes used in labCT. This 
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is because synchrotron radiation can provide almost monochromatic 
spectra with high flux.

We use the Diamond Light Source, UK’s national synchrotron ra-
diation facilities, as an example. Two CT beamlines are available: the 
low-energy DIAD beamline, and higher-energy I12 beamline. A suitable 
energy must be selected (i) to maximise the contrast between the two 
materials, and (ii) to allow a sufficient level of radiation transmission 
through the sample. As CT images correspond to maps of linear attenu-
ation coefficients, � in Eq. (1), we aim at maximising the difference 
between the coefficients of ZrB2 and ZrO2. Fig.  15(a) demonstrates 
the linear attenuation coefficients of the matrix and kernels along the 
energies supported by both beamlines. The difference is the largest for 
7 keV. However, when we apply the Beer–Lambert law in Eq. (1) using 
� and d values corresponding to the sample, the transmission through 
the sample is 0%, i.e. hardly any photon reaches the detector behind 
the sample. The transmission remains low (below 5%) until roughly 95 
keV (see Fig.  15(b)). At first sight, the issue is that we achieve the best 
absolute differences at low energies (�ZrO2

−�ZrB2
 in Table  3), but only 

high energies seem to be suitable to image the sample. Indeed, Table 
3 also shows that the transmission remains below 5% until 110 keV. 
We must therefore ascertain that a difference in attenuation coefficient 
of 0.39, 0.28, or 0.22 cm−1 is significant enough to be visualised in 
reconstructed CT scans. The relative difference ( �ZrO2−�ZrB2

�ZrO2
) remains 

constant (19:54%± 1:11%) across all the energies, despite both material 
being close to each other. To select a suitable energy and make sure this 
relative difference in � is sufficient enough, we performed simulated 
CT acquisitions at energies with the ranges [7, 38] and [53, 150] keV 
supported by the DIAD and I12 beamlines. Photonic noise and a few 
percent of harmonics were empirically added to the beam spectrum for 
added realism. Fig.  16 shows that according to our initial assumption 
energies below 85 keV were inappropriate. At 7, 38 and 53 keV, 
we were not able to scan the sample due to photon starvation. Fig. 
17 shows CT slices reconstructed from experimental data acquired at 
the high energy beamline. As expected, no kernel is visible in the 
experimental images at 70 keV. Again, this is due to photon starvation 
as transmission is only 0.28%. As expected, 110 keV and 150 keV are 
suitable energies. However, 150 keV was selected as it can lead to faster 
scans due to a higher transmission rate.

https://youtu.be/KZRkw_p0xbA
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Fig. 15. (a) Linear attenuation coefficients and (b) relative transmission through the sample for the energy ranges at the low-energy DIAD beamline and higher-energy I12 beamline 
of the Diamond Light Source.
Fig. 16. CT slices of mock nuclear fuel reconstructed from simulated data.
Fig. 17. Corresponding CT slices of mock nuclear fuel reconstructed from experimental data acquired at the high energy beamline. The same geometrical set up is used. The only 
change is the incident energy.
Table 3
Theoretical linear attenuation coefficients and photon transmission through the sample 
at energies supported by the CT beamlines at the Diamond Light Source.
 Energy �ZrO2

 (matrix) �ZrB2
 (kernels) �ZrO2

− �ZrB2

�ZrO2
−�ZrB2

�ZrO2

Transmission 
 (in keV) (in cm−1) (in cm−1)  
 7 479.61 383.02 96.59 20.14% 0.00%  
 38 31.63 25.84 5.79 18.31% 0.00%  
 53 12.78 10.42 2.36 18.47% 0.00%  
 60 9.13 7.43 1.70 18.62% 0.01%  
 70 6.05 4.91 1.14 18.84% 0.28%  
 90 3.16 2.55 0.61 19.30% 4.61%  
 110 1.95 1.56 0.39 20.00% 14.96%  
 130 1.36 1.07 0.28 20.59% 26.79%  
 150 1.02 0.80 0.22 21.57% 37.05%  

6.2. Sensor fusion and computer-generated densitometric images

Densitometric radiographic images is a technique that combines 
two radiographs that were produced with two different tube voltages. 
It is now possible to use ubiquitous motion sensing input devices 
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originally developed for the video game industry, e.g. the Microsoft 
Kinect, to capture the 3D envelope of a real patient and save it as a 3D 
polygon mesh that can be used by gVXR. This 3D object can then be 
registered with radiographic images from that patient (see Fig.  18). The 
integration of this information (3D object + real radiographic images) 
has allowed for the acquisition of densitometric images, where one of 
the two images is acquired experimentally. gVXR proved to be very 
useful for generating the second image with another tube voltage [37]. 
This simulated image includes a simulated beam with new custom-
defined parameters (kVp, mAs, hardening, filtration, etc.) but with the 
very same exact geometry, including that of the patient at the moment 
the radiograph was acquired.

Substituting one of the two images needed to generate a densito-
metric radiographic image leads to (i) a lower radiation dose for the 
patient than in traditional densitometric imaging, and (ii) a better 
image contrast than in typical single exposure radiographic imaging 
(see Fig.  19).

Also, to prepare for real sessions in hospital settings, gVXR was 
used to simulate the scenarios to be studied beforehand, prior to the 
application of any radiation [38].
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Fig. 18. Real path length (L-buffer) computed with gVXR of the contour data of a head-like anthropomorphic phantom.
Fig. 19. Example of a densitometric image (middle image). The left radiograph represents the original X-ray instance and the rightmost image represents the traversed volume.
7. Quantitative evaluation of CT reconstruction algorithms

3D tomographic imaging serves as an essential complement to 
‘‘conventional’’ 2D imaging for microscopic biological samples, as it 
provides direct insight into the probed structures while preserving their 
integrity. Among existing biological models, the Caenorhabditis elegans
(C. elegans) nematode constitutes a well-characterised multicellular 
organism described in wide open-source databases, that encompass 
both anatomical and genomic information [39–41]. Its small size — 
approximately 1 mm in length — and reproducible internal structure 
makes it well suited for micro-imaging across multiple scales, spanning 
from tissular to cellular and even subcellular levels. Compared to other 
3D imaging techniques such as confocal microscopy, X-ray emission 
induced by MeV-range protons or synchrotron X-rays provide access 
to the composition of the probed biological structures with unique 
capabilities: (i) multi-elemental chemical analysis; (ii) high sensitiv-
ity, down to a few �g � g−1. Such quantitative mapping can reveal 
dysfunctions in the homeostasis of chemical elements, which plays 
a pivotal role for example in the biological response to changes in 
the environment - due to factors like nutrition, stress, or exposure 
to exogenous compounds [42–45]. These imaging techniques involve 
scanning the sample with the penetrating radiation source (protons or 
X-rays) and measuring the transmitted radiations or the X-ray emis-
sion signal. For 3D imaging, the resulting projection data are then 
used to reconstruct the probed volume using advanced tomographic 
reconstruction techniques [46].

However, the acquired data may be incomplete, for various reasons: 
(i) temporal constraints, to limit the experiment’s duration or to min-
imise radiation exposure; (ii) physical constraints, preventing access to 
certain measurement angles, constituting a ‘‘missing wedge’’. All these 
limitations are a source of errors in the reconstructed images, that need 
to be examined both on structural and quantitative aspects (accuracy 
of the calculated mass content). To our knowledge, no physical 3D 
sample standards exist, suitable to biological applications with low 
element concentrations. This prompted us to design a digital twin of
C. elegans, and to develop a comprehensive data pipeline with the 
objective to validate quantitative tomographic reconstruction in the 
case of missing data [47,48]. The simulation pipeline begins with a 
CAD phantom of an adult hermaphrodite C. elegans, developed at LP2IB 
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(Fig.  20), based on an anatomical model designed at CalTech [49–51]. 
The phantom’s geometry is represented by a set of independent surface 
meshes compatible with 3D imaging simulation. For this purpose, the 
Python bindings of gVXR [8] were used to simulate at a first stage 
transmission tomography.

Subsequently, the developed mesh model is also used to generate 
a 3D voxelised version of the C. elegans phantom. In this context, a 
mass density distribution is assigned to the voxel data (depicted here 
with arbitrary constant values between 0 and 1) which serves as the 
ground truth. The developed data processing chain is illustrated in 
the following example (Figs.  21 and 22). Using gVXR, sinograms are 
simulated. Then, the reconstruction algorithm to be tested — e.g., here, 
the Simultaneous Iterations Reconstruction Technique (SIRT) available 
in the ASTRA toolbox [52] — is applied. This approach enables di-
rect comparison between the reconstructed volume and the reference 
voxelised phantom (Fig.  21).

To quantitatively assess the accuracy of the reconstruction, two 
metrics were computed: root mean squared error (MSE) and SSIM be-
tween the ground truth and reconstructed density images. Both metrics 
were calculated for the considered slice without any prior filtering. The 
SIRT algorithm utilised a minimal constraint of positivity, based on the 
assumption that the mass densities being reconstructed are positive.

A low value of RMSE was obtained (0.04) which indicates a rela-
tively small average difference between the ground truth and recon-
structed densities. For the SSIM calculation, a window size of 11 × 11 
pixels was used, resulting in an SSIM value of 0.94. This high value 
suggests strong structural similarity between the two volumes, where 
1 represents perfect similarity. Our main objective is to ensure an 
accurate reconstruction of the densities of each organ, as reflected by 
this high SSIM value. A complementary local comparison is conducted 
through image profiles (Fig.  22), which visually indicate the effective-
ness of the reconstruction process in preserving the distinct density 
regions corresponding to different organs or structures.

This study demonstrates the successful application of gVXR in simu-
lating tomography for assessing the accuracy of C. elegans imaging. This 
work marks an initial step towards further investigations focused on 
developing advanced methods to improve the accuracy and robustness 
of reconstructions, particularly in addressing cases of incomplete data.
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Fig. 20. A view of the 3D anatomy model of C. elegans. It is defined as a collection of independent triangular surface meshes labelled with different colours for a better visualisation. 
The vertical dashed line represents the slice used for the reconstruction in Fig.  21.
Fig. 21. Reconstruction of a slice of the C. elegans phantom. The sinogram (a) simulated with gVXR, here composed of 251 pixels (with a pixel size of 0:3 μm) and 180 projections 
with a 1ýangular step, serves as input for the SIRT algorithm. This produces the reconstructed mass density distribution (c), which is then compared to the voxelised image of 
the phantom (b), here using the residual image (d) (a zoom is shown on the region of interest for a better clarity). The colour scale on the right of the images represents the 
projected mass density in 10−4 g cm−2 for (a) and the mass density in g cm−3 (arbitrary values) for (b�d).
Fig. 22. Profile comparison of the ground truth and reconstructed density values. The 
profile is taken along the horizontal line indicated in Fig.  21-b.

8. Enhancing the simulation with motion

8.1. Drone-based radiography for wind turbine blades

Approximately 2%–3% of wind turbine blades require annual re-
placement, often due to defects in their internal composite layers [53]. 
These defects are invisible from the outside, prompting wind farm 
operators to use NDT techniques for internal inspections. A common 
method involves technicians rappelling down the blade while manually 
scanning each section with handheld ultrasonic equipment. However, 
this approach is costly, time-consuming, and potentially hazardous. 
Aerial radiography offers an autonomous alternative by using two 
drones equipped with the source and detector of a digital radiograph 
(DR) system, as illustrated in Fig.  23(a) [54]. Despite its advantages, 
this approach faces challenges from drone- and environment-induced 
disturbances, leading to motion blur in the images.

Mitigating motion blur requires both effective controllers to sta-
bilise the drones and deblurring algorithms to enhance image quality. 
By integrating gVXR with a drone simulation environment, we can 
generate X-ray images corresponding to various trajectories, models, 
and disturbances, effectively closing the control system’s feedback loop 
on image quality. The post-processing methods are integrated directly 
into this simulation pipeline to develop a comprehensive solution. 
The ability of gVXR to rapidly generate large datasets enables the 
application of learning methods to both drone control as well as image 
post-processing. Our preliminary research has focused on validating 
the accuracy of gVXR for motion-blurred images using an experimental 
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dataset obtained with a commercially available portable DR system. An 
example of these results is shown in Figs.  23(b) and 23(c).

8.2. Motion artefacts with respiration simulation

gVXR was employed to model ghost artefacts during CT recon-
struction caused by motion during acquisition. This approach was 
applied specifically to motion induced by respiration [3]. To achieve 
this, a respiratory model was implemented based on prior research 
conducted for interventional radiology training purposes [5,55]. To 
simulate the physiological mechanisms enabling lung inflation, we 
modelled the primary respiratory muscles, including the intercostal 
muscles and the diaphragm. Thoracic expansion was represented using 
a kinematic model (depicted in red in Fig.  24(a)), while diaphragm 
contraction was simulated with a deformable model based on the 
Chainmail method [56] (shown in blue in Fig.  24(a)). The lungs were 
attached to the ribs and diaphragm, deforming in conjunction with 
them, while the liver underwent translation (also illustrated in blue 
in Fig.  24(a)). The computational framework is hybrid, with mesh 
deformations calculated on the CPU and X-ray simulation performed 
on the GPU. Fig.  24(b) illustrates a CT scan reconstructed without 
respiration motion, whereas Fig.  24(c) demonstrates the capability to 
reproduce ghost artefacts due to the respiration motions.

The simulation was validated using patient data, where the anatom-
ical geometries were manually segmented. Simulation parameters were 
automatically determined through optimisation based on evolution 
strategies. For this, clinical CT scans captured at maximal inspiration 
and expiration states were employed for each patient.

9. Machine learning

9.1. Early applications

gVirtualXray is also being used to produce a high number of realistic 
simulated images to train machine learning algorithms, including deep 
neural networks, which would not have been possible a few years ago. 
Lovitt created 2D images to estimate the length statistics of aggre-
gate fried potato products [57]. Haiderbhai et al. trained generative 
adversarial networks to generate X-ray radiographs from photographs 
of hands [58]. Andreozzi et al. used gVirtualXray to generate noise 
free X-ray radiographs. Noise is added as a postprocess to study real-
time edge-aware denoising in fluoroscopic devices [59]. However, it 
seems that most recent efforts have been focusing on image segmenta-
tion for diagnostic purposes, whether to detect pathologies in clinical 
applications or defects in NDT.
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Fig. 23. (a) Dual drone NDT inspection system. (b) Image of a simple aluminium sample obtained with both the source and detector mounted on a motion platform. (c) 
Corresponding simulated projection from gVXR, aimed at replicating the blur structure. Note: The experimental image is contrast-enhanced for visualisation purposes.
Fig. 24. Video 4 – CT scan artifact applied on the respiration application. https://youtu.be/fC1b1rGbtag.
9.2. Data augmentation for image segmentation

As an alternative to traditional computer vision methods, deep 
learning models have become increasingly common in image analy-
sis, particularly for detection, classification, and segmentation tasks. 
However, these models require large amounts of training data to avoid 
overfitting and to promote model generalisation. In fields such as med-
ical and material sciences, generating sufficiently large datasets poses 
significant challenges. For example, certain imaging techniques, such 
as tomographic scans in material science, can take hours to acquire. 
Additionally, annotating these datasets is time-consuming and may 
require several hours per slice for scans with particularly low contrast. 
Collecting these samples is therefore a major obstacle due to the time, 
cost, and human resources involved, as well as data anonymisation 
requirements [60]. To circumvent these constraints, various data aug-
mentation strategies have been developed to generate synthetic images 
along with their corresponding labels. A common method involves the 
use of generative networks [61]. However, generative networks have 
limitations, including the need for large training datasets and often 
limited generalisation capabilities  [62]. Another approach consists of 
combining gVirtualXRay with virtual models to produce large datasets 
of labelled synthetic images. These images replicate the noise and 
artifacts found in experimental data, accurately capturing real data 
variability while remaining representative and precise. For example, 
Phoulady et al. previously employed this method to automate defect 
detection in microelectronics  [63]. We described below the latest 
applications of this approach for 2D radiographs, conventional X-ray 
CT, and spectral CT.

9.2.1. Lung nodule detection in 2D radiographs
The combined use of a virtual anthropomorphic model with gVir-

tualXRay allow the injection of artificial lesions, as well as the de-
formation of organ shapes and the modification of scanner settings to 
replicate the variability found in real datasets. We investigated whether 
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training deep learning models on these large synthetic datasets could 
improve performance in pulmonary nodule detection.

Synthetic radiographs were generated using a thoracic model
adapted from the virtual anthropomorphic model Z-Anatomy [64] (Fig. 
25.a). Key anatomical structures — including skin, muscle, bones, 
blood vessels, and visceral organs such as the trachea, bronchi, lungs, 
and heart — were retained, and mesh simplifications were applied 
using Blender [65]. Material composition and density values were as-
signed to each tissue type in accordance with ICRP Publication 89 [66]. 
To simulate anatomical variability, tissue densities were randomly 
adjusted within a range of 0%–1%. Additionally, the dimensions of the 
entire model and each lung lobe were individually scaled along the x, 
y, or z axis within a 0%–4% range.

Pulmonary nodules were represented by a sphere of a diameter 
between 6 mm and 3 cm, randomly scaled in the x, y, or z axes. 
Between one and three nodules were randomly positioned within the 
lung structure and subjected to a random rotation (Fig.  25.b). Each 
nodule was randomly assigned a Hounsfield Unit (HU) value between 
−174 and 300.

To perform nodules detection, we used the state-of-the-art detection 
model YOLOv8m [67] with default optimisers and hyperparameters. 
Data augmentation included the default settings as well as a random 
rotation of 0–10 degrees. Training was conducted over 100 epochs. 
To evaluate models’ performance, we used a standardised test dataset 
consisting of radiographs from the NODE21 database [68], which were 
not exposed to models during training (Fig.  25.c).

As a baseline for further comparisons, we first trained the model 
exclusively on real radiographic data (1767 images from NODE21 
database), resulting in a sensitivity of 55.7%, a precision of 68.5%, 
and a F1 of 61.4% (Fig.  25.d). Training the model solely on synthetic 
data (8499 images) resulted in reduced performance, with sensitivity at 
19%, precision at 8.8% and F1 at 12%, indicating limited effectiveness 
of synthetic data alone (Fig.  25.d). However, training the model on a 
combined dataset of real (1767 images) and synthetic radiographs at 

https://youtu.be/fC1b1rGbtag


F.P. Vidal, S. Afshari, S. Ahmed et al. Nuclear Inst. and Methods in Physics Research, B 568 (2025) 165804
Fig. 25. a. Virtual anthropomorphic model (from Z-anatomy). From left to right : meshes represent bones, skin, visceral organs and brain, blood vessels, muscles b. Example of a 
synthetic lung model with an artificially inserted nodule (red) c. Example of a real chest radiography (left) from NODE21 dataset, and synthetic chest radiography (right). Nodules 
bounding box in red d. Model performance as a function of each training dataset.
real-to-synthetic ratios of 0.1:0.9 (i.e. 10% real radiographs and 90% of 
simulated radiographs) and 0.2:0.8 (i.e. 20% real radiographs and 80% 
of simulated radiographs) led to significant improvements. Precision 
increased to 72.7% and 77.6%, sensitivity to 54.3% and 73.8% and 
F1 to 62.2% and 75.6% respectively, representing an enhancement of 
up to 32% in sensitivity and 13% in precision over the baseline (Fig. 
25.d).

These preliminary results demonstrate that model-based synthetic 
data shows promise for improving performance in deep learning mod-
els, highlighting its potential to enhance detection accuracy. This ap-
proach invites further investigation to assess its validity and versatility 
across other pathologies.

9.2.2. Simulation to real transfer of segmentation algorithm
X-ray tomography can be used for the generation of realistic rep-

resentative volume elements for composite materials modelling. To 
translate the tomographic reconstruction into a geometry suitable for 
finite element simulations, the different phases need to be segmented 
and meshed. The segmentation problem can prove very challenging for 
low contrast scans where the phases have similar chemical composi-
tions, such as carbon fibre-reinforced polymers. This is especially true 
in mesoscale scans of woven composites, where the yarns are impreg-
nated with polymer matrix material reducing contrast further. Classical 
segmentation algorithms like thresholding and watershed often fail in 
separating the diffuse phase boundaries.

The applicability of gVirtualXray for synthetic training data genera-
tion in material science is demonstrated by training DeepLabV3 with a 
Resnet50 backbone using simulated tomograms [69]. The geometries to 
be scanned are generated with the open source software TexGen [70]. 
The segmented ground truths are received by voxelizing the input 
surface meshes in the same frame of reference as the simulated scan 
is performed. This is shown in Fig.  26. The model is trained on 
30 synthetic tomograms, where the scan settings and geometry have 
been domain randomised. Inference on an experimentally derived (not-
simulated) tomographic slice is shown in Fig.  27. This initial test shows 
promise, and it is likely a larger dataset and better tuned training 
procedure will yield better performance.

9.2.3. Spectral CT data simulation and material decomposition
The capacity of gVirtualXray to simulate spectral CT data plays a 

critical role in advancing material decomposition techniques within 
medical imaging. By generating synthetic data sets across high, low 
and conventional CT energy spectra, this technology supports the data 
required for the training process to build deep learning models. These 
models utilise pairs of reconstructed CT images and material density 
maps, created through the voxelisation of 3D meshes from segmented 
phantom STL files. This method reliably simulates the varied material 
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properties and their distinct attenuation characteristics at different en-
ergies (see Fig.  28), which is crucial for precise material identification 
in spectral CT. The synthetic datasets closely replicate the variability 
and complexity of real clinical scenarios, enabling comprehensive train-
ing of algorithms without the significant costs and logistical challenges 
of gathering extensive clinical data. This approach not only enhances 
the precision and utility of AI models, but also demonstrates the 
flexibility of gVirtualXray in advancing the creation of sophisticated 
diagnostic tools through synthetic data generation.

9.3. Material characterisation

9.3.1. Defect detection and characterisation
In another material science application, gVirtualXray is used to 

automatically detect and characterise damages in composite and lam-
inate materials by deploying it in data-driven predictor models [71]. 
It has been evaluated for different specimens under test, structure 
geometries, materials, and defects. They pose different coincidences 
between material (defect) and image features:

1. Homogeneous aluminium die casting plates with pore defects 
[72]

2. Composite fibre-metal laminate (FML) plates (aluminium and 
PREimPREGnated (PrePREG) layers with impact damages pos-
ing layer delaminations, deformation, cracks, and kissing bond 
defects (loss of adhesive contact between layers)).

Automated feature detection and marking in measuring images can 
occur on different levels:

• Region-of-Interest search;
• Feature marking and maps;
• Damage and defect classification;
• Damage and defect localisation;
• Global statistical aggregates (e.g. pore density, defect distribu-
tion).

One of the major issues in data-driven modelling in materials sci-
ence is the low variance of data with respect to the parameter space. 
The number of features in measuring data is often limited. For ex-
ample, impact damages, breakage defects, or tensile tests can only be 
applied once to a specimen. To overcome the limitation of the sparse 
experimental parameter space, simulation of measuring data (e.g. X-ray 
images) using parameterisable mechanical models should be used.

The entire workflow consists of different model and simulation 
levels:
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