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 A B S T R A C T

This study investigates individual sources of measurement deviations associated with physical effects in X-
ray computed tomography (XCT) imaging, including focal spot blur effect, detector modulation transfer 
function, Poisson-Gaussian noise, and virtual gain correction. Key parameters were modeled to reflect XCT 
device characteristics, such as X-ray tube properties as well as detector attributes. Using a calibrated object 
designed for XCT metrology, namely a hole plate, a series of experiments were conducted to reproduce real 
measurement setups in a virtual simulation environment. XCT scans are compared with simulated XCT data 
generated under various conditions, including different numbers of projections (120 and 1000) and with 
physical effects both enabled and disabled. Deviations for both real and simulated XCT were determined 
by measuring hole diameters and distances between cylinder holes and comparing these measurements to 
reference values from the calibrated object, allowing quantification of the impact of different physical effects 
on measurement accuracy. The analysis revealed that virtual gain correction and focal spot blur had the most 
significant impact on measurement accuracy, with deviations of 0.018 mm and 0.016 mm, while Poisson–
Gaussian noise had a minor influence of about 0.008 mm. The simulation framework accurately replicates 
XCT behavior (SSIM = 0.9645 for a simulated 1000 projections) and isolates individual physical effects. This 
study provides insight into the relative contributions of different physical effects to measurement deviations in 
industrial XCT. The findings have shown potential to guide future efforts in improving measurement accuracy, 
estimating measurement uncertainty, and developing more realistic simulation tools for XCT metrology.
. Introduction and motivation

X-ray Computed Tomography (XCT) is a powerful non-destructive 
esting (NDT) technique for detailed internal visualization of objects
1]. It is widely applied in materials characterization [2,3], manufac-
uring evaluation [4,5], and medical imaging [6]. It plays a key role 
n identifying features such as defects (e.g., pores, cracks, inclusions 
r reinforcements (e.g., fibers), demonstrating its versatility [7–9]. 
ecent work has also highlighted the growing role of XCT in the 
etrological evaluation of porosity, enabling quantitative assessment 
f pore morphology, distribution, and measurement uncertainty in ad-
itively manufactured components [10]. Further studies show advances 
n micro-CT for material characterization [11,12], robust analysis at 
ow resolutions [13], and deep learning-based pore segmentation [14]. 

∗ Corresponding author at: imec-Vision Lab, Dept. of Physics, University of Antwerp, Universiteitsplein 1, Antwerpen, 2610, Belgium.
E-mail address: miroslav.yosifov@fh-wels.at (M. Yosifov).

To support visual analysis and enhance interpretation of XCT data, 
visualization tools such as open_iA [15] by Fröhler et al. or dedicated 
techniques for comparative visualization such as AccuStripes by Heim 
et al. [16] have been proposed to compare multiple XCT volumes.

X-ray simulation further extends the capabilities of XCT by pro-
viding a controlled environment for generating synthetic data, which 
addresses some of the challenges and limitations encountered in real-
world XCT applications. It has demonstrated its capability in generating 
synthetic XCT data [17], improving on the defect detectability and 
enabling precise control over defect characteristics such as shape and 
size, as well as overall image quality [18]. It offers full control over 
the synthetic data generation process and supports the optimization 
of XCT scan parameters, ultimately enhancing segmentation accuracy 
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and the detection of small defects [19]. Moreover, X-ray simulation 
allows the estimation of uncertainties and provides the capability to 
control and isolate several types of physical effect such as focal spot 
blur effect, noise, virtual gain correction, modulation transfer function 
based unsharpness.

XCT has also become a key technology in industrial dimensional 
quality control over the past decade [20]. Its ability to assess multi-
ple features simultaneously, without touching or modifying the object 
under investigation or facing sensor accessibility restrictions regarding 
small or hidden features, has led to its increasing adoption. Complex-
shaped objects with tens, hundreds, or even thousands of dimensional 
measurement features can be inspected efficiently in a holistic way, 
offering significant advantages over traditional tactile or optical coordi-
nate measurement systems [21]. The high information density provided 
by XCT renders this technology a crucial tool to address the challenges 
of contemporary manufacturing processes [22].

However, despite these benefits, XCT still faces major challenges 
when it comes to ensuring traceable dimensional measurements and to 
estimate measurement uncertainty. The complexity of the X-ray mea-
surement process, combined with the simultaneous action of several 
physical effects makes it difficult to isolate and quantify their individ-
ual contributions to measurement deviations. Traditional experimental 
approaches for uncertainty estimation, such as the substitution [23] 
or multiple measurement methods [24,25], evaluate the system as a 
whole and thus cannot disentangle the influence of each effect within 
the measurement chain. As a result, the metrological understanding 
of how specific physical phenomena propagate through XCT and af-
fect dimensional accuracy remains limited [26,27]. Simulation-based 
approaches offer a promising alternative to virtually investigate and 
experimentally explore these effects under controlled and repeatable 
conditions. By building a physics-based digital representation of the 
XCT process, it becomes possible to enable or disable individual phys-
ical effects and to assess their metrological significance in isolation. 
This digital strategy supports a deeper understanding of the mecha-
nisms behind measurement deviations, promotes the development of 
simulation-based methods, and aligns with ongoing efforts in digital 
metrology and uncertainty evaluation using virtual measuring systems. 
In this context, this study aims to investigate the influence of se-
lected physical effects on dimensional measurement deviations, namely 
virtual gain correction, focal spot blur, detector modulation transfer 
function, and Poisson–Gaussian noise in XCT. The proposed simulation 
framework enables isolating and quantifying each effect’s individual 
contribution while maintaining consistency with real XCT data. By 
bridging simulation and experiment, this work advances uncertainty 
quantification in XCT metrology and provides insights to guide indus-
trial users in optimizing scanning parameters and understanding which 
physical effects have the most significant metrological impact.

In this paper, we aim to address this knowledge gap by systemati-
cally investigating the influence of specific physical effects on measure-
ment accuracy by employing XCT simulated. The key contributions of 
this work are threefold:

1. Isolate and quantify the individual contributions of different 
physical factors, such as virtual gain correction (VGC), Poisson-
Gaussian (PG) noise, focal spot blur effect, and the modula-
tion transfer function (MTF) on the detector, to measurement 
deviations;

2. Compare real XCT scans with simulated XCT data generated 
under various conditions, including different numbers of pro-
jections and with physical effects both enabled and disabled, to 
validate the simulation approach;

3. Provide actionable insights that can guide industrial practition-
ers in optimizing their XCT measurement processes by under-
standing which physical effects have the most significant impact 
on dimensional measurement accuracy.
2 
Understanding these effects can contribute to developing strategies to 
reduce their impact and improve the overall accuracy of XCT measure-
ments. The findings of this study may guide future efforts in improving 
measurement accuracy and developing more realistic simulation tools 
for XCT metrology.

2. Related work

Accurate dimensional measurements using XCT are highly depen-
dent on understanding and controlling the various factors that influence 
measurement deviations (see Fig.  1). Several studies have explored 
different strategies to model these influencing factors and mitigate their 
impact on measurement accuracy. This section reviews recent advances 
in XCT metrology, focusing on estimating measurement uncertainty 
in XCT (Section 2.1), simulation-based studies for deviation analysis 
(Section 2.2), and relevant techniques for evaluating physical effects 
using X-ray simulations (Section 2.3).

2.1. Estimating measurement uncertainty in XCT

Measurement uncertainty is a fundamental concept in metrology, 
serving as an indicator regarding the quality of a measurement result, as 
it is defined as "a parameter associated with the result of a measurement 
that characterizes the dispersion of the values that could reasonably 
be attributed to the measurand" [29]. It quantifies the inherent doubt 
associated with measurement results, i.e., acting as an indicator of the 
quality and reliability of a measurement outcome. In the context of 
XCT, uncertainty estimation is challenging due to the multitude of influ-
encing factors, ranging from system configurations (e.g., X-ray source 
and detector settings) to object properties (e.g., material composition 
and geometry), as also illustrated in Fig.  1. Traditional methods for 
estimating uncertainty, such as the substitution method [23], which 
determine measurement uncertainty by repeatedly measuring a ge-
ometry of a calibrated reference object, have been extensively used; 
however, they often lack the comprehensiveness required to address 
the complexity of XCT measurements.

Model-based methods, as outlined in the Guide to the Expression 
of Uncertainty in Measurement (GUM), provide a unified framework 
for uncertainty evaluation [30–32]. Since no analytical function is 
currently available to fully describe the CT measurement process, the 
law of propagation of uncertainty cannot be directly applied [30]. For 
this reason, numerical simulation has become a promising alternative. 
Following Supplement 1 to the GUM documentation [31], Monte Carlo 
trials can be used to evaluate how uncertainties in input quantities 
propagate through the measurement model. However, CT simulation 
requires significant computational resources, and commercially avail-
able software packages are not yet fully optimized for performing the 
large number of trials and considerations necessary to achieve statisti-
cally meaningful results [26,33]. Key challenges remain in identifying 
the most influential input quantities, isolating physical effects, assign-
ing realistic uncertainty values to them, and determining the minimum 
number of simulations required to obtain reliable estimates [34–36]. 
Another approach, known as the substitution method [37], has its 
origin in ISO 15530-3 for tactile coordinate measuring machines and 
has been adapted for CT. This method is based on repeated mea-
surements of calibrated workpieces similar to the actual workpieces 
of interest [38]. This technique requires that the calibrated reference 
and the test object be similar in geometry, size, and material, which 
is often difficult to realize in practice. As a result, many industrial 
implementations rely on calibrated reference artifacts or workpieces 
that do not fully represent the complexity of real parts [28]. This 
limits a general model of uncertainty estimation for actual measure-
ment tasks. The process of evaluating measurement uncertainty can 
also be complemented by expert knowledge and metrologist judgment, 
particularly when choosing the most appropriate method for reporting 
uncertainty in CT measurement results. However, assessing the validity 
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Fig. 1. Typical design of cone-beam XCT systems and factors influencing XCT dimensional measurements.
Source: Adapted from [28].
of corrections or assumptions is far from trivial and often requires 
considerable experience. A combination of different techniques can 
be adopted to develop more robust approaches to CT measurement 
uncertainty.

Several approaches have been proposed to estimate measurement 
uncertainty, emphasizing the need for comprehensive models that in-
corporate multiple error sources. For example, Dewulf et al. [27] 
presented a systematic framework for evaluating uncertainty in XCT 
measurements, thereby accounting for factors such as beam harden-
ing, scatter effects, and surface determination errors. Similarly, Hiller 
et al. [39] introduced a parametric model that captures both geometric 
and radiometric uncertainties, providing a more holistic understanding 
of error propagation in XCT systems. Unlike earlier approaches [39–41] 
to XCT uncertainty estimation and analysis, which often relied on 
empirical error budgets or analytical models, our study employs X-
ray simulations to isolate and examine individual error sources in a 
controlled virtual environment.

Recent developments have also highlighted the integration of ma-
chine learning techniques for uncertainty estimation. In large datasets 
of XCT measurements, respective models can predict uncertainty levels 
with greater accuracy compared to traditional analytical methods [42–
44]. While being promising, the application of machine learning in 
metrology still faces challenges related to data quality, reproducibility, 
generalization and the interpretability [45]. In this context, physics-
based XCT simulations, when sufficiently realistic, could support the 
training of such models by generating synthetic datasets with known 
reference values, as suggested in [42–44], helping to overcome the 
limited availability of labeled real-world data.
3 
2.2. X-ray simulation for deviation analysis

X-ray simulation is a powerful tool for isolating and quantifying 
the influence of individual physical effects on measurement deviations. 
Using virtual environments, it is possible to control and manipulate 
specific parameters and effects such as VGC, PG noise, and focal spot 
blur to study their impact on measurement results. These simulations 
provide valuable insights that are difficult to obtain experimentally, 
enabling researchers to evaluate the sensitivity of the XCT system to 
different conditions.

Simulation-based studies have shown that the MTF plays an impor-
tant role in the determination of the spatial resolution of XCT systems 
and hence the accuracy of dimensional measurements [46]. By simu-
lating various focal spot sizes and detector configurations, researchers 
have been able to optimize the XCT system performance for specific 
applications [47]. Furthermore, advanced XCT simulation tools, such 
as XSimulation [48], ASTRA Toolbox [49], aRTist [50], or SimCT [51] 
and platforms to assess whether the digital twin sufficiently represents 
its real world counterpart such as CTSimU [52], have been employed 
to model and evaluate complex measurement scenarios, enhancing un-
derstanding of how physical effects propagate through the XCT imaging 
process and affect final measurements. In addition to system-specific 
factors, environmental conditions, such as temperature fluctuations and 
humidity variations, can introduce additional sources of uncertainty. 
Several studies have utilized XCT simulations to evaluate the impact 
of these factors, demonstrating that precise control of the scanning 
environment is crucial for maintaining measurement accuracy [53]. 
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Table 1
Parameters for XCT imaging.
 Parameters Unit Value Parameters Unit Value  
 Acceleration voltage kV 110 Source-object-distance mm 120.43  
 Anode current μA 155 Source-detector-distance mm 1176.83  
 Integration time ms 1s Magnification – 9.77  
 Detector pixels – 2000x2000 Voxel size μm 20.5  
 Number of projections – 120 and 1000 Total cycle time min 2 and 16 
This line of research is particularly relevant for industries requiring 
high precision and metrological traceability, as it underscores the 
importance of developing robust XCT measurement protocols.

Despite all advantages, X-ray simulation also features limitations 
that can affect dimensional measurements. For example, often surface 
roughness or detector-specific artifacts are often not taken into account. 
While Poisson and Gaussian noise can be modeled, detector-based 
noise does not fully capture the statistical behavior and spatial correla-
tions inherent in real detector responses. To address this limitation, a 
noise-sensitive image metric was applied in this study to measure the 
similarity and grey value profiles between simulated and real XCT data.

2.3. Evaluation of physical effects through X-ray simulation

Recent studies were focused on isolating and quantifying the impact 
of specific physical effects on XCT measurement accuracy. For instance, 
Villarraga-Gomez et al. [54] investigated the influence of X-ray scat-
tering on dimensional measurements, proposing methods to correct 
for scatter-induced deviations. Similarly, Tan et al. [55] examined 
the effect of beam hardening on measurement accuracy and applied 
correction algorithms to mitigate its impact. The analysis of noise in 
XCT systems has also been a subject of recent research. Studies by Hiller 
et al. [56] and Reiter et al. [57] have explored various noise reduction 
techniques and their effectiveness in improving measurement accu-
racy, particularly for low-contrast features and thin-walled structures. 
Building upon these studies and focusing on the systematic analysis of 
individual physical effects, this work aims to provide a comprehensive 
understanding of how various factors contribute to measurement devi-
ations in industrial XCT, ultimately leading to improved accuracy and 
reliability in dimensional metrology applications.

3. Materials and methods

This section describes the experimental and simulation procedures 
adopted in this study. The process starts with the acquisition of real 
XCT data (Section 3.1), followed by the generation of simulated XCT 
data under varying conditions (Section 3.2) and processing framework 
(Section 3.5). It concludes with a thorough analysis of the determined 
measurement deviations (Section 3.4).

3.1. Real XCT data acquisition

Real XCT data was acquired using a Nikon Metrology MCT225 
system to validate the quality of simulated XCT data in terms of total 
uncertainty and image and volume similarity. Table  1 summarizes 
the main XCT imaging parameters used for the generated scans. To 
ensure optimal X-ray penetration and image contrast, the system was 
configured with an empirically determined acceleration voltage of 110 
kV and anode current of 155 μ A. The integration time per projection 
was set to one second to balance signal-to-noise ratio and total scan 
time. The detector, a flat panel with 2000 × 2000 pixels and pixel size 
equal to 0.2 mm, provided high-definition imaging of the calibrated 
object with no binning applied.

To investigate the effect of projection count on deviation analysis, 
we initially generated CT data using five projection settings: 120, 250, 
500, 750, and 1000. Since the deviation results for 500 and 750 pro-
jections were similar to those for 1000 projections, and 120 projections 
4 
yielded results comparable to 250, this study presents findings from the 
120 and 1000 projection datasets. The XCT images were reconstructed 
using the Feldkamp–Davis–Kress (FDK) algorithm [58], which has been 
widely adopted for cone-beam XCT imaging due to its computational 
efficiency and reconstruction accuracy. The scanning geometry was 
defined by a source-to-object distance of 120.43 mm and a source-to-
detector distance of 1176.83 mm, yielding a magnification factor of 
9.77. The voxel size was 20.5 μ m. The total scanning times for 120 
and 1000 projections were approximately two minutes and 16 min, 
respectively. Fig.  2 shows the calibrated object along with the measured 
distances and cylinder holes analyzed in this study. The calibrated 
object was made of aluminum and contains 56 cylindrical holes. In 
this study, the diameters of 49 selected cylindrical holes (numbered 
1 to 49), which were equally spaced in pairs during manufacturing, 
were evaluated, along with the distances between the centers of the 
corresponding cylinder pairs, as defined by the experimental design.

3.2. Simulation setup

XCT simulation was essential for this study, as it enables the isola-
tion of various physical effects, which is not possible in real XCT scans. 
Simulated XCT data was generated using the software SimCT [51], 
incorporating detailed models of the XCT system components (source, 
detector, and rotary table) and the overall imaging process. The sim-
ulations were performed with distinct physical effects enabled – ac-
counting for phenomena such as focal spot blur effect, the MTF on 
the detector, PG noise, and VGC – and another with the respective 
physical effects disabled, as such representing an ideal scenario. To 
mimic the XCT scanning conditions, the same XCT system and device 
characteristics were replicated in the simulations.

The CAD (Computer-Aided Design) model of the object, calibrated 
based on the dimensions obtained from a coordinate measuring ma-
chine (CMM), was converted into an STL (Standard Tessellation Lan-
guage) file for use in the simulation. The voxel size in the simulated 
scans was set to 20.5 μ m to ensure consistency with the real XCT 
data. Similarly, the simulated projection data was reconstructed using 
the FDK algorithm. To further assess the impact of various parameters 
on measurement outcomes, simulations were carried out with different 
numbers of projections, i.e., 120 and 1000 projections, emulating dif-
ferent acquisition conditions. This approach allowed for the evaluation 
of image quality and measurement stability under varying sampling 
densities.

3.3. Physical effects modeled

Different types of physical effects were considered to understand 
their impact on measurement accuracy. These include PG noise, focal 
spot blur, the MTF on the detector, and VGC. Evaluating these effects 
helps to identify the key factors that contribute to uncertainty in 
the measurements. The selection of physical effects in this study was 
guided by their direct impact on dimensional measurement accuracy 
in industrial XCT applications. Focal spot blur was selected due to 
its direct impact on image sharpness and edge definition, which are 
relevant for accurate dimensional measurements. MTF was included 
as it characterizes the detector’s ability to resolve spatial frequencies, 
affecting the overall system resolution. PG noise was chosen as it 
represents the fundamental quantum noise inherent in X-ray imaging, 
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Fig. 2. Image of the calibrated object and visualization of its geometry. The diameter of each cylindrical hole is 2mm, and the center-to-center distance between 
neighboring holes is 5mm for holes numbered from 1 to 49.
while VGC was included as it is commonly employed in industrial 
XCT systems to compensate for detector non-uniformities but can intro-
duce its own artifacts. These effects collectively represent the relevant 
physical influence quantities in typical industrial XCT systems and are 
thus critical for uncertainty evaluation and simulation-based measure-
ment evaluation. The simulation framework was implemented using 
SimCT [51], enabling the independent activation of each physical effect 
to study its isolated contribution to measurement deviations.

Poisson-Gaussian noise distribution: The primary source of image 
noise is photon noise, which follows a Poisson distribution. This type of 
noise can be approximated by Gaussian-distributed random variables, 
with a variance that depends on the mean photon count [51]. When 
an integrating detector is employed, an additional Gaussian-distributed 
noise component, denoted as 𝜎𝐺, is introduced. This noise originates 
from the dark current of the pixel’s photo diodes and other general 
electronic noise. The noise model for the Nikon Metrology Flat Panel 
detector is represented by Eq.  (1): 

𝜎PG =
√

𝜎2𝐺 + 𝐼
𝐾

(1)

where 𝐼 is the detected intensity measured in grey values, 𝜎𝐺 is the 
standard deviation, and 𝐾 is a parameter that is experimentally deter-
mined based on various image acquisition parameters (e.g., detector 
gain, integration time, detected spectrum, etc.). Ultimately, Gaussian-
distributed noise is added to each pixel’s grey value using a random 
number generator, as shown in Eq.  (1). This models the combination 
of Poisson and Gaussian distributed noise present in real X-ray images.

Focal Spot Blur modeled by a Gaussian Distribution: Focal spot 
blur refers to the blurring of the image due to the finite size of the focal 
spot. This effect can be modeled as a convolution of the initial image 
𝐼0(𝑥, 𝑦) with a Gaussian blur kernel 𝐺(𝑥, 𝑦) [51]: 

𝐼blur(𝑥, 𝑦) = 𝐼0(𝑥, 𝑦) ∗ 𝐺(𝑥, 𝑦) (2)

where ∗ denotes convolution, and the Gaussian blur kernel 𝐺(𝑥, 𝑦) is: 

𝐺(𝑥, 𝑦) = 1
2𝜋𝜎2𝑏

exp

(

−
𝑥2 + 𝑦2

2𝜎2𝑏

)

(3)

Here, 𝜎𝑏 is the standard deviation of the Gaussian blur and, 𝑥 and 𝑦 are 
coordinates in the plane perpendicular to the beam axis.
5 
Modulation Transfer Function Based Unsharpness: The reduc-
tion in image sharpness can be modeled using MTF, such as those 
determined by the Slanted Edge Method proposed in ISO 12233 or 
its modifications. In addition to considering MTF-based unsharpness 
(the geometrical blur), the SimCT tool allows for the introduction of 
additional intensities to the virtually acquired images [51].

Virtual Gain Correction: VGC [59] adjusts the measured signal to 
account for non-uniformities or errors in the gain of the detector. The 
corrected intensity 𝐼corrected(𝑥, 𝑦) is given by: 

𝐼corrected(𝑥, 𝑦) =
𝐼measured(𝑥, 𝑦)

𝐺𝑁(𝑥, 𝑦)
(4)

where 𝐼measured(𝑥, 𝑦) is the intensity measured at position (𝑥, 𝑦), and 
𝐺𝑁(𝑥, 𝑦) is the gain correction factor at the same position.

The physical effects considered in this study – focal spot blur, detec-
tor MTF, PG noise, and virtual gain correction – propagate through the 
measurement chain and collectively influence the observed deviations. 
In the measurement chain, these effects primarily originate from the 
X-ray source and detector, affecting the radiograph images and, conse-
quently, the reconstructed volume. At this stage, additional factors such 
as the number of projections and the performance of the reconstruction 
algorithm also play a role.

Specifically, focal spot blur reduces edge sharpness in the projec-
tions, directly impacting the reconstructed geometry of small features, 
such as cylinder diameters [60,61]. The detector’s MTF further limits 
spatial resolution, smoothing fine details and interacting with focal 
spot blur to amplify edge uncertainties [61,62]. PG noise introduces 
stochastic variations in grey values, which propagate through recon-
struction as local surface fluctuations; these fluctuations are more 
pronounced where edges are already blurred [63,64]. Imperfect virtual 
gain correction can leave residual systematic variations in grey values, 
which combine with stochastic noise and resolution limitations to 
produce small but measurable biases in reconstructed volumes [65,
66]. In general, and from a theoretical standpoint, these effects are 
not independent. Their interactions can either amplify or partially 
compensate for one another, depending on the spatial region and the 
projection sampling density [61]. For instance, changing the focal spot 
size influences both the MTF and the virtual gain correction [60,65], 
while increased noise levels tend to worsen the impact of all other 
factors.
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In certain scenarios, one physical effect may counterbalance the 
influence of another; however, when optimized scanning parameters 
are used – yielding acceptable image quality in terms of blur, sharpness, 
and noise – the individual physical effects become more stable and their 
relative contributions remain consistent [67].

3.4. Deviation and image similarity analysis

Measurement deviations were calculated by comparing the mea-
surements performed on the data acquired by XCT (both real and 
simulated) to the reference values obtained from calibrated measure-
ments results via CMM. This approach allows for quantification of the 
impact of different physical effects on measurement accuracy.

To evaluate the quality of the reconstructed 3D images, we em-
ployed the Structural Similarity Index (SSIM) [68] and the Peak Signal-
to-Noise Ratio (PSNR) [69]. For segmentation analysis, the Jaccard 
Index and Dice Coefficient [70] were applied, as they are standard 
voxel similarity based metrics to quantify the overlap between pre-
dicted and reference segmented regions. SSIM and PSNR were selected 
because they allow us to capture both the numerical similarity (PSNR) 
and the perceptual similarity (SSIM), offering a more comprehensive 
evaluation of image quality between XCT data and simulated XCT data. 
PSNR provides a quantitative measure of pixel-wise fidelity, commonly 
used to assess how much noise or distortion is present in an image, 
while SSIM’s incorporation of luminance, contrast, and structural in-
formation makes it more sensitive to spatial distortions that affect 
perceived visual quality. The following definitions and formulas are 
provided for the segmentation metrics.

Jaccard Index: The Jaccard Index measures the similarity between 
two sets by comparing the size of their intersection to the size of their 
union. For two binary images, 𝐴 and 𝐵, the Jaccard Index 𝐽 (𝐴,𝐵) is 
defined as: 
𝐽 (𝐴,𝐵) =

|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵|

(5)

where |𝐴 ∩ 𝐵| is the number of pixels where both images have non-zero 
values, and |𝐴 ∪ 𝐵| is the number of pixels where either image has a 
non-zero value.

Dice Coefficient: The Dice Coefficient [70] is another metric for 
comparing the similarity of two sets. It is particularly useful for compar-
ing binary images. For two binary images, 𝐴 and 𝐵, the Dice Coefficient 
𝐷(𝐴,𝐵) is given by: 

𝐷(𝐴,𝐵) =
2|𝐴 ∩ 𝐵|
|𝐴| + |𝐵|

(6)

where |𝐴 ∩ 𝐵| is the number of pixels where both images have non-zero 
values, and |𝐴| and |𝐵| are the number of non-zero pixels in images 𝐴
and 𝐵, respectively.

3.5. Processing framework

A schematic representation of the complete processing pipeline, 
including the steps from XCT scanning to similarity analysis, is depicted 
in Fig.  3. The proposed processing pipeline begins with 3D metrology, 
where measurements such as the distance between points and the 
diameter of calibrated specimens were obtained using a CMM. This 
step is crucial because accurately determining these values allows us to 
compare them with the measurements obtained from XCT scans. These 
measurements were then additionally used to create a calibrated CAD 
model, which ensures that the digital representation reflects the cali-
brated dimensions of the object. Then, the CAD model was converted 
to the STL format to create a surface model of the calibrated object, 
which is widely used for XCT simulations.

Next, an XCT scan of the calibrated object was acquired, with a 
voxel size of 20.5 μm. The projection data was then reconstructed using 
the FDK algorithm. From the reconstructed data, diameters of the cylin-
der holes and distances between the cylinder centers were determined 
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for analysis of measurement deviations. Three measurement repetitions 
were performed for each configuration to evaluate repeatability and 
to provide statistical descriptors for subsequent analysis. This number 
was chosen as a balance between experimental feasibility and the 
exploratory nature of the study. The analysis was performed using 
the software VGStudio MAX, with a custom macro (automation tool) 
created to streamline the measurement process across different XCT 
simulated configurations.

Simultaneously, numerical simulation was performed using the STL 
surface model, with the same voxel size of 20.5 μm. Two simulation 
conditions were considered: one with physical effects enabled, simulat-
ing real-world factors such as focal spot blur effect, detector MTF, PG 
noise, and VGC, and another with physical effects disabled, providing a 
controlled, ideal scenario. Additionally, with condition physical effects 
enabled, individual simulations were generated for each physical effect 
– MTF, PG noise, VGC, and focal spot blur – resulting in a total of six 
different simulations. The simulated XCT data was also reconstructed 
using the FDK algorithm, and measurements were determined from the 
simulated reconstructed data. Both real and simulated measurements 
undergo a comprehensive uncertainty analysis. The analysis assesses 
the total uncertainty and the physical effects (PE) inserted simulations 
uncertainty, the latter focusing on the impact of real-world physical 
factors introduced during the XCT scanning process.

After generating XCT scans and XCT simulations, a similarity anal-
ysis was conducted to compare the real and simulated data in terms 
of both image quality and uncertainty levels. This comparison ensures 
that the simulation accurately reflects the results of real XCT scans, 
given the conditions, supporting the validation of the simulated model 
in replicating physical phenomena and uncertainty sources typically 
observed in practice. Although these effects are simulated, they are 
designed to emulate physical influences present in actual scanning 
conditions.

4. Results and discussion

This section presents the evaluation of measurement uncertainty 
across different scenarios regarding deviations from calibration in cylin-
der diameters and center-to-center distances between cylinders. The 
analysis encompasses data from both XCT scans and numerical sim-
ulations, offering a comprehensive assessment of the physical effects 
that influence measurement accuracy, and the overall reliability of the 
simulations.

4.1. Deviations regarding internal diameters

X-ray simulations were performed using different STL models to 
achieve a deviation range similar to the range observed in real XCT 
data. For this purpose, two distinct STL models were initially employed: 
a nominal STL model extracted from the CAD model, and a ‘‘calibrated’’ 
STL model, which incorporates data obtained from reference measure-
ments. The nominal STL model represents the design stage data of the 
object, in essence the expected dimensional measurement values prior 
to the manufacturing process. To create the ‘‘calibrated’’ STL model, 
measurement values obtained via a CMM were used to update the 
CAD model with real data prior to STL model extraction, in order to 
ensure a more accurate representation of the manufactured part. The 
similarity results for deviation were significantly higher when using a 
‘calibrated’ STL model. Therefore, the ‘‘calibrated’’ STL has been chosen 
in order to improve the comparison with real scans. Subsequently, we 
generated the simulated data for the remainder of this study using 
the ‘calibrated’ STL model. Prior to dimensional evaluation, surface 
determination was performed in VGStudio MAX using a global ISO-
50% threshold applied to the reconstructed grey-value volumes. After 
segmentation, the features of interest were evaluated through best-
fit geometric fitting in the software’s metrology module. For the hole 
diameters, circular fits were applied to the internal surfaces of the holes 
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Fig. 3.  Schematic representation of the proposed processing pipeline for comparing real and simulated XCT scans.
to obtain the effective measured values. Each dataset consisted of three 
repeated measurements, and statistical descriptors (mean, standard de-
viation, and range) were computed for every hole position to evaluate 
measurement repeatability and precision. The paired t-test confirms 
that the reduction in mean absolute error with 1000 projections is 
statistically significant (𝑝 < 0.05). The relatively narrow standard 
deviation observed across repetitions (below 0.005 mm) indicates good 
repeatability of the simulated measurement process.

The results of simulations were subsequently compared to a real 
XCT scan of the cylinder’s internal diameter by evaluating both the sim-
ulated and real scans, and calculating the deviation in percentage from 
the calibrated value. The percentage of error values for the internal 
diameter were then normalized between 1 and −1 both for real and 
simulated scans using 120 and 1000 projections, indicating whether 
the determined diameter is higher or lower than the ground truth val-
ues. Fig.  4 presents an normalized error map illustrating comparisons 
between the XCT scan and the simulation by using 1000 projections. 
Each square in the error map represents a corresponding cylinder 
hole percentage of error values for diameter, numbered from 1 to 49, 
positioned identically to their layout shown in Fig.  2. These error maps 
effectively visualize the normalized percentage of error, indicating the 
extent to which each simulation deviates from the reference values 
derived from measurements via CMM.

Further analysis was conducted to evaluate how the number of pro-
jections in the simulations influence the accuracy of internal diameter 
measurements. Error maps were generated for simulations using 120 
and 1000 projections, as illustrated in Fig.  5. Generally, an increase 
in the number of projections leads to a reduction in error, as indi-
cated by the changes in the error map, and suggesting that higher 
projection counts improve accuracy in XCT data. However, simulations 
reveal that the error behavior remains consistent regardless of the 
number of projections, achieving a similar error range to that observed 
with the XCT data. In the simulations, the effect of the number of 
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Fig. 4. Normalized error percentage in the internal diameter of the cylinders—
deviation from CMM calibration (1000 projections used for the reconstructed 
volume). Each square in the error map corresponds to a cylinder hole (1–49) 
positioned as in Fig.  2 and shows the respective normalized percentage error 
in internal deviation.

Fig. 5. Normalized error percentage in the internal diameter of the cylinder — 
deviation from CMM calibration, based on real XCT data. The error map shows 
how increasing the number of projections from 120 to 1000 reduces deviation 
from the calibration standard. Each square in the error map corresponds 
to a cylinder hole (1–49) positioned as in Fig.  2 and shows the respective 
normalized percentage error in internal diameter.
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Fig. 6. Deviation analysis for cylinder diameter in volumes created using by 120 (a) and 1000 projections (b). The plots show the deviations in cylinder diameter 
measurements due to different physical effects: VGC, PG noise, focal spot blur, and MTF.
projections on error behavior is minimal, whereas in the experimen-
tal XCT data, it shows a more noticeable impact. In particular, the 
simulated data for the 120-projection case do not fully replicate the 
characteristics of real CT data acquired with the same number of 
projections, mainly because the mounting system affects the quality of 
the final reconstructed image, especially in cases with a low number 
of projections. Nevertheless, the results remain largely comparable. 
Moreover, it is noteworthy that the errors in simulations generated 
with 120 projections are nearly equivalent to those in real CT data 
acquired with 1000 projections. This presents both an advantage and a 
limitation. On the advantageous side, for future experiments aiming to 
estimate the behavior of 1000-projection scans, simulations with fewer 
projections can provide a reasonable approximation. On the limitation 
side, improving the simulation to more accurately mimic the 120-
projection case will require incorporating the effects of the mounting 
system or more advanced reconstruction algorithms. When comparing 
errors between XCT scans and simulations using 1000 projections, the 
results are nearly identical, indicating that the simulation accurately 
models the scanning conditions.

Statistical analysis of the error distributions reveals significant dif-
ferences in the means and the standard deviations of the simulations 
with different numbers of projections (𝑝 < 0.05, paired t-test). The mean 
absolute error for measurements with 120 projections was 0.0112 mm
(standard deviation 0.0043 mm), compared to 0.0068 mm (standard 
deviation 0.0025 mm) for measurements with 1000 projections. This 
represents a 39.3% reduction in mean absolute error when increasing 
the projection count, highlighting the quantitative benefit of higher 
sampling density. However, it also shows that the agreement between 
simulations and real scans worsens at lower projection numbers—a 
difference that may be influenced by the scanning strategy. The mea-
surements were performed in continuous rotation mode. In contrast, 
the simulations were carried out in step-scan mode, as required by the 
implemented framework.

4.2. Physical effects analysis

This section presents the comparative results of the investigated 
physical effects in X-ray simulations. Fig.  6 shows a plot regarding the 
impact of these effects on the measurement accuracy of XCT simula-
tions, comparing reconstructed volumes generated using 120 and 1000 
projections in terms of inner diameters. Specifically, the analysis ex-
plores how the different physical effects, i.e., VGC, PG noise, focal spot 
blur effect from the X-ray source, and the MTF of the detector, affect the 
deviation of the measured cylinder hole diameters from the simulated 
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data. In the simulations, individual physical effects were applied one at 
a time to isolate their specific influence on measurement deviations. For 
example, when a single effect such as MTF was enabled, all other scan 
conditions were not incorporated, i.e., there was no focal spot blur, no 
PG noise, and no VGC. The label PE ON refers to simulations in which 
all relevant physical effects were enabled simultaneously – including 
PG noise, focal spot blur, detector MTF, and VGC – thereby representing 
a realistic scanning scenario that closely approximates the experimental 
conditions. In particular, the VGC was implemented by dividing the 
measured intensity at each detector pixel by a pixel-specific gain cor-
rection factor, which was derived from an idealized detector response. 
This procedure accounts for detector non-uniformities and emulates the 
correction applied in real XCT systems, ensuring that the simulated 
data closely reflect the uniformity conditions achieved in experimental 
scans.

Fig.  6(a) provides an in-depth analysis of the deviation in cylinder 
hole diameter measurements when only 120 projections were used in 
the XCT simulation. It also highlights the impact of different physical 
effects on the measurement accuracy. The error range was notably 
higher in simulations generated with VGC (e.g., 0.023 mm). Moreover, 
the error range for PG noise, MTF, and focal spot blur effect simulations 
were respectively 0.016, 0.010 and 0.010 mm. These values are up to 
56% lower than simulations generated with VGC (for a detailed view, 
see Table  2). The maximum absolute values (Max |𝛥| [mm]) show that 
VGC and focal spot blur have an error of approximately 0.018 mm and 
0.016 respectively, while MTF alone is around 0.010 mm, and PG noise 
contributes the smallest error, at about 0.008 mm. Table  2 additionally 
presents the minimum and maximum deviation values observed in the 
cylinder diameter measurements.

When comparing data between Figs.  6(a) and 6(b), it becomes clear 
that the deviations are more pronounced in 120 projections due to the 
lower number of projections, as it was expected. In Fig.  6(b), with 1000 
projections, all physical effects exhibited similar behavior and resulted 
in lower deviation compared to the case with 120 projections.

The relationship between these physical effects and structural res-
olution, which is a critical factor in XCT metrology, warrants further 
examination. Structural resolution refers to the system’s ability to 
resolve fine details and edges in the scanned object, which directly im-
pacts dimensional measurement accuracy. The deviation results show 
that VGC and focal spot blur effect contribute most significantly to 
measurement deviations when using 120 projections. They also have 
the most significant impact on structural resolution. This is particularly 
evident in the edge regions of the cylinder holes, where the transition 
between material and air must be precisely captured for accurate 
diameter measurements.
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Table 2
Error statistic for different physical effects modeled in XCT simulations, based on diameter deviation [mm].
 Physical effect Max |𝛥| [mm] Min [mm] Max [mm] Range [mm] 
 PE VGC 0.0176 −0.0176 0.0052 0.0228  
 PE Focal-Spot 0.0156 −0.0156 0.0006 0.0161  
 PE MTF 0.0107 −0.0107 0.0001 0.0107  
 PE PG-noise 0.0082 −0.0082 0.0020 0.0102  
Fig. 7. Cylinder diameter error between real XCT scans and simulation for different projection numbers.
4.3. Analysis of cylinder diameter deviation

Figs.  7 and 8 present a detailed comparison of cylinder diameter 
measurement errors between real XCT scans and simulations, consider-
ing both cases where the previously discussed physical effects (PE) were 
enabled (PE ON) and disabled (PE OFF). The figures also illustrate the 
influence of the number of projections and the role of physical effects 
on measurement accuracy. Fig.  7 shows the deviation when using 120 
projections versus 1000 projections. With fewer projections (120), the 
real XCT scan data shows more variability and larger deviations from 
calibration. The XCT scan generated by 1000 projection case shows 
significantly reduced deviations, demonstrating the advantage of using 
more projections to achieve greater accuracy for real XCT data.

In the simulated data using 120 projections, the deviation range 
was smaller when physical effects were disabled in simulated XCT data. 
This indicates that introducing physical effects in the XCT simulation 
contributes to achieve a deviation range that more closely matches the 
real data. Upon comparing the error between the simulation and real 
XCT data generated by 1000 projections, the error difference was small, 
particularly the upper bound of the error, which was nearly identical 
between the real and simulated data. However, a noticeable difference 
of approximately 0.05 was observed in the lower bound, particularly for 
holes located at the left and right corners (e.g., holes 1, 7, 8, 14, 15, . . . , 
49). This suggests that there is still room for improvement and warrants 
further investigation. Unexpectedly, in this case, the error results for 
simulations with and without the physical effect are the almost same. 
This suggests that, when using high projections, the inclusion of such 
physical effects may have negligible impact at least for the specific 
measurand evaluated in this study.

Fig.  8 further investigates these deviations after applying a correc-
tion that re-centers the data to normalize the error range between the 
maximum and minimum values observed in the real CT measurements. 
This normalization facilitates a clearer comparison of variability across 
datasets by removing global offset differences. It also enables a direct 
comparison of measurement deviations across different artificial effects 
and scan conditions, which may differ substantially in absolute magni-
tude. The deviation-corrected data for 120 projections shows that both 
9 
PE ON and PE OFF results become closer to the real XCT data, though 
some differences remain on the left side, particularly between hole 
numbers 20 and 50. Although the recorded differences, the comparison 
of the ranges after applying the correction shows that PE ON leads to a 
better match with the real measurement range. Nevertheless, the results 
are very similar, considering that a low number of projections would 
inherently lead to greater variability. In the case of 1000 projections, 
the corrected data shows significantly lower deviations, and the real 
XCT scan data aligns closely with the simulations, both when physical 
effects were enabled and disabled.

Overall, these figures demonstrate that the role of physical effects 
in influencing the accuracy of XCT simulations when the images were 
generated using 120 projections. However, with an increasing number 
of projections, the errors for simulations with and without PE converge, 
suggesting that the physical effect becomes less significant. The final 
key observation is that, with 1000 projections and error correction, the 
deviation between simulated and real XCT measurements converge to 
nearly identical values.

4.4. Analysis of center-to-center distance deviations

This section presents an analysis of the deviations in center-to-
center distance measurements between the cylinder holes in the cal-
ibrated object (see Fig.  9), comparing real with simulated XCT data. 
This comparison evaluates how closely XCT simulation aligns with 
real-world measurements and assesses the impact of the number of 
projections (120 vs. 1000) on measurement accuracy. The center-
to-center distances analysis were evaluated entirely in 3D by fitting 
cylinders to the hole surfaces and calculating the distances between 
the corresponding cylinder axes. This approach avoids any dependence 
on specific cross-sectional planes and ensures 3D consistency of the 
measured features.

Fig.  9 presents boxplots illustrating the deviations from calibra-
tion for center-to-center distance measurements using 120 and 1000 
projections in both real XCT scan and simulated data. Each boxplot cor-
responds to a different nominal center-to-center distance measurements 
between cylinder holes, ranging from 5 mm to 30 mm. The central 
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Fig. 8.  Corrected cylinder diameter error between real XCT scans and X-ray simulation for different projection numbers.
line in each boxplot represents the median deviation, while the box 
denotes the interquartile range, and red plus signs indicate outliers. 
These visualizations provide insight into the accuracy and consistency 
of the measurements across different projection counts.

Fig.  9 reveals that Figs.  9(a) and 9(b) display deviations from real 
XCT scan data, whereas Figs.  9(c) and 9(d) show the corresponding 
deviations from the simulated data with physical effects enabled. Both 
real and simulated data exhibit a clear trend: increasing the number of 
projections (from 120 to 1000) reduces the spread of deviations, indi-
cating improved measurement accuracy. However, a notable difference 
emerges in simulated data, which demonstrates a narrower deviation 
range, particularly in the 120-projection case.

A radiography from real XCT scan, its corresponding grey value 
map, and the grey value profile along the indicated line are presented in 
Fig.  10. We observed that image artifacts were particularly noticeable 
in the radiographs from both 120 and 1000 projections case, especially 
in the half portion of the images (see Fig.  10). These artifacts appear 
consistently across all projection images in both the 120- and 1000-
projection cases. Based on the characteristic shape (see Fig.  10) and 
their consistent appearance across all projections, we found that the 
artifacts are caused by the specimen holder and its supporting system. 
However, this holder was not included in the simulations, which ex-
plains the differences observed between the simulated and real XCT 
data. Additionally, the results indicate a correlation between these 
artifacts and higher deviations observed in the region of cylinder holes 
indexed from 1 to 25 (see also Figs.  7 and 9(a)) for the 120-projection 
case. A further note is that this artifact is not visible in the reconstructed 
volume obtained from both the 120- and 1000-projection datasets; 
however, it still appears to affect the deviation measurements in 120 
projection case. The results indicate that the influence of this artifact 
is minimal in the 1000-projection case, while it is noticeably higher in 
the 120-projection case. This issue could potentially be mitigated by 
employing an improved reconstruction algorithm. In future work, the 
workflow could also be extended to include simulation of the specimen 
holder, allowing for more accurate reproduction and analysis of these 
artifacts.

Remarkably, when using 1000 projections, the deviation ranges in 
real and simulated data become more similar, suggesting that simula-
tions generated with high projections can closely mimic real XCT scan 
results. Furthermore, the deviations obtained from 120 projections in 
the simulated data closely resemble those from 1000 projections in 
the real data. It is important to clarify that the difference in scanning 
modes – step mode for simulations versus continuous mode for real 
scans – may significantly contribute to the observed discrepancies, 
particularly given the lower number of projections in the simulated 
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data. This difference could affect the accuracy of the simulated results 
as previously considered artifacts, such as those related to the mounting 
system. To improve the comparison, simulations of continuous scans 
are needed to better align with the real data acquisition protocol when 
using the low number of the projections. This observation implies that 
even with a reduced number of simulated projections, it is still possible 
to estimate deviations in high-quality XCT measurements.

These findings highlight the effectiveness of the simulation based 
approach for replicating real-world measurements especially for the 
case 1000 projection. Ideally, simulated data should align with real XCT 
scan results, even when generated with a low number of projections, 
reinforcing the validity of the simulation methodology and its potential 
for accurate measurement analysis in various applications.

4.5. XCT data visualization and image similarity analysis

Visualization and image similarity analysis are key tools to validate 
simulated deviations against real-world experiments. Fig.  11 and Table 
3 demonstrate the influence of the number of projections on the quality 
and similarity of XCT simulations compared to real XCT images. In 
Fig.  11, the left panel shows image slices of simulated data generated 
with 120 projections, compared with real CT data acquired using 1000 
projections, while the right panel presents the corresponding slices from 
volumes reconstructed with 1000 projections for both the simulation 
and the real CT data. Each panel includes XCT simulation images (top 
row), real XCT images (middle row), and corresponding grey value 
profiles along a marked line (bottom row). For 120 projections, the 
simulation exhibits noticeable discrepancies compared to real XCT data 
with visible differences in the grey value profiles, especially around 
regions representing holes. In contrast, using 1000 projections, the XCT 
simulation closely matches the real XCT, as evidenced by the nearly 
overlapping grey value profiles, indicating a high degree of similarity. 
Table  3 provides quantitative metrics for these comparisons, showing 
a significant improvement in SSIM, PSNR, and segmentation accuracy 
(Jaccard and Dice coefficients) as the number of projections increases 
from 120 to 1000. Normalization was applied to compute SSIM using 
MATLAB’s ssim function, which requires input values in the range 
[0, 1]. The mat2gray function was used to scale the images accord-
ingly. The maximum and minimum grey values of the real data were 
similar to those of the simulated data, ensuring that the normalization 
does not alter the underlying image characteristics. Therefore, potential 
differences due to outliers do not affect the results. Specifically, SSIM 
rises from 0.8669 to 0.9645, PSNR from 24.1 to 34.72, and both 
Jaccard and Dice coefficients improve from 0.94 and 0.97 to 0.98 and 
0.99, respectively. These results underline the importance of a higher 
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Fig. 9. Deviation from calibration in center-to-center cylinder distance measurement on XCT and simulated data.
number of projections in achieving more accurate and higher-quality 
XCT simulations that better replicate real XCT scans. A critical point 
to note is that when comparing the 3D volume similarity between 
simulations and XCT data for 120 projections, using the Dice coeffi-
cient, the similarity index increases from 0.97 to 0.99. This suggests 
that the impact of the number of projections becomes significantly 
less noticeable in the segmented images. Further evidence of this was 
seen when measuring the distance between cylinders of a volumetric 
dataset reconstructed from 120 projections, even though the image 
similarity shows a 2% difference in the Dice coefficient metric, we can 
still achieve results that are almost identical to those from a real XCT 
scan generated with 1000 projections.

Fig.  12 visually compares the impact of different type of physical 
effects (PE) on the intensity distribution of simulated XCT images. The 
top row showcases axial slices processed with different PE methods: 
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focal spot blur effect, noise, MTF, and VGC. These images highlight 
the noticeable differences in image quality resulting from each PE cor-
rection. Visual differentiation of the effects of Focal-Spot, noise, MTF, 
and VGC corrections on XCT images (Fig.  11, top row) is challenging. 
To quantitatively assess impact of these variations, the bottom plot 
presents intensity line profiles extracted along the red line marked 
in the images, spanning positions 1000 to 1100. This analysis reveals 
distinct differences in intensity, contrast, and edge response across the 
different PE, offering a detailed insight into their effects on the final 
image quality. An inset further zooms into the 1010-1030 range to 
emphasize local intensity variations.

Results from Fig.  12 and the deviation analysis suggest that MTF is 
the primary factor contributing to image unsharpness, though its im-
pact on uncertainty is getting smaller. When correlating these findings 
with deviation analysis, it becomes evident that VGC and focal spot blur 
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Fig. 10. Visualization of a radiograph slice with a profile analysis. Grayscale image of the radiograph with a superimposed horizontal line (blue) placed 500 
voxels below the vertical center, indicating the location used for intensity profiling. (Right) Corresponding grey value profile plotted along the marked line, 
illustrating the variation in pixel intensity across the horizontal axis of the image.
Fig. 11. Comparison of XCT simulations using 120 and 1000 projections against real XCT images. The top and middle rows show XCT simulations and real XCT 
images, respectively, while the bottom row displays grey value profiles along the marked red line. Note: The grey values were normalized to the range [0, 1].
Table 3
Image similarity metrics: comparing simulation results with XCT data from 1000 projections in 3D volume.
 XCT simulation SSIM PSNR Jaccard index Dice coefficient 
 120 projections 0.8669 24.10 0.94 0.97  
 1000 projections 0.9645 34.72 0.98 0.99  
factors play a more significant role in deviation errors. Interestingly, 
noise, which was initially considered a primary source of error, does 
not appear to have a substantial effect. An important observation was 
that at the image edges, both the focal spot blur effect and VGC 
exhibit similar sharpness behavior, with only slight differences (see 
Fig.  12). However, this seemingly minor difference in sharpness has 
a considerable impact on deviation, underscoring the high sensitivity 
of the measurements to variations in sharpness.

Additionally, a ground truth reference was created for comparison. 
Fig.  13 shows a comparison between the simulated dataset (PE ON) 
and the real CT scan in terms of intensity distribution. The top row 
presents the corresponding XCT images for both cases, while the bottom 
plot illustrates the intensity line profiles extracted along the red-marked 
region in the images (positions 1000–1100). The close agreement be-
tween the two profiles indicates that the simulation incorporating all 
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physical effects (PE ON) successfully reproduces the overall intensity 
behavior observed in the real CT data.

4.6. Comparative discussion with related research

This section compares the simulation-based findings with existing 
literature on XCT dimensional metrology and image similarity, focusing 
on the effects of projection number and the use of calibrated hole-plate 
standards.

4.6.1. Effect of projection number on XCT and dimensional accuracy
The number of projections in a CT scan is a key factor influencing 

both image quality and dimensional measurement accuracy. Several 
studies have investigated this effect systematically. In the recent study, 
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Fig. 12. Comparison of different physical effects (PE) on intensity distribution. The top row displays XCT images processed with various PE methods: Focal-Spot, 
Noise, MTF, and VGC. The bottom plot shows intensity line profiles along the region marked in red in the images, covering positions 1000 to 1100. The variations 
in contrast and edge response across different PE methods are highlighted. An inset zooms into the 1010-1030 range for a clearer view of local intensity differences.
Villarraga-Gómez et al. [71] investigated how the number of projec-
tions (𝑁𝑝) affects dimensional accuracy in X-ray computed tomography. 
They reported that when 𝑁𝑝 falls below approximately 600, dimen-
sional measurement errors – particularly form deviations – increase 
rapidly, reaching values well above 100 μ m when compared to tac-
tile CMM reference measurements. They also evaluated image-quality 
metrics such as PSNR, MSSIM, and RMSE, showing that reconstruction 
quality improves monotonically with 𝑁𝑝 up to about 1000 projections, 
beyond which diminishing returns are observed. Our simulation-based 
results show that, in the case of 120 projections, the maximum absolute 
deviation is approximately 30 μ m for real CT, while simulations 
yielded approximately 20 μ m. For instance, increasing the number of 
projections from 120 to 1000 raises SSIM from ∼ 0.867 to ∼ 0.965 and 
PSNR from ∼ 24.1 dB to ∼ 34.7 dB, while segmentation overlap metrics 
(Jaccard and Dice coefficients) improve from 0.94/0.97 to 0.98/0.99.

Additional studies provide complementary context. Sun et al. [72] 
showed that aggressive undersampling combined with total-variation 
reconstruction can yield acceptable volumetric reconstructions while 
dramatically reducing scan time (from ∼ 52 minutes to ∼ 1 minute), 
although improvements in SSIM and PSNR are more modest due to 
real-world noise and detector imperfections. Orgeldinger et al. [73] 
experimentally investigated the effects of projection number and scan 
mode on dimensional measurement accuracy and observed that re-
duced projections can significantly influence results, especially under 
continuous scanning or depending on object positioning. In the present 
study, the standard FDK algorithm was applied for reconstruction; 
using an advanced reconstruction algorithm can improve image quality 
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for the 120-projection case in both real and simulated data, allowing 
image similarity to approach that of the 1000-projection case. Impor-
tantly, the main difference observed here is that our simulation results 
with 120 projections closely match the deviations obtained with 1000 
projections, both in simulated and real data.

Overall, these comparisons indicate that while our quantitative 
gains in image similarity and segmentation overlap are larger than 
those reported in previous experimental studies, the qualitative behav-
ior is consistent: increasing the number of projections improves both 
image fidelity and dimensional accuracy.

4.6.2. Comparison using calibrated hole-plate standards
Compared with the PTB hole-plate used in previous studies, the 

calibrated object examined in our work features a different geometry 
and measurement design. While many earlier investigations – such 
as those by Binder et al. [74], Villarraga-Gómez et al. [75,76], and 
Rossides et al. [77] – utilized PTB steel or aluminum hole plates 
containing approximately 28 precision-machined holes with diameters 
typically around 0.5–1 mm and center-to-center spacings tailored for 
metrological traceability, our study employs a larger aluminum artifact 
consisting of 56 cylindrical holes. Of these, 49 holes (numbered 1 to 
49) were selected for analysis; they are arranged in equally spaced 
pairs, each with a diameter of 2 mm and a fixed center-to-center 
distance of 5 mm. Additionally, another key difference is that these 
previous studies did not apply any image similarity metrics and focused 
primarily on total dimensional deviations.
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Fig. 13. Comparison between the simulated dataset (PE ON) and the real CT scan based on intensity distribution. The top row shows the corresponding XCT 
images: PE ON and Real CT. The bottom plot shows intensity line profiles along the region marked in red in the images, covering positions 1000 to 1100.
Other comparable studies on XCT measurements using hole-plate 
standards have been reported in the literature related to CT for dimen-
sional metrology. Bartscher et al. [67] introduced the use of hole plates 
as reference standards for testing length measurement errors in XCT, in-
corporating the material influence on the results and demonstrating the 
applicability of this type of CT artifact for measurement accuracy anal-
ysis. In a subsequent study, Bartscher et al. [78] performed additional 
experiments using hole plate artifacts and corresponding measurement 
analyses to assess length-measurement errors and to evaluate the be-
havior of uni- and bidirectional measurands. Building on this design 
concept. Some time later, Sbettega [79] investigated measurement 
accuracy enhancement of industrial XCT systems through the metrolog-
ical characterization of error sources using hole-plate artifacts, focusing 
on the impact of scanning orientations and the influence of material 
on the performance verification of industrial CT systems. The present 
study differs from these works by focusing on the isolation of individual 
physical effects (VGC, focal spot blur, MTF, and PG noise) rather than 
on overall system performance or artifact design. This approach enables 
the separate quantification of each effect’s contribution to the total 
measurement deviation, providing a more detailed understanding of 
how these phenomena influence dimensional accuracy in industrial 
XCT metrology.

4.7. Limitations and practical implications

The results demonstrate a good level of agreement between real 
and simulated XCT data, both in terms of geometric deviations and 
image similarity, but some limitations must be acknowledged. In the 
present simulations, artifacts related to the mounting system and small 
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geometric misalignments during scanning were not modeled. These 
factors can influence grey-value distributions and the geometry of 
measured features. The simulations were carried out using a step-scan 
acquisition mode, whereas the real XCT scans were performed in con-
tinuous rotation. These differences explain some discrepancies observed 
at lower projection counts. Other environmental influence quantities, 
such as temperature variations, detector lag, and mechanical stability, 
were not included and could contribute to the overall measurement 
uncertainty in real setups.

A further limitation is the restricted generalizability of the results 
to complex geometries, multi-material objects, and varying voxel reso-
lutions. This limitation is not unique to our study; generalizability is a 
common challenge in uncertainty evaluations, as changes in specimen 
geometry, material composition, or imaging resolution can all influence 
the resulting measurement uncertainty in experimental XCT proce-
dures [25,80,81]. Extending the methodology to handle multi-material 
and complex-shaped specimens, as well as varying voxel resolutions, is 
planned for future work.

The findings may have practical implications for industrial XCT 
metrology. The quantitative analysis confirms that virtual gain cor-
rection and focal spot blur are the dominant contributors to dimen-
sional deviations, indicating that these effects should be prioritized 
when optimizing system calibration or estimating measurement un-
certainty. The results also show that reduced-projection acquisitions 
can still provide reliable deviation estimates when appropriate cali-
bration procedures are applied, offering opportunities to shorten scan-
ning time without compromising measurement accuracy. The proposed 
simulation-based framework provides useful guidance for practitioners 
seeking to balance scan duration and accuracy in dimensional XCT 
measurements.
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Fig. A.1. Error percentage in the internal diameter of the cylinders—deviation from CMM calibration (1000 projections used for the reconstructed volume). Each 
square in the error map corresponds to a cylinder hole (1–49) positioned as in Fig.  2 and shows the respective normalized percentage error in internal deviation.
Fig. A.2. Error percentage in the internal diameter of the cylinder — deviation 
from CMM calibration, based on real XCT data. The error map shows how 
increasing the number of projections from 120 to 1000 reduces deviation 
from the calibration standard. Each square in the error map corresponds 
to a cylinder hole (1–49) positioned as in Fig.  2 and shows the respective 
normalized percentage error in internal diameter.

The quantitative evaluation in this work was based on three re-
peated measurements for each configuration. Although this repetition 
number limits a full statistical uncertainty characterization, it pro-
vides sufficient information to assess repeatability and to perform 
significance testing for the investigated effects. A complete uncertainty 
budget following the ISO GUM framework [30–32] was not included, 
since the study was designed to isolate and quantify the relative influ-
ence of individual physical effects rather than to provide an expanded 
uncertainty statement. Future work will expand this framework to-
ward a full uncertainty evaluation to further support the measurement 
traceability and simulation-based dimensional XCT measurements.

5. Conclusion

This study has demonstrated the importance of understanding and 
quantifying individual physical effects in XCT imaging for improv-
ing measurement accuracy in XCT metrology. The insights gained 
from this research can thus contribute to the development of more 
accurate XCT systems, improved simulation tools, and more reliable 
quality control processes in manufacturing industries. Furthermore, as 
simulation models become increasingly representative of real-world 
measurements, they hold strong potential for supporting a prior un-
certainty estimation—an aspect highlighted in the introduction and 
essential for advancing XCT-based dimensional metrology.

More specifically, it has provided insights and proved evidences re-
garding individual sources of measurement deviations associated with 
physical effects in XCT imaging. By comparing XCT data with simulated 
XCT data generated under various conditions, we have quantified 
the impact of different physical effects on measurement accuracy in 
industrial XCT metrology. The main findings can be summarized as 
follows:
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• The consideration of physical effects in simulations is crucial for 
accurately representing real XCT behavior and for reproducing 
realistic uncertainty and deviation patterns.

• In this study, the number of projections was found to significantly 
influence measurement accuracy at a resolution of 20.5 μm in 
real XCT data. However, in simulated data, even with just 120 
projections, the deviations remained relatively comparable to 
those observed with 1000 projections, suggesting that low projec-
tion counts may still provide acceptable accuracy for estimating 
deviations.

• Different physical effects contribute to measurement deviations at 
a varying degree. VGC and the focal spot blur effect were found 
to have the most significant impact on measurement accuracy (up 
to 0.018 mm deviation), while PG noise had a relatively small 
effect (approximately 0.008 mm). This hierarchy of influence 
provides practical guidance for XCT practitioners on which factors 
to prioritize when optimizing system performance.

• The image similarity index, along with the visual representation 
of XCT and simulated data, demonstrates that the performed sim-
ulations are comparable to real XCT data when generated using 
1000 projections. This further validates both the error values 
observed in our analysis and the suitability of the simulation 
approach for studying physical effects in XCT imaging.

• Edge image analysis shows that while MTF contributes to im-
age unsharpness, deviation errors are more strongly influenced 
by focal spot blur and VGC, with even minor sharpness differ-
ences at image edges having a significant impact on measurement 
sensitivity.

The methodology developed in this study provides a novel approach 
for understanding individual physical effects in XCT imaging. This 
approach can be extended to other XCT systems and measurement sce-
narios, potentially leading to more accurate and reliable XCT metrology 
across various industrial applications. For practitioners in the field of 
industrial XCT metrology, main findings suggest the following practical 
recommendations:

1. When optimizing XCT scanning parameters for dimensional mea-
surements, prioritize factors that minimize VGC artifacts and 
account for focal spot blur effect, as these have the largest impact 
on measurement accuracy.

2. When time constraints limit the number of projections that can 
be acquired, ensure that careful calibration of the system and 
reference models are employed to compensate for the reduced 
sampling density.

3. For critical dimensional measurements, especially of internal 
features, consider the potential impact of edge effects and struc-
tural resolution limitations on measurement accuracy, and select 
scanning parameters accordingly.

4. When developing uncertainty budgets for XCT measurements, 
allocate greater weight to components related to VGC and focal 
spot, as these contribute more significantly to overall measure-
ment deviations.
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The findings of this study contribute to a better understanding of 
how individual physical effects influence dimensional measurement 
deviations in XCT. The results confirm that virtual gain correction and 
focal spot blur are the most relevant sources of deviation, followed by 
MTF and Poisson–Gaussian noise. The use of a physics-based simulation 
approach allowed the quantitative assessment of these effects under 
controlled conditions, showing that simulations can reproduce the be-
havior of real XCT data with high similarity. Beyond the presented 
research, the results indicate that simulation can be used as a practical 
tool to support CT measurement process and to complement experimen-
tal validation in dimensional XCT metrology. This approach can help 
reduce the need for extensive repeated measurements and enable more 
efficient planning of XCT inspections in industrial environments.

Future work will focus on several areas, including developing meth-
ods for estimating measurement uncertainty, or exploring machine 
learning techniques with XCT simulations. Potentially machine learning 
could accelerate the determination of measurement deviations and 
optimize scanning parameters through investigations of the impact of 
environmental factors and material properties on measurement devi-
ations in industrial XCT. One possible solution is to use supervised 
learning approaches, where machine learning models are trained to 
predict deviation bias based on validated simulated XCT scans (ra-
diographs or reconstructed volume), image quality metrics, and the 
number of projections. The output will be the estimation of mea-
surement deviations and uncertainty. Then, the trained models would 
predict deviation trends and provide real-time recommendations for 
optimizing scanning parameters to minimize measurement uncertainty. 
Additionally, future research will extend the framework to more com-
plex geometries, multi-material objects, and varying voxel resolutions, 
which are increasingly relevant in advanced manufacturing contexts. 
Ultimately, the combination of X-ray simulation and machine learning 
may further improve uncertainty estimation and support the transition 
toward fully automated, digitally assisted XCT metrology.
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Appendix

Additional figures are provided in this section.
Fig.  A.1 presents the original error percentage values for both the 

Nominal STL model and the Calibrated STL model, alongside a compar-
ison with the real XCT scan results. The choice of surface model (the 
nominal STL model, the ‘‘calibrated’’ STL) significantly impacts simu-
lation results, emphasizing the importance of using accurate and repre-
sentative models in XCT simulations. The results demonstrate that using 
a calibrated STL model based on reference measurements produces 
simulations that more closely match real XCT scan behavior. Currently, 
our approach aims to estimate the deviation error as closely as possible 
to real XCT data, in order to isolate the individual physical effects. To 
achieve this efficiently, we applied a calibrated STL model. Notably, 
the error patterns in Figure A1 are similar for both the calibrated and 
nominal STL models, depending on the position of the cylinder hole 
within the volume (e.g., both show comparable color patterns with 
positive and negative errors in similar locations). However, the error 
magnitudes are higher in the nominal model (Nominal-STL simulation 
scale: ≈ 2.50–3.50), whereas the calibrated model (Calibrated-STL 
simulation scale: ≈ −0.75–0.25) produces values much closer to the 
real CT scan errors (Real CT scan scale: ≈ −0.60–0.20). In future work, 
we aim to reduce the need for high-quality reference measurements 
by incorporating iterative refinement steps that enable more accurate 
deviation estimation directly from the nominal STL model.

Fig.  A.2 presents the original error percentage values for real XCT 
reconstructions, comparing results obtained using 120 and 1000 projec-
tions. Typically, a unified color-bar range should be applied across all 
cases for consistent comparison. However, in Figs.  A.1 and A.2, individ-
ual color-bars were used for each case to more effectively illustrate the 
behavior of the deviations. However, in Figs.  A.1 and A.2, we adjusted 
it to better illustrate the behavior of the deviations. As seen in Fig.  A.1, 
the error behavior is similar for both the Nominal STL model and the 
Calibrated STL model; however, the error percentage is significantly 
higher in the simulations generated from the Nominal STL model. The 
color-coded bar fixed value ranges also presented in following figure 
for Fig.  A.2.

Fig.  A.3 compares the X-ray simulation against the real XCT image 
for a sample in raw data, showing a strong visual agreement between 
the two cross-sectional slices. The accompanying grey value profile 
quantitatively confirms this correspondence, with the orange (Real 
XCT) and blue (Simulation) lines closely tracing each other’s dips 
and peaks along the marked red line. This high level of consistency 
demonstrates that the simulation accurately reproduces the grey value 
behavior observed in the real XCT data.

Data availability

Data will be made available on request.
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Fig. A.3. Comparison of XCT simulations 1000 projections against real XCT 
images. The top and middle rows show XCT simulations and real XCT images, 
respectively, while the bottom row displays grey value profiles along the 
marked red line.
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