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Abstract
This research proposes an approach for integrating realistic defects into computed tomography (XCT) scans by using X-ray
simulations. It allows full control over different scenarios and measuring the detection algorithm efficiency in real-world
situations. Using real XCT data of a pin-fin cooler made of aluminum alloy with complex internal structures, synthetic
spherical and irregular defects ranging from 56µm to 300µm in diameter are superimposed to create a comprehensive dataset
that mimics a wide range of realistic scenarios. This XCT dataset with superimposed defects is then utilized to apply a
probability of detection analysis to detect defects of varying sizes and shapes. This analysis shows that for spherical pores,
the detectability limit is up to 2.5 times higher in the superimposed case with a minimum voxel similarity of 95%, while for
irregular pores, this limit is 3.3 times higher when aminimum voxel similarity of 80%. The integration of synthetic defects into
real XCT images allows for a more rigorous and controlled assessment of detection algorithms, providing valuable insights
into their performance under realistic conditions. Our findings demonstrate that this method can significantly improve the
accuracy and reliability of measurements of defect detectability, offering a powerful tool for quality assurance in critical
manufacturing processes.

Keywords Computed tomography · Superimposing defects · Shape variations · Probability of Detection · XCT Simulation

1 Introduction

XCT is an advanced imaging technique commonly employed
in nondestructive testing due to its ability to provide detailed
and accurate internal views of industrial specimens with-
out causing mechanical damage [1]. It is especially valuable
for analyzing and visualizing internal defects such as pores,
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fibers, and cracks in industrial components [2]. Segmentation
and detection algorithms are required for deep and accurate
analysis of XCT data for extraction of defects. Selecting
an appropriate segmentation method is crucial for achiev-
ing reliable and accurate results. Recently, the probability of
detection (POD) [3–5] analysis has become a crucial tool in
assessing the performance of detection methods for XCT
data. POD provides a quantitative measure of the likeli-
hood that a defect detection algorithm will correctly identify
and characterize flaws of a given size, thereby supporting
the evaluation of imaging systems, processes, and detection
techniques [6, 7]. However, to create POD curves, multiple
XCT simulations and the repeated application of segmen-
tation on the reconstructed datasets are necessary. This
process is computationally intensive and time-consuming,
particularly for large XCT datasets. Moreover, even though
realistic simulations can be created, it is not possible to fully
integrate all types of artifacts that occur during the scan-
ning process. Improving POD accuracy in XCT requires a
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multidisciplinary approach considering technical as well as
human aspects. Several elements influence POD accuracy,
including measurement precision, operator expertise, XCT
system characteristics, scanning parameters, reconstruction
algorithms, and segmentation methods [5]. Precision in the
measurement process is one of the most critical aspects of
detecting defects. Kim et al. [8] showed that even slight
variations in scanning parameters, calibration, or data pro-
cessing can significantly affect defect detection and POD
accuracy. Changes in XCT acquisition parameters—such as
source power, acceleration voltage, exposure time, and the
number of radiographs—impact on image noise, contrast,
and general image quality [8]. These changes influence the
detectability of defects and can shift the POD curve, impact-
ing both sensitivity and confidence in detection results. The
level of experience of the inspector also plays a very influen-
tial role in the interpretation ofXCT results aswell as analysis
of the XCT data. The effectiveness of defect detection and
the optimization of scanning parameters are both strongly
influenced by the inspector’s background and expertise [9].
XCT hardware also plays a key role, as different systems
vary in resolution, signal-to-noise ratio, and scanning capa-
bilities. Furthermore, the choice of reconstruction algorithm
for 3D image generation directly affects image quality and
thus the accuracy of defect detection [10]. The final step
in defect detection involves segmentation and extraction of
the identified defects. The accuracy of segmentation is cru-
cial for ensuring that the defect is correctly identified and
its size, shape, and location are precisely measured, all of
which contribute to a more reliable POD analysis [7]. In cur-
rent applications of POD generation, XCT simulations are
essential. However, these processes currently lack integration
of the full range of measurement accuracy of XCT scan-
ning and the influence of the inspector during the scanning
process. By collectively addressing these aspects—scanning
parameters, inspector expertise, hardware capabilities, and
effective reconstruction and segmentation—the reliability
and efficiency of POD assessments in XCT can be signif-
icantly improved. Real-world XCT data is limited by the
availability and variability of actual defects, which renders
it challenging to comprehensively test and refine detection
algorithms. Conversely, synthetic models or XCT simula-
tions, despite their versatility, may lack the realism needed to
accurately represent true material and scanning conditions.
To address these challenges, this study proposes a hybrid
methodology that merges the realism of actual XCT scans
with the controlled variability of synthetic defects. By super-
imposing artificial defects on real XCT images, we create a
comprehensive dataset that encompasses a broad spectrum
of potential defect scenarios. This process also enables us to
refine our POD pipeline by reducing the number of necessary
simulations to just two: one with defects and one without.

2 RelatedWork

This section reviews related research on synthetic defect
superimposition in XCT (Subsection 2.1), advances in XCT
simulation (Section 2.2) (Subsection 2.2), and developments
in POD analysis (Subsection 2.3).

2.1 Superimposing Synthetic Defect

Few studies have explored the superimposition of synthetic
defects into real XCT scans, primarily due to the time-
consuming nature of creating accurate and realistic defect
representations. This approach requires careful integration
of synthetic defects, which introduces computational com-
plexity and increases processing time. Tenscher-Philipp et
al. [11] discuss the challenges and time-consuming nature of
generating realistic synthetic defects in XCT data.

The process of superimposing synthetic defects is a chal-
lenging task that requires careful consideration of several
steps to achieve a realistic representation of the defects.
There are two different ways to superimpose defects in real
XCT data images. The first method involves superimposing
the defects in radiographs or projected images. The second
method involves superimposing the defects in a 3D recon-
structed volume created from radiographs. The first method
waspresentedbyBrierley et al. [12],whoused simulation and
experimental XCT data by subtracting each other in projec-
tionswith the application of seven defects. In our application,
we have utilized both methods and decided to accelerate the
process by superimposing defects onto the reconstructed vol-
ume, thereby avoiding the need for precise registration of
each projection. Another critical point and difference in our
approach is the presence of several pores already existing in
the XCT data. We need to ensure that these do not overlap
with the defects.

2.2 XCT Simulation

XCT simulation is increasingly applied in fields such as
biomedical applications [13] and material science [14],
where precise and optimized scanning parameters are crit-
ical for XCT imaging tasks, such as in-line inspections of
industrial specimens and training data for deep learningmod-
els. In these cases, XCT simulation allows for the generation
of synthetic ground truth data for defect detection and the
comparison of different segmentation and defect detection
algorithms [6, 7].

XCT simulations play a key role in mimicking XCT sys-
tem behavior, helping to evaluate imaging performance and
optimize scanning parameters [15]. They enable engineers
and developers to model and visualize complex physi-
cal effects such as attenuation, scattering, and geometric
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distortions that occur duringX-ray scans.By simulating these
factors, users can gain insights into how these effects influ-
ence image quality. XCT simulation also plays a vital role in
optimizing scan parameters, ensuring that factors like noise,
image blur, and artifacts areminimized, thus improving over-
all image quality. Additionally, it is essential for estimating
measurement uncertainty, giving users a clearer understand-
ing of the limitations and accuracy of their imaging systems
[16].

There are two main types of XCT simulation tools. The
first category includes numerical simulation tools such as
XSimulation [17] and the ASTRA toolbox [18], which sim-
ulate radiographic images and support system parameter
optimization. These tools employ efficient ray-tracing algo-
rithms to create radiographic images and typically include
visualization modules for analyzing results. The second type
is Monte Carlo XCT simulations, which focus on simu-
lating X-ray photon interactions with high accuracy. Tools
like MC-GPU [19] and PENELOPE [20] generate realistic
radiography projection images and XCT scans by simulating
complex photon behavior. WhileMonte Carlo-based simula-
tions are highly accurate, they are computationally expensive
and time-consuming,making them less suitable for ourwork,
which is why we focus on more efficient numerical simula-
tion methods. In this study, the numerical simulation tool
SimCT [21] was used to generate respective simulated data.

2.3 Probability of Detection

POD is fundamentally a statistical measure used to define
and quantify the detection limits for task-specific inspection
data. POD has been applied in various fields, including XCT,
eddy current testing [22], and ultrasonic inspection [23]. As
additional example, in structural health monitoring, a model-
assisted POD framework was developed for optical fiber
sensors, allowing researchers to better quantify and optimize
the damage detection capabilities of these sensors under vari-
ous environmental and operational conditions [24]. In recent
years, the role of POD analysis has gained momentum in the
field of Non-Destructive Testing (NDT) and XCT, especially
for safety based critical applications such as aerospace and
additive manufacturing. Advancements in simulation, deep
learning, and model-assisted approaches have led to more
precise and explainable defect detection pipelines. Yosifov
et al. [6] demonstrated how numerical simulations could
be employed to model POD curves, providing a practical
framework for evaluating detection performance in XCT
systems. This has been expanded upon by Lee et al. [25],
who proposed a model-assisted POD methodology to fur-
ther quantify inspection reliability. More recently, Zhou et
al. [26] introduced a sinogram-based approach using deep
learning to localize defects at the raw data level, potentially
improving POD by preserving information typically lost in

reconstruction. In parallel, Liu et al. reviewed the integra-
tion of object detection algorithms inNDT, emphasizing how
suchmethods contribute to more reliable detection outcomes
[27].

However, most of these studies rely on simulated data. In
this study, we take a step further by increasing the accuracy of
POD through an approach that superimposes defects directly
onto experimental XCT scans.

3 Materials andMethods

In this section, we introduce ourmethodology, which encom-
passes XCT imaging, simulated data generation, defect
superimposition and modeling, the processing framework,
as well as the generation, segmentation, and assessment of
defects using POD analysis.

3.1 XCT Imaging and Simulated Data Generation

In this study, the specimen used for scanning and analysis
is a pin-fin cooler made from an aluminum alloy and man-
ufactured at Materialise NV using metal laser powder bed
fusion (PBF-LB/M), with dimensions of 103mm in length,
18mm in height, and 5mm in width. Scanning parameters
were optimized for a fast XCT scanning with a total acqui-
sition time of 5min. Key settings included an acceleration
voltage of 200kV and an anode current of 102µA, with an
integration time of 500ms per projection. A total of 500
projections were acquired over a complete scan cycle last-
ing approximately 5min. The system was configured with a
source-object distance of 304.14mm and a source-detector
distance of 1091.9mm, resulting in a magnification of 3.59
and an effective voxel size of 55.7µm, allowing the full spec-
imen to be captured on the detector. No binning was applied,
and the full detector resolution of 2000×2000 pixels was
used. The focal spot size was set to 1mm. These parameters
are summarized in Table 1.

For the simulated data, the same scanning parameters
were applied, and the STL (Standard Tessellation Language)
model of the specimen was positioned nearly identically to
its placement in the experimental XCT scan. Three different
simulations were generated with physical effects disabled:
onewith defects inserted, onewithout defects to create super-
imposed data, and one with defects and physical effects
enabled, in order to compare the POD results between the
superimposed data and the simulations with physical effects
enabled.

3.2 Superimposing Defects in XCT Data

This section describes the process of superimposing simu-
lated defects into real XCT scans. To ensure accurate POD
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Table 1 Parameters for XCT
Imaging

Parameters Unit Value Parameters Unit Value

Acceleration voltage kV 200 Source-object-distance mm 304.14

Anode current µA 102 Source-detector-distance mm 1091.9

Integration time ms 500 ms Magnification − 3.59

Detector pixels − 2000× 2000 Voxel size µm 55.7

Binning − 1 Focal spot size mm 1

Number of projections − 500 Total cycle time min 5

results, several key factors must be considered. In the first,
scanning parameters and specimen locations were optimized
to create realistic simulation images. Two different simula-
tions were then created: one defect-free and one containing
defects. The defect-free simulation was subtracted from the
defect-containing simulation, and the result was added to the
realXCT scan.A key requirement of this process is achieving
precise alignment between the simulated and real XCT scans
to ensure accurate defect placement. To ensure precise align-
ment and accurate superimposition of synthetic defects, we
converted the reconstructedXCT volume into an STLmodel,
preserving all transformation information, including posi-
tion and orientation. Porosity was removed during surface
mesh generation to create a defect-free reference geometry.
Registration accuracy was validated using the overlap anal-
ysis function in VG Studio Max, achieving a 100% surface
match between the converted STL model and the reference
surface geometry, confirming robust alignment for reliable
defect insertion. However, some errors remain, with a maxi-
mum of ± 0.12 mm (two voxel), particularly on the surface.

Another important aspect to consider is the analysis of
intensity profiles. Figure 1 compares intensity profiles along

a selected line across the specimen and shows how simulated
data with and without physical effects align with the super-
imposed CT data. We examine profiles from simulated data
with and without introduced physical effects such as noise,
unsharpness, scattering and focal spot blurriness effect, as
well as from the superimposed XCT data. We optimize the
background and porosity gray values across all simulated
datasets (see Fig. 1). This similarity is essential for achiev-
ing realistic defect superimposition, even though there may
be minor differences in the gray values within the material
regions. It is also crucial to preserve the integrity of structural
features at defect boundaries. To address this, no interpola-
tion or resampling is performed during the insertion process.
Instead, defects are embedded directly into spatially aligned
voxel grids. This approach ensures that the original inten-
sity values are preserved at the defect boundaries, effectively
minimizing edge blending and avoiding interpolation arti-
facts.

Figure 2 shows two XCT slices extracted from a 3D vol-
ume of an experimental scan. The image on the right shows
the original, unaltered XCT slice, containing only naturally
occurring structural features and defects. The image on the

Fig. 1 Intensity profiles across a selected row of the XCT slice, comparing simulations with physical effects enabled (PE on) and disabled (PE off)
against superimposed XCT data. The red line on the XCT slice (left) indicates the row from which the intensity profiles (right) were extracted for
comparison
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Fig. 2 3D rendering and
experimental XCT slices from a
3D volume. Left: 3D rendering
of the scanned specimen
showing the overall structure.
Middle: XCT slice with a
superimposed synthetic defect
(labeled as 2) embedded into the
real scan. Four visible pores or
defects are highlighted and
labeled 1 through 4. Right:
Corresponding original XCT
slice without the added defect,
used as a reference for
comparison

left shows the same XCT slice after the superimposition
of a synthetic defect, marked as region 2 in the red box.
This synthetic defect was inserted to mimic realistic defect
morphology and intensity distribution, closely matching the
material characteristics of the surrounding region. Regions
labeled 1, 3, and 4 correspond to real structural or defect fea-
tures in the sample, serving as references for spatial context.
This visual similarity ensures that the defect is superimposed
realistically into the background, providing a reliable basis
for evaluating detection performance more accurately. Addi-
tionally, a quantitative analysis of the superimposed defects
will be presented in the Section 4.

3.3 Processing Framework

The overall data processing pipeline is illustrated in Fig. 3,
showing example XCT slice images for each step. The fig-
ure outlines both the defect superimposition workflow and
the POD generation process. The processing pipeline fol-
lowed in our analysis involved several key stages. First, a
XCT scan was acquired of a 3D-printed pin-fin cooler com-
ponent. Two types of synthetic defect series were created:
spherical defects of varying sizes and irregularly shaped
defects with randomized shape and size. In the next phase,

these randomly generated defects were distributed within the
boundaries of the specimen. Then, using the XCT scan data,
which included position, rotation, and scanning parameters,
two sets of simulated data were created without introducing
any physical effects: one without defects and another with
artificially introduced defects. This stage is crucial before
superimposing the defects onto the XCT data. Additionally,
further simulations were generated with introducing physi-
cal effects such as noise, unsharpness, and scattering. These
simulations were generated to compare the results between
simulations and the superimposed XCT data. Next, segmen-
tation and defect detection were performed on the XCT
data to identify pore locations and determine the maximum
and minimum sizes of the pores via VG Studio Max. This
information was essential for avoiding overlap with exist-
ing defects in the specimen, and the size parameters were
used to define the defects in the simulations. Subsequently,
we visualized the STL models of the specimen, the defects,
and the specimen with defects inserted. This 3D represen-
tation ensured accurate positioning of the defects within
the specimen’s boundaries. The simulated defects were then
superimposed onto the experimental XCT data by subtract-
ing the simulation with defects from the one without defects.
The resulting data was then added to the experimental XCT

Fig. 3 The processing pipeline
including exemplary images (cut
from the volume) for XCT scans
and simulation use case
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data for further analysis. Following this step, a segmentation
algorithm was applied to identify and characterize the intro-
duced defects. This step enabled us to measure and compare
the accuracy and sensitivity of our detection methods. In line
with previous studies [7, 28] and comparisons of different
CNN-based supervised and unsupervised segmentation algo-
rithms [29], we applied the 3D U-Net in this study. Finally,
POD curves were compared between the simulated data and
the XCT data with superimposed defects. This comparison
also allowed us to evaluate the effectiveness of our detection
methods and identify potential areas for improvement.

3.4 Defect Modeling and Generation

Defect modeling and generation are essential steps in our
pipeline to produce results that closely resemble real XCT
scans. First, various defect types were extracted from real
XCT scans, and their sphericity as well as minimum and
maximum sizes were analyzed to define the size range for
artificial defects. Using the shape variations method—which
generates randomized shapes based on a surface model
[29]—defects of varying shapes and sizes were synthesized
to mimic real-world flaws. Then, a smoothing process was
applied to the shape variations of irregular pores using the
Laplacian smoothing algorithm [30] with five iterations. In
the next phase, these randomly generated defects were dis-
tributed within the boundaries of the specimen. Additionally,
all detected defect locations were recorded to avoid overlap-
ping with defects already existing in the specimen. In this
study, we address spherical types of defects and realistic
defects of random shapes and sizes. A ray-casting method
was implemented to determine if a defect lies inside a tri-
angular mesh. This function utilizes the Möller–Trumbore
algorithm [31] to check for intersections between a ray and
a triangle.

3.5 POD and Segmentation

In this study, the POD method was utilized with a hit/miss
approach to evaluate the defect detection capabilities. POD
is a statistical tool used to quantify the efficiency of inspec-
tion processes in identifying specific defects. To construct
PODcurves, a binary response indicating detectionwas used,
which was derived through the hit/miss method and modeled
using the Probit linking function for logistic regression [32,
33]. The defect size at which the POD curve reaches 0.90 is
denoted as a90. Additionally, the characteristic value a90/95
was calculated, representing the lower bound of the 95%con-
fidence interval for a90. This detection limit corresponds to
the smallest defect size that can be reliably detected with
95% confidence.

In our current approach,we have employed the deep learn-
ing technique 3D U-Net [34] for segmentation, to compare

the results between POD generated from pure XCT simula-
tions and those derived from superimposed defects in real
XCT scans. In this study, we aim to improve POD results
accuracy and detection limits more quickly and with mini-
mal error by using the superimposition method and real XCT
scans.

K-means clustering [35] was applied to high-quality,
noise-free simulated data to generate reliable ground truth for
voxel-wise 3D comparisons with deep learning-based seg-
mentation. To ensure the generation of high-quality ground
truth data with strong contrast between the material and
defects, the number of projections was increased from 500 to
1440. The improved image quality in these volumes enables
highly accurate segmentation with minimal boundary uncer-
tainty. Additionally, small defects were manually reviewed
to prevent mislabeling at the boundaries. This provides a reli-
able basis for binary hit/miss analysis.

Jaccard Index (JI) [36] is used to quantify the similarity
between binary volumes obtained from different segmenta-
tion methods. As illustrated in Fig. 4, the workflow begins
with segmentation of the volume using both k-means clus-
tering and deep learning method 3D U-Net (1). Next, a
voxel-wise comparison between the binary volumes from
both approaches is performed (2). The JI is then computed for
each case to quantify segmentation agreement (3). A detec-
tion is classified as a hit when the JI is at least 75%, and as a
miss otherwise (4). In the testing process, different JI thresh-
olds are selected, with aminimumof 75%. This classification
yields a binary detection signal, encoded as a hit/miss vector
(5). Based on this signal, the POD is estimated, and the min-
imum detectable limit is determined for each evaluated 3D
U-Net segmentation method (6). In the final step, a compar-
ison is made between the simulations and the superimposed
data to quantify the differences.

Figure 5 illustrates a voxel-wise comparison between
predicted and ground truth defect volumes, shown using
a color-coded 3D visualization. Light beige indicates true
positives (correct segmentation), red shows false positives
(over-segmentation), and dark gray highlights false negatives
(missed regions).

3.5.1 Training and Testing

For the simulated dataset, 400 training subvolumes were
generated by simulating two pore types: 200 spherical and
200 irregular-shaped pores. These defects were embedded in
two separateXCT simulation datasets. The defect-containing
regions were then extracted as subvolumes of size 64×64×
64 voxels for use in the training process. Similarly, 400 train-
ing subvolumes were created for the superimposed defect
dataset using the same procedure. For both pore types, diam-
eters were selected in the range of 56–300 µm, based on
real experimental observations. Similarly, an initial diameter
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Fig. 4 Workflow for generating
ground truth and evaluating the
detectability limit through
hit/miss analysis and POD

range of 56 to 300 µm was also defined for the irregular-
shaped pores. To create the irregular geometry, each point
in the corresponding STL model was randomly displaced,
and a smoothing function was subsequently applied. Finally,
two models were trained and generated for the simulated
and superimposed datasets. For ground truth generation, all

physical effects such as noise, blur, and scattering were
disabled to obtain high-quality simulated images. K-means
segmentation was then applied to these clean images to
extract accurate ground truth labels. For the testing part, a
total of 200 pores were generated for each pore type, result-
ing in 200 spherical and 200 irregular-shaped pores.

Fig. 5 Three-dimensional visualization of defect segmentation performance. True positives (light beige) indicate correctly segmented defect regions,
while false positives (red) and false negatives (dark gray) represent over-segmented and missed areas, respectively
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4 Results

This section presents both visual and quantitative analyses
of simulated and superimposed XCT data, including gray
value profile evaluation, segmentation performance, image
similarity analysis to validate the realismof the superimposed
defects, and POD analysis.

4.1 Visualization of Defects and Segmentation
Performance

This section presents example visualizations of pores with
spherical and irregular shapes, along with their correspond-
ing segmentation results generated by the 3D U-Net algo-
rithm.

4.1.1 Analysis of Pores with Spherical Shape

Figure 6 show a comparative analysis of the segmentation
results on superimposed and simulated image data for spher-
ical pores. A red bounding box highlights the pore region of
interest in each image. To assess segmentation accuracy, the
bottom row shows a visual comparison between the ground
truth mask and the predicted segmentation (outlined in red).
Regions of disagreement between the two are indicated by
pink and green overlays, offering a direct visual cue to the
types of errors (false positives and false negatives). Crucially,
each segmentation result in the bottom row is accompa-
nied by the JI value, a statistical measure that quantifies the
similarity between the estimated segmentation and ground
truth regions. Higher JI scores indicate greater overlap and
thus improved segmentation accuracy. By presenting results
across a range of parameter values, these figures aim to assess
the robustness and sensitivity of the segmentation algorithm
when comparing outputs generated from superimposed and
simulated XCT data. Overall, the figures show that, segmen-
tation similarity—reflected by higher JI values—is greater
in the simulated images compared to the superimposed ones.
However, in some cases (e.g., image 35, 40), the JI values
were higher for the superimposed defects, suggesting that
the location of pores and local gray value differences may
also influence the segmentation accuracy and detection per-
formance in the superimposed case.

4.1.2 Analysis of Pores with Irregular Shape

Similarly, Fig. 7 shows a comparative analysis of segmenta-
tion results for superimposed and simulated data, focusing on
irregularly shaped pores. As observed in the figures, the JI
values are significantly lower for irregularly shaped pores
compared to those with spherical geometry, indicating a
notable decrease in segmentation performance. From Fig. 7,

it can also be observed that the simulated specimen data
exhibits slight differences in certain border regions, likely
due to discrepancies between themanufactured specimen and
and the exported STL model used for simulation.

4.2 Quantitative Analysis and Comparison of Defects

Figure 8 illustrates a side-by-side comparison between the
superimposed and simulated datasets, focusing on selected
subvolumes and their respective gray value distributions. For
each selected volume index, a central XY-slice is extracted
fromboth datasets. These slices are shown in the first and sec-
ond rows of the figure, respectively. To analyze local intensity
differences, a horizontal line is overlaid on each slice at the
center row, from which gray value profiles are extracted.
These profiles are plotted in the third row, with blue rep-
resenting the superimposed data and orange the simulated
data. This visualization enables direct comparison of gray
value trends at the same spatial locations, revealing varia-
tions in contrast, noise, or defect visibility that may impact
segmentation.

Gray value profile analysis in the pore region for cases
40 and 50 indicates both visual and quantitative similarity.
However, for case 50, slight differences in gray values are
observed in the specimen area between the superimposed and
simulated XCT data. This is likely due to existing porosity in
that region, which affects the overall gray value levels (see
Fig. 8). For case 45, the gray values in the specimen region
are similar between the datasets; however, a slight differ-
ence is observed in the pore region. Additionally, the figure
offers both visual and quantitative insight into how accu-
rately synthetic simulations replicate real-world intensity
profiles. These observed differences in gray value distribu-
tions, whether in the pore or sample regions, can influence the
reliability of segmentation results to distinguish between true
defect boundaries and background. As a result, even subtle
gray value inconsistencies may lead to reduced segmentation
accuracy, particularly in regions where the contrast between
pore and material is limited.

4.3 Validation of Superimposed Defect Realism

Figure 9 shows a comparison of gray value profiles between
superimposed defects and real CT scans for cases 15, 17,
and 19, following a similar layout as Fig. 8. The top row
shows XY-slices from superimposed data, and the middle
row presents corresponding real CT slices. The colored lines
mark the profile extraction paths, and the bottom rowplots the
gray value profiles along these lines. The superimposed data
(blue) introduces noticeable gray value decreases at defect
locations, closely resembling those in the real CT profiles
(orange). These three slices were purposefully selected to
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Fig. 6 Example results of spherical pore detection using 3D U-Net
segmentation. The top block shows results for superimposed XCT
data, and the bottom block shows results for simulated XCT data.

Each block includes the original XCT slice, segmentation overlay with
ground truth (discrepancies marked in pink and green), and a zoomed-
out region. The JI values quantify segmentation accuracy

validate superimposed defect realism and compare differ-
ent noise and contrast characteristics. The gray value trends
align well across datasets, indicating that the superimposed
defects produce realistic attenuation patterns, which supports

their validity for evaluating detection and segmentation
methods. In slice 15, there are two defects—one real and one
superimposed. The gray value profiles along the extraction
line show similar peak and defect behavior, demonstrating
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Fig. 7 Example results of irregular pore detection using 3D U-Net
segmentation. The top block shows results for superimposed XCT
data, and the bottom block shows results for simulated XCT data.
Each block includes (top to bottom): the XCT slice with highlighted

pores, the segmentation overlay with ground truth (showing discrep-
ancies), and a zoomed-out segmented region. The JI values indicate
segmentation performance for each region

that the superimposed defect closely replicates reality both
visually and quantitatively.

Figure 10 presents gray value probability histograms from
XCT slices at image index 15, evaluating the fidelity of

the superimposition. Figure 10a compares superimposed
data with purely simulated defect data, revealing noticeable
differences, particularly in higher gray value ranges. This
indicates that purely simulated data may not fully capture the
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Fig. 8 Comparison of extracted
subvolumes and gray value
profiles from superimposed and
simulated data. The first row
presents central XY-slices from
the superimposed dataset, and
the second row displays the
corresponding slices from the
simulated dataset. A horizontal
line—colored specifically for
each dataset—indicates the row
along which the gray value
profile is extracted. The third
row shows the gray value
profiles: blue lines represent the
superimposed data, and orange
lines represent the simulated
data

complexity of real scangraydistributions.Conversely, Fig. 10b
shows nearly identical distributions between the superim-
posed XCT slices and the real CT data. This close alignment
demonstrates that the superimposition method successfully
preserves the inherent characteristics and noise profile of the
originalCT scan,which is crucial for achieving accurate POD
results. Both the gray value line analysis and the histogram
comparison demonstrate that superimposed defects exhibit
similar characteristics to those in real CT data, confirming
improved realism compared to purely simulated data.

4.3.1 Image Quality Metrics and Analysis

In this section, image quality is evaluated through compar-
isons conducted both on selected slices and across the full
volume. Table 2 presents a comparison of image quality
between superimposed and real CT slices, as well as simu-
lated and real CT slices, using MS-SSIM [37, 38] and PSNR
[39] as quantitative metrics. Across all evaluated slices (15,
17, and 19), the superimposed images exhibit consistently
high structural similarity to the real CT data, with MS-SSIM

values exceeding 0.99 and PSNR values above 37dB. In
contrast, the simulated images demonstrate lower similarity,
withMS-SSIM values ranging from 0.76 to 0.88 and notably
lower PSNR values between 18.74dB and 23.85dB. The
similarity metrics between the superimposed and real vol-
umetric data indicate a near-perfect match, with a MS-SSIM
of one and a PSNR of 60.16 dB. In contrast, when comparing
the real and simulated data volumes, the MS-SSIM drops to
0.891, and the PSNR to 29.10 dB. These results indicate that
the superimposed approach yields image quality closer to
real CT, particularly in terms of structural fidelity and noise
characteristics.

Table 3 shows the contrast-to-noise ratio (CNR) for each
slice andvolumeacross the three data sources.When compar-
ing the real data with the superimposed case, the results are
nearly identical across all slices (15, 17, and 19) (seeTable 3).
However, the simulated images, particularly for slices 17
and 19, exhibit substantially higher CNR values (e.g., 28.51
and 43.67). For slice 15, the CNR values are very close
(9.93 vs. 9.48). This suggests that the simulated contrast may
not consistently replicate the physical imaging characteristics
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Fig. 9 Comparison of extracted
subvolumes and gray value
profiles from superimposed and
real XCT data. The first row
shows central XY-slices from
the superimposed dataset, and
the second row displays the
corresponding slices from the
simulated dataset. A diagonal
line—colored specifically for
each dataset—indicates the row
along which the gray value
profile is extracted. The third
row shows the gray value
profiles: blue lines represent the
superimposed data, and orange
lines represent the real XCT data

Fig. 10 Gray value histograms (image index 15) comparing superim-
posed XCT slices with simulated data (a) and with real XCT data (b).
The superimposed and real CT distributions show stronger similarity,

especially in higher gray values, whereas differences are more pro-
nounced between the superimposed and simulated data

123



Journal of Nondestructive Evaluation (2025) 44:119  Page 13 of 18 119

Table 2 Image quality metrics
(normalized slices and full
volume) – comparison between
superimposed vs. real CT and
simulated vs. real CT

Region Superimposed vs. Real CT Simulated vs. Real CT
MS-SSIM PSNR (dB) MS-SSIM PSNR (dB)

Slice 15 0.9908 39.42 0.7611 23.85

Slice 17 0.9936 37.65 0.8078 18.74

Slice 19 0.9974 38.43 0.8845 22.69

Volume 1.0000 60.16 0.9310 29.10

observed in real CT data across different regions, highlight-
ing potential limitations in the simulation model’s ability to
fully capture the complexity of real-world imaging.

To further validate the accuracy of the alignment, segmen-
tation performance was evaluated on both the real XCT data
and the purely simulated data. The segmentation achieved a
3D JI of 0.98, with a precision of 0.99 and a recall of 0.98.
These results confirm the robustness of the registration and
defect superimposition process. It is important to note that the
real XCT data also includes segmentations of existing pores.

4.4 POD Results for Spherical Pores

Figure 11 shows the POD results for spherical pore diam-
eters using a probit regression model, evaluated separately
for superimposed and simulated XCT datasets with a seg-
mentation threshold of 0.9%. The red curves represent the
fitted probit models, and the shaded areas indicate 95% con-
fidence bounds. Each blue dot corresponds to the outcome
of a hit/miss experiment, where a value of one indicates suc-
cessful pore detection and zero indicates a miss. A notable
difference was observed in the minimum detectable pore
diameter at 90%probability level (a90): for the superimposed
data, a90/95 was approximately 219 µm, whereas for the
simulated data, it was significantly lower at approximately
193 µm. This indicates that the segmentation algorithm
achieves better detectability performance on simulated pores,
likely due to reduced complexity or less porosity in the
synthetic dataset. The difference highlights how additional
artifacts and gray value variations in the superimposed
data can degrade detection and segmentation sensitivity.
Figure 11 illustrates the POD results in pore diameters in
µm along the x-axis, while Figs. 12 and 13 show the number
of voxels in the porosity region along the x-axis for POD
evaluation.

Table 3 CNR comparison across image slices for different image
sources

Slice Superimposed Real CT Simulated

15 9.8939 9.9311 9.4897

17 15.9694 15.9409 28.5137

19 35.8017 35.9627 43.6661

The results presented in Fig. 12 demonstrate the influence
of voxel similarity (JI values) thresholds on pore detectabil-
ity using both superimposed and simulated datasets. For
superimposed pores, the detectability limit values, a90/95 (in
voxels) increase with higher thresholds: 86 voxels at thresh-
old 0.85, 255 voxels at threshold 0.90, and 424 voxels at
threshold 0.95. In contrast, simulated pores exhibit signifi-
cantly lower detection limits: 115, 146, and 170 voxels for
thresholds 0.85, 0.90, and 0.95, respectively. These values
suggest that defects in the simulated dataset are more readily
detected, possibly due to their idealized structure, higher con-
trast, and absence of fully representative background noise.
Overall, lower segmentation thresholds lead to earlier detec-
tion, but also increase the risk of false positives or false
negatives, especially in realistic conditions. The gap in a90/95
between the two datasets underlines the importance of the
superimposing method as a more realistic approach when
estimating detection performance on representative data.

4.5 POD Results for Irregular Pores

Figure 13 presents the POD curves for pore identification
using a hit/miss approach in two datasets: (a) superimposed
defects and (b) simulated defects. The analysis is performed
for three segmentation thresholds: 0.8 (red), 0.9 (blue), and
0.95 (black). For each case, the solid lines denote the fitted
PODcurves, while the dashed lines represent the correspond-
ing lower 95% confidence bounds. The annotated values
along the curves show the a90/95 values—the defect size at
which 90% detection probability is achieved with 95% con-
fidence. The numeric labels along each curve (e.g., 59, 274,
426 in (a) and 47, 223, 353 in (b)) indicate the detectabil-
ity limit values, a90/95 (in voxels) at which there is 90%
probability of detection with 95% confidence. Detection
sensitivity is consistently higher across all cases for the sim-
ulated data; however, the threshold level has a substantial
impact. At the 80% detection threshold, the detection limit
for superimposed defects is approximately three times higher
than that for simulated ones. When the threshold is increased
to 90%, the detection limits between the two cases become
more comparable. At the 95% threshold, the detection limit
for superimposed defects remains roughly 1.5 times higher
than for the simulated data.
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Fig. 11 POD model (red) for pore detection with confidence bounds based on a hit/miss experiment and a90/95 for diameter. Blue dots indicate
detected defects (probability one) and undetected defects (probability zero)

Fig. 12 POD models for spherical pore segmentation using superim-
posed (a) and simulated (b) defects. POD curves are fitted for three
segmentation thresholds (0.85, 0.90, and 0.95), each with associated
lower 95% confidence bounds. The x-axis shows the number of vox-

els within the porosity region, while the y-axis represents the detection
probability. Estimated a90/95 values are annotated next to each curve,
indicating the voxel size above which defects are reliably detected with
90% probability at 95% confidence

Fig. 13 Extended POD analysis using adjusted irregular pore seg-
mentation thresholds (0.80, 0.90, and 0.95) for both superimposed (a)
and simulated (b) defect datasets. As before, each curve includes the

lower confidence bound, anda90/95 thresholds are displayed. The results
illustrate howdetection capability varies depending on both the segmen-
tation threshold and the source of the data (superimposed vs. simulated)
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As known, lower thresholds lead to higher sensitivity
(lower a90/95), whereas higher thresholds shift the curves
rightward, requiring larger defects to ensure confident detec-
tion. Notably, the POD curves derived from superimposed
defects exhibit higher a90/95 values than those based on
purely simulated defects, suggesting improved accuracy of
detectability. When comparing the segmentation accuracy
of spherical and irregularly shaped defects using the 90%
threshold, it can be seen that, as expected, the segmentation
accuracy for irregular defects is significantly lower in both
the superimposed and simulated cases.

Figures 12 and 13 provide a comparative view of POD
performance for spherical and irregular pore shapes, respec-
tively, using both superimposed and simulated datasets
across multiple segmentation thresholds. In both figures,
superimposed defects consistently yield higher a90/95 val-
ues compared to simulated ones, indicating a higher voxel
count requirement for reliable detection. For spherical pores
(Fig. 12), the a90/95 estimates in the superimposed case are
86, 255, and 424 voxels for thresholds 0.85, 0.90, and 0.95,
respectively, whereas the simulated pores show lower val-
ues of 115, 146, and 170 voxels. Similarly, in the case of
irregular pores (Fig. 13), the detection limits for superim-
posed data reach 159, 272, and 426 voxels, while simulated
counterparts show reduced values of 47, 223, and 353 voxels.
These results clearly illustrate that both shape complexity and
segmentation threshold play critical roles in detection per-
formance. Moreover, the consistently higher detection limits
in the superimposed datasets underscore the increased real-
ism introduced by this method, thereby providing a more
representative benchmark for evaluating defect detectabil-
ity. Overall, the comparison confirms that relying solely on
simulated data may underestimate the practical challenges
associated with defect detection in real imaging scenarios.

5 Discussion

In this section, we discuss several aspects of the proposed
approach, including noise modeling in superimposed defect
simulation, the impact of dataset characteristics on model
performance, the measurement uncertainty inherent to XCT
data, and computational efficiency and generalizability. We
also address some limitations of the currentmethodology and
suggest directions for future improvements.

5.1 Physical Validity and Artifacts in Defect
Superimposition

In this study, the simulations used in the superimposition
method include beam hardening and scattering artifacts, but
do not incorporate a noise model. Beam hardening and scat-
tering effects can be considered consistent and repeatable

when simulating the same specimen under identical condi-
tions [40]. When the same specimen is simulated with and
without defects, the only differences between the twodatasets
are localized in the defect regions and neighboring regions
of the defects. Therefore, by subtracting the defect-free sim-
ulation from the defect-containing one and adding the result
to the real XCT data, these nonlinear effects are inherently
transferred into the final superimposed output. The current
noise implementation introduces random variations that dif-
fer across simulations, which can significantly alter the gray
value distribution across the volume [41]. This becomes
problematic for the subtraction-based method, as the noise
changes stochastically on the entire XCT dataset rather than
just the added defect information. Instead, noise and other
system-related effects are already inherently present in the
real XCT data used as the background. As a result, consis-
tent and realistic noise integration into the superimposed data
remains a limitation of the current approach. Nevertheless,
our findings indicate that the resemblance between real and
superimposed defects is greater than that of purely simulated
defects, supported by both visual assessment and quantita-
tive similarity metrics. Moreover, by leveraging the existing
noise in the real CT scans, we avoid introducing artificial dis-
tortions or altering the size and shape of the superimposed
defects.While this approach has clear advantages, improving
the realism of noise specifically within the defect regions of
simulated data remains a valuable direction for future devel-
opment.

5.2 Impact of Dataset Characteristics onModel
Performance

The quality and structure of the input dataset significantly
influence the performance of the deep learning model used
for estimation [42]. To ensure a fair comparison, we used
the same CNN architecture and training parameters across
all experiments, with no signs of overfitting or underfit-
ting. Yet, the model’s performance varied depending on the
dataset, suggesting that data-driven features—particularly
those related to shape complexity—affect the CNN’s abil-
ity to generalize.

For example, when comparing the detection limits between
spherical and irregularly shaped pores, the detectability val-
ues (in voxels) were higher for irregular shapes in both
simulation and superimposed cases. Specifically, in the
simulated dataset, therewas a noticeable increase—up to two
times—for high POD thresholds (e.g., 0.90 and 0.95). While
the simulation includes certain physical effects, it tends to
produce images withmore linear gray value distributions and
lower overall complexity compared to real CT scans. As a
result, the shape of the porosity has amore pronounced effect
on detectability in simulated data, suggesting that the dataset
itself is a major contributor to the observed differences.
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Interestingly, for the superimposed dataset, the differences
in POD results between spherical and irregular pores are rel-
atively small. For a threshold of 90%, the detection limits
for spherical and irregular pores are 255 and 272 voxels,
respectively, while for 95%, the values are nearly identical
(424 vs. 426 voxels). The increased complexity and porosity
in the superimposed dataset appear to influence the CNN’s
learning process, as the model can learn the richer structural
information present in the data.

In summary, while both factors play a role, the dataset
appears to have a stronger influence on the observed quanti-
tative differences—especially in simulated settings, where
the simplicity of the data amplifies shape-based effects.
However, the CNN and its training process also contribute,
particularly in cases where pore complexity is high and real-
istic features are present.

5.3 Uncertainty

Measurement uncertainty is a critical aspect in industrial
XCT, especially when using XCT data for dimensional
metrology or accurate defect detection [43]. In this context,
uncertainty encompasses both systematic errors (bias) and
random variations (standard deviation or repeatability) in
the measurement process. When defects are superimposed
onto real CT scans, the resulting data inherently includes the
measurement uncertainty already present in the real scan.
In contrast, simulated data lacks the inherent and fully rep-
resentative uncertainty present in real CT scans, and thus,
it is important to explicitly introduce physical effects to
approximate real-world conditions. In this study, we incor-
porated several physical models into the simulation pipeline
to emulate measurement uncertainty: noise, focal spot blur,
modulation transfer function of the detector, scattering, and
gain correction. These additions of physical effects into the
simulations are essential to mimic the imaging characteris-
tics and simulate the measurement uncertainty observed in
experimental CT data. While we did not directly quantify
measurement uncertainty in terms of standard uncertainty or
bias, we validated the similarity between real and simulated
data (volume) both at the image and segmentation lev-
els. Specifically, the MS-SSIM between real and simulated
volumes was 93%, indicating strong perceptual similarity.
Additionally, segmentation accuracy was evaluated using
the 3D JI, which reached 0.98. These high similarity scores
support the effectiveness of our registration process and the
reliability of the defect superimposition method.

5.4 Computational Efficiency and Generalizability

The superimposition method introduces computational over-
head primarily in its post-processing phase, which is not
present in purely simulated pipelines. Specifically, the

method required 9 minutes 20 seconds to generate a defect-
free simulation (with physical effects disabled) and another 9
minutes 20 seconds for a defect-containing version (alsowith
physical effects disabled). An additional 102 seconds were
needed to subtract the defect-containing data from the defect-
free volume and superimpose the result onto a real CT scan.
In total, the superimposition pipeline took approximately 19
minutes. In comparison, generating a fully simulated dataset
with physical effects enabled required approximately 14min-
utes. Each dataset had a volume size of 823× 1146× 1968
voxels, corresponding to approximately 3.6GB of data. All
processing times were recorded on a system equipped with
an Intel Core i9-11900KCPU (3.50GHz, 8 cores, 16 threads)
and an NVIDIA GeForce RTX 3090 GPU (24GB).

While this study focuses on a single geometry, themethod-
ology is generalizable to other component types, materials,
and defect types, provided equivalent registration accu-
racy and contrast conditions are achieved. It can be readily
applied to differentmaterials, including variousmetals, fiber-
reinforced composites, and polymer-based manufactured
parts.

6 Conclusion

In this study, we proposed an approach for superimposing
realistic defects into XCT scans using X-ray simulations.
The superimposed and purely simulated datasets were com-
pared for both spherical and irregular-shaped pores through
visual inspection and quantitative analysis. The evaluation
was performed using gray value profile analysis, JI across
different segmentation thresholds, and POD assessment. The
results demonstrate that while segmentation performance—
quantified by the JI—is generally higher for simulated XCT
data, the superimposed datasets provide a more challeng-
ing and realistic test environment that better reflects actual
XCT conditions. The largest difference in detectability limit
was observed for the irregular pore type, where the super-
imposed case showed a detection limit of 159 voxels using
the 80% threshold criterion, compared to only 47 voxels in
the purely simulated case. Specifically, for spherical pores,
the detectability limit in the superimposed dataset was up to
2.5 times higher (at a minimum voxel similarity of 95%).
For irregular pores, this factor increased to a maximum of
3.3 times (at 80% similarity), highlighting the increased
complexity of detecting non-spherical defects under realistic
conditions.

Both visual and quantitative results demonstrate that
superimposing defects can increase the accuracy of POD
determination. Additionally, quantitative analysis using the
JI revealed that spherical pores are generally segmented with
higher accuracy, with an average JI of 0.93±0.06, compared
to 0.84± 0.01 for irregularly shaped pores, highlighting the
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influence of pore morphology on segmentation performance.
These observations suggest that the superimposing method,
despite slightly lower segmentation metrics, improves the
realism and reliability of defect representations, ultimately
supporting more accurate and trustworthy determination of
the POD. In conclusion, the superimposing approach facil-
itates a more controlled and realistic assessment of defect
detectability, ultimately advancing POD accuracy and con-
tributing to the development of more reliable non-destructive
testing methodologies.

For future work, we plan to develop a method that can
directly estimate POD curve and detection limits for selected
pores within a 2D images or 3D volumes. To achieve this,
we intend to explore two different strategies that incorporate
information from scanning parameters (e.g., number of pro-
jections, voltage), image similaritymetrics, noise estimation,
and pore characteristics (shape, size). By leveraging these
metrics, our goal is to derive a formula capable of directly
calculating the detection limit for specific pores. To achieve
this and validate the results, superimposed data will play a
crucial role. In the second strategy, we plan to use the super-
imposed data along with the corresponding POD results to
train a deep learning model capable of directly estimating
the POD from selected pores. This approach aims to signifi-
cantly accelerate the POD estimation process and eliminate
the need to re-simulate data each time a new type of pore or
inclusion is encountered.
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