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 A B S T R A C T

This study investigates sizing error and the impact of scan resolution on defect detectability and porosity 
analysis in aluminum alloy samples, using a probability of detection framework. X-ray computed tomography 
(XCT) scans were generated at resolutions of 10 μm, 20 μm, 35 μm, and 70 μm. The highest-resolution XCT 
scan (10 μm) was established as the ground truth, serving as a reference to quantify detection performance, 
sizing errors, and segmentation accuracy (via dice coefficient and Jaccard index) across lower-resolution 
scans. Defects were segmented, matched across resolutions using centroid-based registration with a 60 μm
tolerance radius, and evaluated via POD curves generated from probit regression on hit/miss data. Results 
show that detectability declines markedly with lower voxel size: the defect size achieving 90% POD at 95% 
confidence for equivalent diameter rises from 100 μm at 20 μm voxel size to 235 μm at 35 μm voxel size. Lower 
resolutions systematically overestimate defect size due to partial volume effects, inflate sphericity (from ≈ 0.80
to ≈ 0.87), and reduce segmentation overlap (Dice coefficient drops from > 0.99 to ≈ 0.97). Our study shows that 
optimizing scanning resolution is essential, as critical defects can be missed or mis-sized at lower resolutions, 
directly impacting downstream analyses such as finite element or fatigue simulations. These sizing errors 
propagate into such analyses, potentially leading to over- or underestimation of defect size and safety margins. 
The results and generated POD curves offer practical guidance for selecting scan parameters that effectively 
balance imaging fidelity and sizing error against processing time in nondestructive evaluation.
1. Introduction

X-ray Computed Tomography (XCT) has emerged as a cornerstone 
in the field of non-destructive testing (NDT), providing advanced ca-
pabilities for the three-dimensional (3D) visualization and analysis of 
internal material structures without the need for invasive physical 
sectioning [1]. Originating from medical imaging applications in the 
1970s, XCT has since been adapted for industrial and materials science 
purposes, leveraging the differential attenuation of X-rays through ma-
terials to reconstruct detailed volumetric images [1,2]. This technique 
is particularly valuable for industrial materials, including metallic al-
loys such as aluminum and titanium, as well as lightweight materials 
such as carbon and glass fibers [3,4]. These materials are extensively 
used in high-stakes industries — such as aerospace, automotive, and 
energy — due to their favorable strength-to-weight ratios, corrosion 
resistance, and machinability [5].
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The growing adoption of metal additive manufacturing (AM) across 
various industries can be attributed to its ability to enable complex 
designs, consolidate multiple parts into a single component, streamline 
production processes, lower component weight, and minimize material 
waste. In metal components, manufacturing processes like casting, 
forging, and AM often introduce defects such as voids, inclusions, 
cracks, and porosity [6,7]. The laser-powder bed fusion (PBF-LB/M) 
process most commonly produces the following types of defects: (i) 
pores caused by trapped gas, (ii) incomplete fusion areas, (iii) residual 
or trapped powder, (iv) keyhole-induced voids, and (v) surface rough-
ness [8,9]. These imperfections can significantly compromise structural 
integrity, leading to premature failure under operational stresses [10]. 
Porosity, in particular, arises from gas entrapment during solidification 
in casting or from keyhole instabilities in AM processes, resulting in 
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reduced mechanical properties like fatigue strength and ductility. Tra-
ditional NDT methods, such as radiography or ultrasonic testing, offer 
limited insights into the 3D nature and distribution of these defects, 
often requiring destructive validation. XCT addresses these limitations 
by enabling quantitative assessment of defect morphology, size, and 
spatial distribution, thereby facilitating improved quality control and 
process optimization.

The efficacy of XCT in defect detection is heavily influenced by scan 
parameters, with resolution being a critical factor. Resolution, typically 
defined by voxel size, determines the smallest detectable feature and 
directly impacts the trade-off between imaging fidelity and practi-
cal constraints such as scan time, radiation dose, and computational 
resources [11]. Higher resolutions (smaller voxel sizes) improve the 
visibility of defects but escalate data volume and processing demands, 
potentially introducing artifacts like noise or beam hardening that 
can obscure true features [12]. Conversely, lower resolutions may 
overlook small defects or lead to oversegmentation, where adjacent 
voids are erroneously merged or noise is misidentified as defects. 
However, each manufacturing process has its own criteria and accept-
able defect thresholds [13,14]. For instance, in the automotive sector, 
larger flaws such as 1 mm pores may be considered non-critical for 
high-volume cast components where cost-efficiency is paramount [15]. 
Conversely, in the aerospace industry, the tolerance for defects is 
significantly lower; flaws as small as 0.5 mm or even 0.2 mm are 
often classified as critical due to the risk of fatigue-driven catastrophic 
failure [14,16]. Recent studies in additive manufacturing emphasize 
that even sub-millimeter pores (<0.5 mm) can act as primary sites for 
crack initiation in high-performance alloys, necessitating higher resolu-
tion nondestructive evaluation (NDE) despite the increased processing 
time [17].

The influence of acquisition parameters on image quality and defect 
detectability has been systematically examined in additive manufactur-
ing specimen. In particular, Senck et al. [18] proposed a simulation-
based methodology for CT inspection of topology-optimized aerospace 
brackets, improving dimensional accuracy and quality assessment of 
additively manufactured components. Experimental designs employing 
fractional factorial methods have ranked parameters like tube voltage, 
current, and voxel size in terms of their impact on noise levels and 
image quality, showing that optimal settings can improve detection 
confidence limits for defects [11]. Rapid XCT characterization tech-
niques using sparse projections and deep learning-based reconstruction 
have been proposed to reduce scan times while maintaining defect 
detection rates above 78% for flaws exceeding 50 μm, leveraging CAD 
models to mitigate artifacts [19].

The ability of an NDE method or system to identify defects can be 
expressed quantitatively using the probability of detection (POD) [20–
22]. POD analysis has become an essential tool for evaluating the 
performance of defect detection techniques applied to XCT data [23]. 
POD offers a numerical measure of the likelihood that a detection 
algorithm will accurately identify and characterize flaws of specific 
sizes, thus aiding in the assessment of imaging systems, processes, 
and detection methodologies [24]. Specifically, POD frameworks ap-
plied to XCT have evolved from simulation-only approaches toward 
hybrid experimental–numerical validations that better reflect indus-
trial conditions. Yosifov et al. introduced a superimposition method 
for inserting synthetic defects into real XCT volumes, revealing that 
realistic background noise and artifacts increase detection limits by 
factors of 2.5–3.3× compared with purely simulated data—directly 
supporting the superiority of the present experimental ground-truth 
methodology over earlier simulation-based POD studies [25]. Ziabari 
et al. combined CAD-guided deep-learning MBIR reconstruction with 
sparse projections and achieved > 78% detection of flaws > 50 μm
and 100% detection of flaws > 90 μm, even at reduced scan times, 
underscoring the potential of DL-assisted reconstruction to mitigate 
resolution constraints [26]. For example, Lee et al. presented a model-
assisted POD framework that provides more reliable quantification of 
2 
inspection performance. The reliability of defect detection in XCT is 
increasingly defined by the transition from traditional binary models 
to more sophisticated probabilistic approaches. The shift from tra-
ditional ‘‘hit/miss’’ models to sophisticated signal-response (𝑎̂ vs. 𝑎) 
models allows for a more nuanced understanding of defect sensitivity 
in complex geometries [27]. While binary hit/miss data only records 
the presence or absence of a defect, the 𝑎̂ vs. 𝑎 approach correlates the 
actual physical size of the defect (𝑎) with the recorded signal response 
(𝑎̂), such as the gray-value contrast or reconstructed diameter in XCT. 
By leveraging Model-Assisted Probability of Detection (MAPOD) and 
digital twins, researchers can now simulate thousands of inspection 
scenarios, effectively bridging the gap between theoretical resolution 
and practical detection limits [28,29].

The observed detectability limits are in good agreement with previ-
ously reported studies on XCT resolution effects. Sietins et al. demon-
strated that reliable detection of pores typically requires a defect diam-
eter of at least 3–5 voxels, depending on noise level and segmentation 
strategy [30]. In the present study, the 𝑎90∕95 thresholds correspond 
to approximately 5 voxels at 20 μm resolution and 6–7 voxels at 35 μm
resolution, confirming these empirical observations. Similarly, Galvez-
Hernandez et al. [31] demonstrated that coarser scan resolutions lead 
to segmentation degradation and systematic overestimation of poros-
ity due to pronounced partial volume effects, particularly at voxel 
sizes above 25 μm. Comparable observations were reported by Cooper 
et al. who showed that increasing voxel size significantly biases 3D 
micro-CT-based pore quantification, with partial volume effects becom-
ing the dominant source of error as voxel dimensions approach the 
characteristic pore size [32].

Our study systematically examines the influence of XCT scan resolu-
tion on defect detectability and porosity characterization in aluminum 
components, with a particular focus on quantitative performance as-
sessment using POD analysis. All other scanning parameters were op-
timized empirically and through XCT simulations [18]. XCT datasets 
were acquired at voxel sizes of 10 μm, 20 μm, 35 μm, and 70 μm, en-
abling a controlled evaluation of resolution-dependent effects. Defect 
characteristics — including volume, equivalent diameter, sphericity, 
and spatial distribution — were extracted and analyzed across all 
resolutions, alongside global porosity metrics. By correlating these 
morphological descriptors with POD outcomes, this work provides 
insight into how resolution-driven imaging limitations affect sizing 
error, defect detection reliability and establishes practical guidelines 
for selecting XCT acquisition parameters that balance inspection fi-
delity with efficiency in industrial NDE. While previous studies have 
investigated the influence of XCT resolution on defect detectability and 
sizing accuracy, most works rely on qualitative comparisons or deter-
ministic thresholds, without explicitly quantifying detection reliability. 
In contrast, the present study introduces a POD-based framework to 
systematically evaluate the relationship and trade-off between voxel 
size, defect detectability, and sizing error using a high-resolution XCT 
dataset as reference. In contrast to previous studies, this work:

1. quantifies detectability using statistically defined metrics on real 
CT data rather than X-ray simulations (e.g., POD),

2. directly relates voxel size to both detection probability and 
image similarity across resolutions, and

3. provides application-oriented guidelines for selecting the opti-
mal voxel size based on defect criticality.

Understanding the relationship between minimum detectability and 
voxel size can help develop strategies to reduce inspection time and 
effort while improving the overall accuracy of XCT-based critical defect 
detection. The findings of this study may inform future improvements 
in POD methodology and guide industrial XCT inspection practices.
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Fig. 1.  Four physical test specimens mounted in a fixture for XCT scanning (left), and the resulting composite 3D model visualizing their internal porosity (right).
2. Materials and methods

In this section, we describe the methodologies used, including sam-
ple preparation, Micro-CT scanning, data analysis, probability of de-
fect detection, image similarity assessment, and the overall processing 
pipeline. 

2.1. Sample preparation and micro-CT scans

In this study, a series of continuous radius flat fatigue specimens 
labeled S20 to S30 was printed on a selective laser melting system (EOS 
M400). Each specimen was manufactured from an aluminum alloy and 
designed in a dog-bone geometry following standard tensile specimen 
dimensions. The specimen dimensions were as follows: length 13 cm, 
width ranging from 1 cm to 2.4 cm, and thickness of 0.4 cm. Fig.  1 
shows a quality inspection setup where four physical specimens are 
prepared for a XCT scan to analyze their internal quality and porosity 
levels. The 3D model on the right presents a combined visualization 
from two specimen, mapping the internal pores and color-coding them 
by diameter to provide a comprehensive analysis of defect size and 
distribution. Additionally, four ring-shaped markers were added to 
each specimen pair to improve the registration and alignment process. 
Then, all specimens were scanned using two different XCT systems 
at four voxel resolutions: 10, 20, 35, and 70 μm. These resolutions 
were selected based on the typical scanning settings used for real 
components [33]. High-resolution scans at 10 μm were performed using 
a Phoenix Nanotom 180NF system, while the remaining scans were 
carried out with a ProCon 240 ALPHA XCT system. To reduce scan-
ning time, the latter measurements were performed in batches of four 
specimens. To achieve higher resolution and establish a reliable ground 
truth, the Nanotom 180NF was employed. For comparison of detectabil-
ity, all measurements were performed on the ProCon 240 Alpha at 
voxel sizes of 20, 35, and 70 μm to ensure a fair evaluation. Although 
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each device has distinct hardware and software characteristics that 
may influence image quality and defect visibility, both CT scanners 
were carefully calibrated, and all measurements followed standardized 
protocols to minimize systematic differences. Minor instrument-specific 
effects may still exist, but they are negligible and do not significantly 
affect the results. Any remaining variability was further mitigated by 
using calibrated scans and applying consistent software algorithms 
across all data.

Table  1 summarizes the XCT scanning parameters, porosity evalu-
ation settings, and scan details for the aluminum fatigue specimens. It 
includes the voxel size, tube voltage and current, detector integration 
time, number of averaged projections, total scan time, number of 
projections, and threshold values used for porosity segmentation. These 
settings were selected to balance image quality, resolution, and acquisi-
tion time across different scan conditions. The applied parameters were 
150 kV tube voltage, 150 μA current, 1500 projections, an integration 
time of 600ms, and a 0.1mm Cu pre-filter for 10 μm. Additionally, 
specimens were scanned at lower resolutions of 20 μm, 35 μm, and 70 μm
using a ProCon 240 ALPHA XCT system at 220 kV with tube currents of 
100 , 170 , and 330 μA, integration times of 1700ms, 1400ms, and 600ms, 
numbers of projections of 1260, 1040, and 780, and threshold values 
of 30%, 30%, and 20%, respectively.

The X-ray tube current and detector integration time were selected 
to ensure sufficient signal-to-noise ratio and contrast for reliable defect 
detection under low-contrast conditions. Due to the limited attenuation 
differences between pores and the surrounding material, higher photon 
statistics were required to reduce noise and enhance feature visibil-
ity. The final parameters were determined through preliminary trials, 
balancing image quality, acquisition time, and avoidance of detector 
saturation. Current and integration time were adjusted empirically to 
achieve clear images with acceptable noise while keeping scan duration 
as short as possible.



M. Yosifov et al. NDT and E International 162 (2026) 103769 
Table 1
XCT scanning parameters, porosity evaluation settings, and scan details for aluminum fatigue specimens.
 XCT System Voxel size Voltage Current Int. Time Avg Scan time Projections Threshold 
 [μm] [kV] [μA] [ms] [min] [%]  
 Nanotom 180NF 10 150 150 600 5 75 1500 44  
 ProCon 240 ALPHA 20 220 100 1700 1 36 1260 30  
 ProCon 240 ALPHA 35 220 170 1400 1 24 1040 30  
 ProCon 240 ALPHA 70 220 330 600 1 8 780 20  
 

2.2. Data analysis

Porosity analysis was evaluated from the reconstructed, unfiltered 
volume data using the porosity/inclusion analysis module in VGStu-
dioMax 2024.1 (Volume Graphics). The EasyPore module was applied 
with a relative threshold of 44% for the 10 μm scans. For the 20 μm and 
35 μm scans, a threshold of 30% was used, while for the 70 μm scans, 
a threshold of 20% was applied. No image filters were used, and the 
minimum pore volume was defined as 27 voxels [34,35].

Thresholds were determined through a combination of visual in-
spection and analysis of image contrast. In EasyPore, void detection 
is controlled by the ‘‘Contrast’’ parameter, which defines the mini-
mum gray-value difference between a void and the surrounding ma-
terial [36]. For instance, a contrast value of 20% indicates that a 
voxel is classified as part of a void only if it is at least 20% darker 
than the neighboring material. Threshold optimization is performed 
interactively, with real-time visualization of detected pores allowing 
adjustments for under- or over-segmentation. If too few defects are 
detected or small pores are missed, the contrast value is decreased, 
whereas if large artifacts or excessive indications appear, the value is 
increased. The optimal threshold is chosen to balance sensitivity and 
specificity, typically corresponding to the transition region between 
material and void peaks in the gray-value histogram.

The following metrics were extracted from the reconstructed vol-
umes: pore volume 𝑉 , diameter 𝐷, equivalent diameter 𝐷eq, and voxel 
number of pores. The equivalent diameter, which corresponds to the 
diameter of a sphere with the same volume as the pore, is defined as 

𝐷eq = 2
( 3𝑉
4𝜋

)1∕3
(1)

2.3. Probability of detection

The probability of detection (POD) of porosity defects was evaluated 
using a probit regression model [37,38]. Defect size was characterized 
by one of three metrics: the diameter 𝐷, the equivalent diameter 𝐷eq, 
or the pore volume 𝑉 .

The binary detection outcome, 𝑌𝑖, was defined as: 

𝑌𝑖 = 𝑃𝑂𝐷

{

1, if defect 𝑖 is detected,
0, if defect 𝑖 is not detected. (2)

The Probit model relates the detection probability to the chosen 
defect size metric via: 
𝛷−1 [POD(𝑆)

]

= 𝛽0 + 𝛽1𝑆, (3)

where 𝑆 represents the defect size (𝐷, 𝐷eq, or 𝑉 ), 𝛷−1 is the 
inverse standard normal cumulative distribution function, and 𝛽0 and 
𝛽1 are regression coefficients estimated from the dataset. The model 
provides the estimated detection probability for any defect size and 
allows computation of characteristic sizes at specified confidence levels, 
such as 𝑎90, the defect size detected with 90% probability. Maximum 
likelihood estimation was used to fit the model, and the fit quality 
was assessed using confidence intervals and visual inspection of the 
POD curves. This approach enables quantitative evaluation of defect 
detectability across different size metrics and XCT voxel resolutions.

In conventional POD studies, defect detectability is often assessed 
using XCT simulations to establish a controlled ground truth. To es-
tablish correspondence between high- and low-resolution scans, we 
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identified matching defects. For each defect, we defined an imaginary 
square with a radius of 60 μm, referred to as the tolerance value. 
Additionally, we ensured that no overlaps occurred, so that defects 
were not matched more than once. The tolerance value was determined 
such that overlaps between non-matching defects were excluded.

2.4. Image similarity

To quantitatively assess the similarity between reconstructed XCT 
volumes, two approaches were employed: comparison of 3D image 
intensities and evaluation of segmentation overlap.

3D Image Similarity: The structural similarity between volumes 
was quantified using the multi-scale structural similarity index (MS-
SSIM) [39,40] and peak signal-to-noise ratio (PSNR) [41,42]. These 
metrics provide complementary information: MS-SSIM captures per-
ceptual structural differences, while PSNR measures absolute voxel 
intensity deviations.

Segmentation Similarity: The agreement between segmented pores
in different resolutions was evaluated using the Jaccard index and the 
Dice coefficient. For two sets of segmented voxels, 𝐴 and 𝐵, the Jaccard 
index is defined as 

𝐽 =
|𝐴 ∩ 𝐵|
|𝐴 ∪ 𝐵|

, (4)

and the Dice coefficient as 

Dice = 2|𝐴 ∩ 𝐵|
|𝐴| + |𝐵|

(5)

For all comparisons, the high-resolution 10 μm scans were used as 
the ground truth XCT volumes. Lower-resolution scans were registered 
to this reference to evaluate image fidelity and segmentation accuracy 
across different voxel sizes.

2.5. Processing pipeline

Fig.  2 illustrates the proposed processing pipeline for defect de-
tection and validation using dual-resolution XCT scans. The workflow 
employs a high-resolution voxel size of 10 μm as ground truth for 
accurate defect segmentation, and a low-resolution XCT scan for effi-
cient large-scale screening, enabling a balance between accuracy and 
computational efficiency. The pipeline begins with volume registration 
and alignment of the high-resolution (HR) and low-resolution (LR) scans 
to ensure spatial correspondence between the datasets. For alignment, 
a best-fit algorithm was applied using the fiducial (ring) markers in 
VGStudio Max. Following alignment, porosity analysis and defect seg-
mentation is performed exclusively on both the HR and LR scan. This 
step identifies potential defects (e.g., pores or voids) using image 
processing techniques such as thresholding, morphological operations, 
and possibly machine learning-based segmentation to delineate defect 
boundaries accurately. For each segmented defect in the HR scan, the
defect centroid is computed as a representative point (e.g., the geometric 
center of mass). This centroid is then mapped to the corresponding loca-
tion in the LR scan using the established registration transformation. To 
validate the defect’s presence in the coarser LR scan, a localized search 
within a tolerance radius 𝑅tol is conducted around the mapped centroid. 
This radius accounts for potential misalignment errors or resolution-
induced discrepancies between the scans. The search evaluates whether 
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Fig. 2. The proposed processing pipeline for defect detection and validation using dual-resolution X-ray computed tomography (XCT) scans. The workflow 
integrates high-resolution (HR) scanning for precise defect segmentation with low-resolution (LR) scanning for efficient validation, ensuring spatial alignment and 
tolerance-based matching.
a defect-like anomaly (e.g., a low-density region indicative of porosity) 
exists within 𝑅tol.

A tolerance radius of 60 μm was employed in this study to establish 
correspondences between defects across datasets with differing spatial 
resolutions (10 μm vs. 20 μm and 10 μm vs. 35 μm). This value was 
not arbitrarily selected but determined through an iterative optimiza-
tion procedure aimed at ensuring robust one-to-one defect matching. 
Specifically, the tolerance radius was systematically varied, and the 
resulting defect correspondences were evaluated based on matching 
consistency. At small tolerance values, true corresponding defects were 
frequently missed due to slight spatial deviations caused by resolu-
tion differences, registration inaccuracies, and segmentation variability. 
Conversely, larger tolerance values increased the likelihood of multiple 
defects being incorrectly assigned to a single reference defect, leading 
to ambiguous (one-to-many) matches. The optimal tolerance radius was 
therefore defined as the smallest value that maximized unique one-
to-one correspondences, i.e., each defect in one dataset was matched 
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to at most one defect in the reference dataset. This was achieved 
through an iterative process in which the tolerance was gradually 
increased until duplicate matches were minimized while maintain-
ing a high number of valid correspondences. The selected value of 
60 μm reflects a balance between spatial uncertainty (arising from 
voxel size, partial volume effects, and segmentation variability) and 
matching specificity. This choice directly impacts matching accuracy: 
a smaller tolerance would underestimate detection performance by 
missing valid matches, whereas a larger tolerance would artificially 
inflate performance by introducing false correspondences. Therefore, 
the adopted value represents a conservative and physically meaningful 
compromise.

In the final step, each reference defect is evaluated within the 
defined tolerance radius. If a segmented defect is found within this 
tolerance region in the low-resolution dataset, the defect is classified 
as a hit; otherwise, it is classified as a miss. This hit–miss classification 
forms the basis for subsequent POD evaluation.
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Fig. 3. Each subpanel shows a three-dimensional rendering of the reconstructed XCT volumes (sample S26) at voxel sizes of 10, 20, 35, and 70 μm, with 
automatically detected pores highlighted to illustrate their spatial distribution within the material.
Fig. 4. Image slices from 3D reconstructed data showing porosity defects in an aluminum specimen at different voxel sizes. From left to right: 10 μm, 20 μm, 
35 μm, and 70 μm. The number and clarity of detected defects decrease with lower voxel resolution. The red square highlights a representative internal pore.
3. Results

This section presents a comprehensive visualization of the defect 
detection results, including POD outcomes, statistical analysis of de-
fect characteristics, segmentation results, and quantitative similarity 
analyses.

3.1. Visualization of defect detection

Fig.  3 presents the visualization of porosity defects in a repre-
sentative aluminum specimen (S26) scanned at four different voxel 
sizes. Each subpanel shows reconstructed XCT slices extracted from the 
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3D volume, with one pore highlighted, illustrating the effect of voxel 
resolution on defect detectability.

At high resolution (10 μm), the majority of defects are clearly re-
solved, while lower resolutions (20 μm, 35 μm and 70 μm) show a re-
duction in the number of detected pores and increased partial volume 
effects. This visualization highlights the importance of voxel size in 
accurately capturing small-scale defects and supports the quantitative 
analysis presented in subsequent sections. In this step, it is also im-
portant to define the critical defect size (threshold for OK and NOT 
OK), which can vary depending on the type of component. Estab-
lishing these definitions early can save considerable time and effort 
in subsequent evaluation and inspection processes. More specifically, 
once the optimal resolution and minimum detectability thresholds are 
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Fig. 5. Close-up of a representative internal defect extracted from the XCT scans at decreasing spatial resolutions (left to right, corresponding to increasing voxel 
sizes). Detection is only possible at voxel sizes of 10 and 20 μm for the highlighted defect.
determined, there is no need to process high-resolution volumes or 
perform unnecessarily long scans.

Fig.  4 shows XCT cross-sections of a material sample acquired 
using four progressively larger voxel sizes (10, 20, 35, and 70 μm). 
As mention before, these resolutions were chosen based on a previous 
study of real components [33]. As the voxel size increases, the spatial 
resolution decreases dramatically, which is evident by the increased 
blurring and loss of fine textural details in the background material. 
The red box highlights a small internal defect, illustrating that its 
sharp definition at low voxel sizes is progressively lost until it is barely 
discernible at the coarsest resolution of 70 μm. In Fig.  5, the zoomed 
view of the highlighted defect demonstrates that defect visibility dimin-
ishes with decreasing resolution. Notably, defects in the 70 μm entirely 
undetectable at the lower resolution.

3.2. POD analysis

In this section, we present the POD results together with the cor-
responding minimum detectability values. The ground-truth dataset is 
obtained from a 10 μm resolution XCT scan segmented using VG Easy-
Pore. Based on this reference, POD results are subsequently determined 
for reconstructions at 20 and 35 μm voxel resolutions. Fig.  6 shows 
that the minimum detectable equivalent diameter pore size (𝑎90∕95) is 
100 μm for the  20 μm resolution case, while it increases to roughly 
235 μm for the  35 μm case. The minimum detectable diameter pore 
size (𝑎90∕95) is 180 μm for the  20 μm resolution case, while it increases 
to roughly 550 μm for the  35 μm case (see Fig.  7). In other words, 
any pore with an equivalent diameter of 100 μm must be detected 
with 90% probability at a 95% confidence level using a 20 μm voxel 
resolution. However, smaller defects can still be detected, with the 
minimum observed defect size being 59 μm (see Table  2).

If we compare the equivalent diameter and diameter results, it 
is evident that both metrics exhibit similar trends with respect to 
resolution, with high resolution scans consistently enabling the detec-
tion of smaller defects as expected. However, the equivalent diameter 
generally provides a more robust representation of irregularly shaped 
pores, capturing variations in volume and morphology that a single 
linear diameter measurement may underestimate. This indicates that 
using equivalent diameter as a descriptor can improve defect char-
acterization, particularly for complex geometries commonly found in 
additive-manufactured components.

The tables (Tables  2 and 3) summarize the estimated detectability 
limits (𝑎90∕95), defined as the defect size corresponding to 90% POD, for 
both measured defect diameters and equivalent defect diameters across 
specimens S21–S30. For each specimen, the minimum and maximum 
diameters of detected defects are reported alongside the 𝑎90∕95 values, 
highlighting the influence of voxel size on detection performance. At 
20 μm resolution, smaller defects are consistently detected compared 
to 35 μm, yielding lower 𝑎90∕95 values and a wider detectable range, as 
expected from improved sensitivity at finer resolutions.

The mean ± standard deviation values across specimens further 
quantify this effect. At 20 μm resolution, the mean minimum detected 
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Table 2
Estimated minimum detectability limit values for defect diameter (𝐚𝟗𝟎∕𝟗𝟓), 
with minimum and maximum sizes of detected defects for each specimen at 
20 μm and 35 μm voxel sizes.
 Specimen Resolution Min. detected Max. Detected a90∕95  
 (μm) Defect (μm) Defect (μm) (μm)  
 S21–22 20 59.13 651.91 180  
 35 99.87 508.84 556  
 S23–24 20 69.27 614.22 186  
 35 113.09 441.07 521  
 S25 20 71.18 564.21 233  
 35 122.33 485.05 428  
 S26 20 81.11 551.49 211  
 35 148.24 490.58 401  
 S27–28 20 79.47 546.13 309  
 35 142.27 488.88 476  
 S29–30 20 80.65 549.04 203  
 35 139.17 417.40 497  
 Mean ± Std 20 73.96 ± 8.73 577.20 ± 38.49 223.7 ± 52.1 
 35 128.59 ± 21.06 466.57 ± 34.47 476.5 ± 57.0 

Table 3
Estimated minimum detectability limit values for equivalent defect diameter
(𝐚𝟗𝟎∕𝟗𝟓), with minimum and maximum sizes of detected defects for each 
specimen at 20 μm and 35 μm voxel sizes.
 Specimen Resolution Min. detected Max. detected 𝑎90∕95  
 (μm) Defect (μm) Defect (μm) (μm)  
 S21–22 20 38.97 290.42 100  
 35 66.20 254.56 235  
 S23–24 20 51.44 301.28 103  
 35 73.30 229.34 227  
 S25 20 54.70 248.70 126  
 35 92.67 265.85 191  
 S26 20 60.93 250.48 116  
 35 112.25 272.15 187  
 S27–28 20 64.71 262.03 157  
 35 111.36 251.90 208  
 S29–30 20 61.51 286.99 117  
 35 111.38 236.74 221  
 Mean ± Std 20 55.88 ± 9.17 273.83 ± 14.28 119.83 ± 22.37 
 35 94.03 ± 19.00 251.76 ± 14.92 211.50 ± 31.80 

diameter is 73.96 ± 8.73 μm (measured) versus 55.88 ± 9.17 μm (equiv-
alent). The mean maximum detected diameter is 577.20 ± 38.49 μm
(measured) versus 273.83 ± 14.28 μm (equivalent), with corresponding 
𝑎90∕95 values of 223.7 ± 52.1 μm and 119.83 ± 22.37 μm. At 35 μm, these 
metrics increase: minimum detected diameters to 128.59 ± 21.06 μm
(measured) versus 94.03±19.00 μm (equivalent); maximum detected di-
ameters to 466.57± 34.47 μm versus 251.76 ± 14.92 μm; and 𝑎90∕95 values 
to 476.5± 57.0 μm versus 211.50±31.80 μm. At lower voxel resolutions, 
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(a) POD results at resolution 20 μm

  
(b) POD results at resolution 35 μm

 

Fig. 6. POD curves for samples S21–S22, illustrating pore detectability as a function of equivalent pore diameter. The red curves correspond to POD with 95% 
confidence bounds, while the blue markers represent experimental hit/miss data. The annotated 𝑎90∕95 values indicate the pore diameters detected with a 90% 
probability at a 95% confidence level. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
 
(a) Resolution 10 μm vs. 20 μm

  
(b) Resolution 10 μm vs. 35 μm

 

Fig. 7. POD curves for samples S21–S22, illustrating pore detectability as a function of pore diameter. The red curves correspond to POD with 95% confidence 
bounds, while the blue markers represent experimental hit/miss data. The annotated 𝑎90∕95 values indicate the pore diameters detected with a 90% probability 
at a 95% confidence level. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
the minimum detected defect appears larger while the maximum de-
tected defect appears smaller, indicating that small pores are generally 
overestimated, whereas large pores tend to be underestimated.

Furthermore, paired t-tests were conducted to evaluate the effect of 
voxel size (20 μm vs. 35 μm) on the estimated minimum detectability 
limit 𝑎90∕95. For the defect diameter, a statistically significant increase 
in 𝑎90∕95 was observed at 35 μm resolution (𝑡(5) = 7.29, 𝑝 = 0.000760, 
𝑝 < 0.001), with a mean difference of 259.50 ± 87.19 μm and a 95% 
confidence interval ranging from 168.00 to 351.00 μm. Similarly, for 
the equivalent defect diameter, the detectability limit was significantly 
higher at 35 μm resolution (𝑡(5) = 6.56, 𝑝 = 0.001239, 𝑝 < 0.01), with 
a mean difference of 91.67 ± 34.26 μm and a 95% confidence interval 
ranging from 55.72 to 127.62 μm. These results show that voxel size has 
a statistically significant and practically substantial impact on defect 
detectability, with consistently higher 𝑎90∕95 values observed at lower 
spatial resolution. 

Comparing the tables reveals systematic differences between mea-
sured and equivalent diameters (EqDiam), the latter standardizing de-
fect size for cross-specimen comparability. Equivalent diameters yield 
consistently lower values across all metrics and resolutions, reflecting 
their normalization to a spherical equivalent and providing a more 
conservative assessment of detectability. These findings emphasize the 
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importance of imaging resolution in defect evaluation and offer bench-
marks for establishing POD thresholds in quality control and structural 
integrity applications.

3.3. Impact of voxel resolution on defect morphology

This subsection presents a statistical characterization of detected de-
fects across specimens S21–S30, focusing on their geometric properties 
and the influence of voxel resolution. A summary of these properties is 
provided in Table  4.

The analysis shows a significant dependency between imaging res-
olution and the calculated morphology of the defects. As resolution 
decreases (lower voxel sizes), there is a systematic overestimation of de-
fect size. The mean equivalent diameter increases from 78.17 ± 5.38 μm
at 10 μm resolution to 123.83 ± 4.84 μm and 147.69 ± 7.59 μm at 20 μm
and 35 μm, respectively. This sizing inflation is further visualized in the 
scatter plots in Fig.  8, where the deviation from the 𝑦 = 𝑥 line highlights 
the impact of voxelization on volumetric data. Alongside this, the 
mean sphericity of detected defects increases from 0.7950 ± 0.0020 at 
the highest resolution to 0.8703 ± 0.0106 at 20 μm and 0.8730 ± 0.0129
at 35 μm. This trend suggests a ‘‘smoothing’’ effect; as the voxel size 
increases, the ability to resolve irregular surface features and complex 
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Table 4
Average defect properties (mean ± standard deviation) for different XCT resolutions for S21 to S30.
 Resolution Sphericity Equiv. diameter [μm] Diameter [μm] Voxels  
 10 μm 0.7950 ± 0.0020 78.17 ± 5.38 125.04 ± 7.71 457.63 ± 68.62 
 20 μm 0.8703 ± 0.0106 123.83 ± 4.84 177.15 ± 6.86 168.32 ± 20.17 
 35 μm 0.8730 ± 0.0129 147.69 ± 7.59 204.08 ± 8.83 53.01 ± 6.51  
 
(a) 10 vs. 20 μm resolution

  
(b) 10 vs. 35 μm resolution

 

Fig. 8. Scatter plots of matched defect equivalent diameters between ground-truth 10 μm scans and coarser resolutions. The trend lines (𝑦 = 𝑥) show size inflation 
due to voxelization, with increased scatter at 35 μm indicating higher matching uncertainty.
branch-like geometries is lost, causing the segmented defects to appear 
more artificially spherical.

The spatial sampling density also drops dramatically across the 
tested resolutions. The average voxel count per defect falls from 457.63
at 10 μm to only 53.01 at 35 μm. This nearly nine-fold reduction in voxels 
per defect explains the increased scatter observed in Table  4, as there is 
insufficient information to accurately define defect boundaries at lower 
scales. These statistical trends demonstrate that defect morphology 
metrics are highly sensitive to imaging resolution, providing essential 
context for the POD results presented in subsequent sections.

3.4. Defect sizing error analysis

To evaluate the reliability of defect quantification at lower res-
olutions, a comparative analysis was performed between the high-
resolution ground-truth scans (10 μm) and low resolutions (20 μm and 
35 μm). The sizing accuracy was assessed using two metrics: Equivalent 
Diameter and Diameter.

Fig.  8 presents the scatter plots for the equivalent diameter. A strong 
correlation is observed between the 10 μm and 20 μm resolutions (Fig. 
8a), though a systematic positive bias is evident where the data points 
lie largely above the 𝑦 = 𝑥 reference line. This indicates a general 
overestimation of defect volume in the lower scans, a phenomenon 
likely attributed to the partial volume effect and voxelization artifacts, 
where border voxels artificially inflate the total volume of small defects. 
At 35 μm (Fig.  8b), while the positive correlation remains, the scatter 
significantly increases, reflecting a higher degree of uncertainty in 
volumetric estimation as the defect size approaches the resolution limit.

Fig.  9 illustrates the comparison for the diameter metric. Consistent 
with the volumetric data, the 20 μm resolution maintains reasonable 
linearity with the ground truth. However, the 35 μm resolution (Fig. 
9b) exhibits severe scattering. Unlike the equivalent diameter, which 
integrates volume, the maximum diameter is highly sensitive to the 
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geometric representation of the defect shape. The discrete nature of the 
larger voxels at 35 μm leads to substantial deviations, with defects being 
both significantly over- and under-sized compared to the ground truth.

To provide a quantitative assessment of these observations, Pear-
son correlation [43] and Spearman correlation [44] coefficients were 
computed to evaluate the agreement between defect size measurements 
across different voxel resolutions. For the equivalent diameter metric, 
the comparison between 10 μm and 20 μm scans shows very strong 
correlation (Pearson = 0.98, Spearman = 0.98), indicating highly con-
sistent defect size estimation across these resolutions. In contrast, the 
comparison between 10 μm and 35 μm scans exhibits lower correlation 
(Pearson = 0.87, Spearman = 0.90), reflecting increased variability and 
reduced measurement reliability at coarser voxel resolutions. A similar 
trend is observed for the diameter metric. The 10 μm and 20 μm com-
parison still demonstrates strong agreement (Pearson = 0.95, Spearman 
= 0.93), whereas the 10 μm and 35 μm comparison shows substantially 
reduced correlation (Pearson = 0.68, Spearman = 0.64). Sizing error 
between resolutions is further quantified by the scatter around the 𝑦 = 𝑥
line in Figs.  8 and 9, as well as by the Pearson and Spearman correlation 
coefficients, confirming the systematic partial-volume overestimation 
while providing a direct measure of variability.

Overall, the data suggests that while defect detection may be fea-
sible at lower resolutions, accurate sizing — particularly using raw 
diameter measurements — degrades rapidly as the voxel size increases 
relative to the defect scale. The equivalent diameter appears to be a 
more robust metric than maximum diameter for characterizing defects 
in lower-resolution XCT data.

3.5. Segmentation and image similarity

The impact of resolution degradation on both image fidelity and 
segmentation accuracy was evaluated using a combination of pixel-
based metrics (PSNR, MS-SSIM) and volumetric overlap metrics (Dice 
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(a) 10 vs. 20 μm resolution

  
(b) 10 vs. 35 μm resolution

 

Fig. 9. Scatter plots of matched defect diameters between ground-truth 10 μm scans and coarser resolutions. The trend lines (𝑦 = 𝑥) show size inflation due to 
voxelization, with increased scatter at 35 μm indicating higher matching uncertainty.
Fig. 10. Volume slices from XCT reconstructions at 10, 20, 35, and 70 μm resolutions, where the 10 μm reconstruction is treated as the ground truth (GT). 
Structural similarity index (SSIM) and peak signal-to-noise ratio (PSNR) are annotated for each comparison to GT, highlighting progressive degradation in image 
fidelity and defect resolvability due to partial volume effects.
coefficient, Jaccard index). Fig.  10 illustrates the progressive loss of 
structural detail due to partial volume effects. While the 20 μm scan 
maintains high fidelity compared to the ground truth (GT) with a 
PSNR of 13.9 dB and an SSIM of 0.773, a sharp decline is observed at 
lower resolutions. At 35 μm resolution, the PSNR drops significantly to 
7.0 dB, and fine internal features — specifically the smaller micropores 
— become indistinguishable from the background noise. This blurring 
effect confirms that as the voxel size exceeds the scale of the smallest 
defects, the gray-value contrast necessary for accurate thresholding is 
severely compromised.
10 
This resolution effect directly impacts the segmentation quality 
shown in Fig.  11. The 20 μm resolution yields a segmentation mask 
nearly identical to the ground truth, achieving a Dice coefficient of 
0.993. However, at 35 μm and 70 μm, the binary masks exhibit no-
ticeable edge roughening and a loss of finer defect structures. Although 
the global shape of the specimen is preserved — reflected in Dice scores 
remaining above 0.97 even at 70 μm — the drop in the Jaccard index 
from 0.985 (20 μm) to 0.943 (70 μm) highlights increasing discrepan-
cies at the object boundaries and defect interfaces. Fig.  12 summarizes 
the statistical distribution of these metrics across the dataset. The 
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Fig. 11. Segmented slices comparing ground-truth (GT, left) to outputs at 20, 35, and 70 μm resolutions. Dice coefficients and Jaccard index are annotated for 
each resolution.
boxplots reveal a consistent trend: image quality metrics (MS-SSIM and 
PSNR) exhibit higher variance and a steeper decline than segmenta-
tion metrics. Notably, the PSNR shows a distinct step-change between 
20 μm and 35 μm, suggesting a critical threshold for image quality 
loss. Conversely, the high median values for Dice (>0.98) and Jaccard 
(>0.96) across all resolutions suggest that the specimen geometry is 
well-captured even at 70 μm; however, these metrics mask the fact that 
defects were not segmented at all.

4. Discussion

In this section, we discuss the influence of voxel size on defect 
detectability, the use of diameter versus equivalent diameter as POD de-
scriptors, and comparisons with existing literature. We also address the 
practical implications for industrial XCT inspections, including trade-
offs between voxel resolution, scan efficiency, and defect detectability. 
Finally, we outline the study’s limitations and directions for future 
work. 

4.1. Influence of voxel size on defect detectability

The presented results clearly show that voxel size is the dominant 
factor governing defect detectability in XCT-based porosity analysis. 
When using the 10 μm reconstruction as ground truth, a systematic 
increase in the minimum detectable defect size is observed as voxel 
size increases to 20 μm and 35 μm. This trend is consistent across all 
investigated specimens and defect descriptors (diameter, equivalent 
diameter, and volume), and is in agreement with established XCT 
resolution studies [34,45].

From a physical standpoint, this behavior is primarily driven by 
partial volume effects and reduced spatial sampling. As voxel size 
increases, small pores occupy fewer voxels and increasingly blend with 
surrounding material, leading to under-segmentation or complete loss 
of detectability [46]. The POD results quantify this effect explicitly: 
the 𝑎90∕95 equivalent diameter increases from approximately 100 μm at 
20 μm voxel size to about 235 μm at 35 μm voxel size. This corresponds 
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to detectability thresholds of roughly 5–6 voxels across a defect di-
ameter, which aligns well with commonly accepted empirical rules in 
XCT metrology and defect analysis [30,45]. Importantly, these findings 
emphasize that nominal voxel size alone is not a sufficient indicator 
of detectability. Instead, voxel size must be interpreted relative to the 
expected defect size distribution and the acceptable POD for a given 
application, as required in reliability-based NDT qualification frame-
works [33,47]. As previously discussed, a voxel resolution of 20 μm is 
generally suitable for detecting defects larger than 100 μm. However, 
for safety-critical applications, such as in the aerospace industry, there 
remains a low but non-negligible risk of missing critical defects due to 
factors including scan image quality, material properties, and geometric 
complexity. Therefore, the optimal resolution threshold must be deter-
mined on a case by case basis under carefully controlled conditions to 
ensure reliable defect detection and compliance with industry safety 
standards.

Building on these resolution-dependent limitations, super-resolution 
techniques have demonstrated strong performance in improving image 
quality, effectively transforming low-resolution scans toward high-
resolution detail [48–50]. However, there are limited studies address-
ing the improvement of industrial defect detection through the use 
of super-resolution techniques. For example, recent work by Klos 
et al. [51] demonstrates that deep learning-based super-resolution XCT 
can improve image quality and enable accurate 3D quantification of 
defects in lattice structures, significantly reducing scan time while 
improving porosity and surface roughness analysis compared to con-
ventional low-resolution data. These approaches have the potential to 
improve defect detection rates from low-resolution XCT data.

4.2. Diameter versus equivalent diameter as POD descriptors

A key observation of this study is the systematic difference between 
POD results obtained using the measured defect diameter and those 
based on equivalent diameter. While both descriptors exhibit simi-
lar trends with respect to resolution, the equivalent diameter consis-
tently yields lower 𝑎90∕95 values and reduced inter-specimen variability, 
indicating improved robustness.
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Fig. 12. Statistical distribution of image similarity (MS-SSIM, PSNR) and segmentation overlap (Dice3𝐷, Jaccard3𝐷) metrics across resolutions for S21 to S30. 
While volumetric overlap remains numerically high (>0.97), the sharp drop in PSNR and MS-SSIM at 35 μm.
This behavior can be attributed to the fact that real porosity defects
— particularly those originating from additive manufacturing or casting
— rarely exhibit ideal spherical or cylindrical shapes [45,46]. Linear 
diameter measurements are therefore sensitive to orientation, segmen-
tation noise, and boundary smoothing effects at lower resolutions. In 
contrast, the equivalent diameter integrates volumetric information and 
provides a more robust and resolution-tolerant representation of defect 
size [52].

These results support the use of equivalent diameter as the preferred 
descriptor for POD analysis in XCT-based porosity studies, particularly 
when irregular or partially merged defects are present. This conclu-
sion is consistent with prior XCT-based defect characterization studies, 
where volumetric descriptors were shown to correlate more reliably 
with mechanical performance and fatigue behavior than single linear 
dimensions [46].

4.3. Comparison with existing literature

Recent metrological studies have further quantified the influence 
of voxel size on resolution-driven biases in additive manufacturing 
(AM) components. Holgado et al. conducted a detailed metrologi-
cal evaluation and classification of porosity in metal AM using XCT, 
confirming that voxel size directly governs both detection limits and 
sizing accuracy. They showed that partial-volume-induced overestima-
tion becomes significant above approximately 25–30 μm voxel sizes, 
12 
which aligns closely with the ∼5–6 voxel empirical rule observed 
in this work [36]. Similarly, Jones et al. validated XCT detection 
limits for stochastic flaws in additively manufactured Ti-6Al-4V and 
reported comparable voxel-size thresholds (typically 4–6 voxels for 
reliable probability of detection, POD). Their findings highlight that 
real stochastic defect populations amplify the impact of resolution 
limits compared with idealized synthetic defects [52].

Advanced segmentation techniques, particularly deep-learning meth-
ods, have emerged as a powerful complement to traditional thresh-
olding approaches for improving POD at lower resolutions. Perghem 
et al. systematically compared Otsu, Triangle, and U-Net segmentation 
methods across varying voxel sizes in L-PBF AlSi10Mg, demonstrating 
that U-Net — especially when combined with machine learning-based 
interaction and 3D convex-hull reconstruction — significantly improves 
POD curves and reduces sizing errors compared with Otsu, which tends 
to underestimate defects at larger voxel sizes [53]. Ledwaba et al. 
showed that a 2.5D U-Net trained on a limited number of calibrated 
slices outperforms global Otsu and manual thresholding on Ti-6Al-
4V datasets, while remaining robust to beam-hardening artifacts and 
varying porosity levels [54].

Era et al. proposed an unsupervised, promptable porosity segmenta-
tion framework based on the Segment Anything Model (SAM), enabling 
scalable, label-free analysis of XCT volumes where annotated data are 
scarce, offering a promising pathway toward automated, resolution-
agnostic defect characterization [55]. Wilbig et al. and Villarraga-
Gómez et al. further demonstrated that deep learning-driven multi-scale 
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XCT/XRM workflows (e.g., DeepRecon and DeepScout) can reduce scan 
times while preserving defect detectability, highlighting that segmen-
tation accuracy — not only voxel size — is a key limiting factor in 
industrial porosity analysis [56,57].

Additionally, recent benchmarking studies comparing porosity anal-
ysis algorithms such as VGDefX, OnlyThreshold, and VGEasyPore have 
shown that VGDefX achieves the highest repeatability, with subvoxel 
errors and low measurement uncertainty for features larger than five 
voxels [36]. In the present work, the VGEasyPore method was used for 
segmentation and defect detection. While it enables reliable detection 
of small pores, the results suggest that POD performance and sizing 
accuracy could be further improved by adopting deep-learning-based 
segmentation techniques.

Duba-Sullivan et al. explored 2.5D super-resolution networks to 
overcome inherent XCT resolution limitations in AM components, 
achieving improved flaw detectability without increasing scan time or 
radiation dose [58]. Collectively, these studies demonstrate that al-
though voxel size remains the dominant physical constraint on
detectability — as also quantified in the present work — modern 
deep learning-based segmentation and reconstruction approaches can 
partially compensate for coarser resolutions, enabling more efficient 
XCT inspection workflows.

In contrast to many prior POD studies that rely on simulated XCT 
data, the present work is based on experimentally acquired high-
resolution XCT data used as ground truth. This approach avoids uncer-
tainties associated with simplified defect geometries and idealized noise 
models, thereby providing POD estimates that are more representative 
of real industrial inspection scenarios. 

4.4. Practical implications for industrial XCT inspection

From an application perspective, the results offer concrete guid-
ance for selecting XCT scan resolution and managing sizing errors to 
optimize the POD in industrial of AM parts that are characterized by 
process induced internal imperfections. For aluminum components with 
critical defect sizes below approximately 150 μm, voxel sizes of 20 μm
or finer are required to achieve a POD of at least 90%, consistent 
with reliability-based inspection requirements in safety-critical applica-
tions [47]. Conversely, when only larger defects are of concern, lower 
resolutions may be sufficient and can significantly reduce scan time, 
data volume, and computational cost. The results further demonstrate 
that once detectability thresholds are established using POD analysis, it 
is unnecessary to routinely perform high-resolution scans for all com-
ponents. Instead, resolution can be tailored to the specific inspection 
task, enabling more efficient and cost-effective XCT-based inspection 
workflows [33].

Furthermore, the POD-based framework developed in this study 
also establishes a direct connection between XCT detectability and 
mechanical performance, particularly in the context of fatigue-critical 
defect assessment. In metallic materials, and especially in additively 
manufactured aluminum alloys, fatigue behavior is strongly governed 
by defect populations, where pores act as local stress concentrators 
and preferential crack initiation sites. This relationship has been ex-
tensively demonstrated in defect-based fatigue approaches, such as 
those proposed by Murakami et al. where fatigue strength is corre-
lated to defect size. In particular, three-dimensional analyses have 
shown that both internal and surface-connected defects can dominate 
fatigue life, with crack initiation strongly influenced by defect size, 
morphology, and location [59,60]. In this context, XCT-derived defect 
populations are increasingly used as direct input for finite element 
(FE) and fatigue simulations, enabling physically informed predic-
tions of crack initiation and propagation. Studies such as those by 
Tammas-Williams et al. [61] and Romano et al. [62] demonstrate 
that incorporating realistic defect geometries obtained from XCT into 
computational models enables accurate prediction of local stress con-
centration, fatigue strength, and crack initiation behavior. These works 
13 
show that explicitly resolving defect morphology and spatial distribu-
tion is essential for capturing failure-critical locations and reproducing 
experimentally observed fatigue performance. More recent work, inves-
tigating the tailoring of porosity and mechanical properties in wire-
based directed energy-deposited molybdenum alloys via hot isostatic 
pressing (HIP), demonstrates that significant reductions in porosity 
achieved through optimized HIP treatments are directly correlated 
with substantial improvements in tensile strength and ductility [63]. 
These findings underscore the critical relationship between porosity 
mitigation and enhanced mechanical performance.

Within this framework, the present POD analysis provides quan-
titative detectability metrics (e.g., 𝑎90∕95) that define the range of 
defects reliably captured at a given voxel size. This can enable a 
consistent alignment between XCT acquisition parameters and simu-
lation requirements, ensuring that the defect populations used in FE 
or fatigue models are representative of the features governing crack 
initiation. Consequently, voxel size can be interpreted as a mechanics-
informed parameter, where resolution is selected not only to achieve 
sufficient image quality, but also to capture the defect size regime 
controlling structural performance. Overall, the integration of POD-
based detectability with defect characterization provides a robust ba-
sis for linking NDE to performance-driven modeling, supporting im-
proved fatigue life prediction and more reliable defect-tolerant design 
strategies.

Fig.  13 highlights the trade-off between voxel size, scan efficiency, 
and defect resolution. As voxel size increases, both scan time and com-
putational cost decrease, but smaller defects become less detectable. 
Moreover, both the mean defect size and the 𝑎90∕95 minimum detectabil-
ity metrics increase with voxel size, indicating reduced sensitivity 
to fine features. This emphasizes that selecting a voxel size requires 
balancing efficiency with the need to detect small defects: smaller 
voxels are favored for high-resolution inspections, while larger voxels 
are more suitable for rapid, coarse assessments. In our experiment, the 
optimal voxel size was determined to be 20 μm, enabling reliable de-
tection of defects approximately 100 μm in size. However, this optimal 
value may vary depending on the specific application and material 
conditions. For example, in the automotive industry, a voxel size of 
35 μm may be sufficient for certain components, whereas in aerospace 
applications, defects smaller than 100 μm can be critical and require 
higher-resolution scans. 

4.5. Limitations and future work

The proposed approach offers notable advantages, particularly
through the implementation of a POD-based framework for evaluating 
sizing errors and determining the minimum detectability thresholds 
for real CT data at specific resolutions; however, it remains subject 
to certain constraints and limitations in its applicability. Although 
the 10 μm CT scans were considered as reference data, even higher-
resolution imaging could reveal additional micro-porosity, as noted in 
prior XCT capability studies [45]. Consequently, features smaller than 
the voxel size may be partially averaged or undetected, potentially 
affecting defect characterization and sizing accuracy. Recent compar-
ative studies have demonstrated that XCT scans at this scale may fail 
to reach a 90% detection rate for the ‘‘true’’ flaw population until the 
defects are approximately 7 to 17 times larger than the voxel size [52]. 
Furthermore, the reliance on laboratory-scale micro-CT can lead to the 
underestimation of complex, non-spherical features — such as thin 
lack-of-fusion ‘‘webbings’’ — which are often only fully resolvable 
through higher-fidelity synchrotron-based imaging or destructive serial 
sectioning [64,65]. Consequently, using such scans as a baseline may 
introduce a systematic bias by neglecting the smallest population of 
defects that significantly contribute to the material’s fatigue life.

In this study, CT scans of aluminum alloy specimens were ac-
quired under standard industrial conditions. Although the reconstruc-
tion process included standard corrections, residual beam hardening 
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Fig. 13.  Resolution trade-offs for defect analysis. Scan time and relative computational cost decrease with increasing voxel size (left 𝑦-axis, bar plot), while 
defect detectability metrics — including mean diameter, mean equivalent diameter, and 𝑎90∕95 values (right 𝑦-axis, line plot) — show that coarser voxel resolutions 
reduce the ability to detect smaller defects. This figure highlights the practical trade-offs between voxel resolution, computational effort, and defect detectability.
or scatter effects may locally alter intensity values, particularly near 
dense regions, thereby impacting measured defect dimensions and 
their detectability. Beam hardening and scatter artifacts can introduce 
systematic distortions in reconstructed CT volumes, leading to potential 
under- or overestimation of defect sizes. Beam hardening occurs when 
lower-energy X-rays are preferentially absorbed as they pass through 
dense regions, resulting in nonlinear attenuation profiles and artificially 
bright or dark areas near dense features [66]. Scatter effects, caused 
by X-rays deflecting from their original paths, can generate diffuse 
intensity patterns, streaks, or shading in the reconstructed volume [67]. 
Together, these artifacts can locally alter voxel intensities, blur de-
fect boundaries, and create apparent variations in defect morphology, 
particularly for small pores or thin features. Consequently, these dis-
tortions may cause segmentation algorithms to misclassify regions, 
underestimate defect volumes, or even fail to detect subtle defects, 
directly influencing the accuracy of sizing and the estimated probability 
of detection.

The analysis was performed on aluminum fatigue specimens with 
naturally occurring porosity, produced from a single material and 
processed under a specific manufacturing route. Consequently, the ob-
served defect detectability may not directly translate to other materials, 
manufacturing methods, or defect morphologies [46]. Materials with 
higher X-ray attenuation, such as steels or titanium alloys, may exhibit 
stronger beam hardening and scatter effects, which could exacerbate 
sizing errors and reduce detectability of small defects. Likewise, defects 
arising from different mechanisms — such as gas pores, shrinkage 
cavities, or cracks in additive-manufactured or cast components — may 
present distinct shapes, densities, or contrast levels, influencing seg-
mentation accuracy and probability of detection estimates. Variations 
in surface finish, internal microstructure, and density heterogeneity 
across materials may further alter CT image quality and the efficacy 
of threshold-based segmentation. Therefore, while the current results 
provide valuable insights for aluminum fatigue porosity, additional 
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validation studies are necessary to confirm the applicability of the 
proposed approach to other materials, defect types, and processing 
conditions.

AI-based segmentation methods, particularly the U-Net convolu-
tional neural network [68], have proven highly effective in medical and 
materials science applications. In materials science, Yosifov et al. [24] 
showed that CNN-based approaches outperform traditional methods 
such as k-means, watershed, and Otsu thresholding by 5%–20% in 
defect detection on simulated XCT data. Employing deep learning-based 
segmentation approaches could provide more accurate defect detection 
and potentially improve the resulting POD estimates.

Building on the present study, several promising avenues exist for 
further research. First, the integration of advanced machine learning 
approaches for defect segmentation could improve detection accu-
racy and enable automated analysis of large datasets. Second, the 
methodology could be extended to other materials, such as titanium 
alloys or composite structures, broadening its applicability in industrial 
quality control. Finally, incorporating super-resolution reconstruction 
techniques may enhance defect visibility in low-resolution CT scans, 
potentially improving the POD for small or subtle defects.

In addition, integrating mechanical testing results with POD-based 
detectability thresholds would enable direct linkage between XCT in-
spection performance and structural integrity requirements, further 
strengthening the relevance of XCT-based POD analysis for industrial 
NDT.

5. Conclusion

This study successfully quantified the impact of sizing error on 
defect detectability in additively manufactured aluminum alloys using 
a POD framework. By utilizing 10 μm high-resolution scans as a ground 
truth, we demonstrated a significant shift in detection thresholds across 
varied voxel sizes. The mean 𝑎  values demonstrate that reducing 
90∕95
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the voxel resolution from 20 μm to 35 μm nearly doubles the minimum 
reliably detectable defect size, highlighting the strong dependence of 
detection performance on spatial resolution. Specifically, the 𝑎90∕95
equivalent diameter limit increased from approximately 100 μm at a 
20 μm resolution to 235 μm at a 35 μm resolution. Lower resolutions 
systematically overestimate defect size due to partial volume effects, 
inflate apparent sphericity (from ≈ 0.80 to ≈ 0.87), and reduce seg-
mentation accuracy, while small defects (smaller than 50 μm) become 
undetectable. The results provide actionable guidance for industrial 
XCT inspection: 20 μm voxels offer an effective compromise for applica-
tions tolerating defects over 100 μm, whereas safety-critical components 
demanding detection of smaller defects require 10 μm or higher res-
olution. By leveraging real multi-resolution experimental data rather 
than simulations, this work delivers representative POD benchmarks, 
enabling tailored scan protocols that balance detection reliability, scan 
time, and computational resources.

These findings confirm that while equivalent diameter serves as 
a more robust descriptor for irregular pores, scan resolution remains 
the dominant factor in capturing critical sub-millimeter defects. From 
an application perspective, the results provide concrete guidance for 
selecting scan parameters that balance imaging fidelity and sizing error 
with processing time in NDE. This work provides NDE practitioners 
with a data-driven basis for optimizing XCT inspection workflows to en-
sure the structural integrity of safety-critical components in industries 
such as aerospace and automotive manufacturing. Building on these 
findings, practical recommendations are provided to guide NDT and 
NDE practitioners in optimizing inspection workflows:

1. For high-criticality applications (e.g., aerospace), voxel sizes 
of ≤ 20 μm are recommended to reliably detect defects of 
approximately 100 μm equivalent diameter (𝑎90∕95).

2. For moderate-criticality applications (e.g., automotive), voxel 
sizes of 20–35 μm provide a balance between detectability
(∼100–235 μm) and inspection efficiency.

3. For low-criticality or high-throughput screening, voxel sizes ≥
35 μm are acceptable, with detectability limited to defects larger 
than 200 μm.

To balance resolution, scan time, and computational cost, a prac-
tical trade-off strategy can be adopted. As shown in Fig.  13, higher-
resolution scans (smaller voxel sizes) increase both scan time and 
computational cost, while improving the detectability of smaller de-
fects. Conversely, lower voxel sizes reduce scan time and computational 
demand but compromise the detection of fine defects. An intermediate 
voxel size (e.g., 20 μm) provides an optimal balance, maintaining reli-
able detection of critical defects while significantly reducing scanning 
and processing effort. Equivalent diameter is identified as a robust de-
scriptor for POD analysis, exhibiting reduced sensitivity to voxelization 
effects. Overall, the proposed POD-based framework enables quantita-
tive and application-specific selection of XCT parameters aligned with 
defect criticality and inspection efficiency requirements. 

Building on the established POD framework, future research will fo-
cus to automate the dual-resolution registration pipeline using machine 
learning-based segmentation to reduce manual processing time. An-
other significant avenue of investigation involves applying this method-
ology to different samples and materials, such as carbon fibers and 
other type of metals, where beam hardening and scatter artifacts 
may introduce different sizing error characteristics. Finally, integrating 
these POD curves into a real-time adaptive XCT control system could 
allow for dynamic resolution adjustment based on the local criticality 
of the component’s geometry.
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Average defect properties from 10 μm scans for Specimens S21–S30.
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 S26 0.79181 73.56 118.41 403.23 
 S27–28 0.79385 81.14 129.79 485.18 
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Appendix

The tables in Appendix summarize key defect properties extracted 
from XCT scans of specimens S21–S30 at voxel sizes of 10 μm, 20 μm, 
and 35 μm. Tables  A.1–A.3 summarize the average defect properties 
for each specimen pair at voxel sizes of 10 μm, 20 μm, and 35 μm, 
respectively. At 10 μm resolution, defects exhibit relatively small equiv-
alent diameters and voxel counts, with mean sphericity values close 
to 0.8, indicating moderately irregular defect shapes. As the voxel 
size increases to 20 μm and 35 μm, both equivalent diameter and 
measured diameter increase systematically for all specimens. This trend 
is primarily attributed to partial volume effects and the merging of fine 
defect features at lower resolutions.

At the finest resolution (10 μm, Table  A.1), defects generally have 
small equivalent diameters and voxel counts, with mean sphericity 
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Table A.3
Average defect properties from 35 μm scans for Specimens S21–S30.
 Specimens Sphericity Equiv. diam. [μm] Diameter [μm] Voxels 
 S21–22 0.85616 136.53 191.49 45.49  
 S23–24 0.86702 146.44 203.86 50.50  
 S25 0.89434 158.18 214.64 63.50  
 S26 0.87479 152.27 212.11 56.37  
 S27–28 0.87803 150.05 205.61 54.27  
 S29–30 0.86752 142.65 196.79 47.92  
Table A.4
Defect properties summary (S25, S26, S27–28, S29–S30 combined).
 Dataset EqDiam (μm)

Mean ± Std [Min–Max]
Diam (μm)
Mean ± Std [Min–Max]

 

 S21–22
 S21–22 10 μm 74.50 ± 36.62 (31.22–241.13) 120.23 ± 67.97 (40.45–622.23)  
 S21–22 20 μm 120.46 ± 42.90 (38.97–290.42) 173.78 ± 70.61 (59.13–651.91)  
 S21–22 35 μm 136.53 ± 32.80 (66.20–254.56) 191.49 ± 49.72 (99.87–508.84)  
 S23–24
 S23–24 10 μm 77.52 ± 35.60 (31.94–234.14) 125.14 ± 67.27 (41.22–552.31)  
 S23–24 20 μm 130.78 ± 39.78 (51.44–301.28) 188.80 ± 67.59 (69.27–614.22)  
 S23–24 35 μm 133.61 ± 27.88 (73.30–229.34) 187.56 ± 41.53 (113.09–441.07)  
 S25–26
 S25–26 10 μm 80.58 ± 36.17 (26.44–232.36) 128.19 ± 67.77 (35.65–573.06)  
 S25–26 20 μm 122.10 ± 32.92 (57.82–249.59) 173.83 ± 56.91 (76.64–557.85)  
 S25–26 35 μm 155.23 ± 29.28 (102.46–268.00) 213.38 ± 38.85 (135.29–487.81)  
 S26 70 μm 269.26 ± 29.88 (227.71–335.25) 415.48 ± 102.99 (286.46–755.91) 
 S27–28
 S27–28 10 μm 81.14 ± 35.83 (31.79–251.22) 129.79 ± 67.17 (40.54–559.98)  
 S27–28 20 μm 121.63 ± 29.60 (64.71–262.03) 173.46 ± 53.35 (79.47–546.13)  
 S27–28 35 μm 150.05 ± 24.84 (111.36–251.90) 205.61 ± 44.25 (142.27–488.88)  
 S29–S30
 S29–S30 10 μm 74.70 ± 35.92 (21.42–234.92) 118.69 ± 63.71 (39.76–577.49)  
 S29–S30 20 μm 125.93 ± 38.84 (61.51–286.99) 179.19 ± 61.83 (80.65–549.04)  
 S29–S30 35 μm 142.65 ± 23.53 (111.38–236.74) 196.79 ± 38.03 (139.17–417.40)  

 Dataset Sphericity
Mean ± Std [Min–Max]

Voxels
Mean ± Std [Min–Max]

 

 S21–22
 S21–22 10 μm 0.7953 ± 0.0935 (0.4500–0.9600) 419.68 ± 636.47 (27–7474)  
 S21–22 20 μm 0.8602 ± 0.0580 (0.4900–0.9600) 168.73 ± 166.43 (27–1615)  
 S21–22 35 μm 0.8562 ± 0.0436 (0.6600–0.9400) 45.49 ± 30.05 (27–215)  
 S23–24
 S23–24 10 μm 0.7977 ± 0.0965 (0.4500–0.9600) 441.04 ± 610.59 (27–6826)  
 S23–24 20 μm 0.8629 ± 0.0573 (0.5500–0.9600) 198.13 ± 172.80 (27–1779)  
 S23–24 35 μm 0.8551 ± 0.0399 (0.6800–0.9400) 41.60 ± 22.91 (27–163)  
 S25–26
 S25–26 10 μm 0.7939 ± 0.0957 (0.4450–0.9550) 493.79 ± 653.17 (27–6716)  
 S25–26 20 μm 0.8798 ± 0.0573 (0.5900–0.9700) 156.25 ± 123.70 (27–1024)  
 S25–26 35 μm 0.8846 ± 0.0406 (0.6150–0.9600) 59.94 ± 33.23 (27–256)  
 S26 70 μm 0.8370 ± 0.0855 (0.5700–0.9300) 39.58 ± 11.29 (27–68)  
 S27–28
 S27–28 10 μm 0.7938 ± 0.0958 (0.4500–0.9600) 485.18 ± 640.36 (27–8421)  
 S27–28 20 μm 0.8786 ± 0.0511 (0.6200–0.9600) 150.87 ± 113.96 (27–1204)  
 S27–28 35 μm 0.8780 ± 0.0361 (0.6700–0.9500) 54.27 ± 27.04 (27–211)  
 S29–S30
 S29–S30 10 μm 0.7956 ± 0.0945 (0.2700–0.9600) 412.30 ± 588.56 (27–6905)  
 S29–S30 20 μm 0.8609 ± 0.0600 (0.4400–0.9600) 179.68 ± 158.29 (27–1566)  
 S29–S30 35 μm 0.8675 ± 0.0407 (0.6200–0.9300) 47.92 ± 22.93 (27–178)  
values around 0.79–0.80, indicating moderately irregular shapes. When 
the voxel size increases to 20 μm (Table  A.2), both equivalent and 
linear diameters increase systematically, sphericity slightly improves, 
and voxel counts decrease due to coarser spatial sampling.
16 
Table  A.4 provides a detailed overview of equivalent diameter, 
linear diameter, sphericity, and voxel counts for all combined datasets 
while Tables  A.1–A.3 present the average values per specimen pair for 
each resolution.
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Data availability

Data will be made available on request.
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