
Journal of Nondestructive Evaluation           (2025) 44:99 
https://doi.org/10.1007/s10921-025-01240-7

Enhancing Computed Tomography-Based Pore Mesh Models Through
Matching with Microscope Cross-Section Images

Sebastian Mansky1 ·Malte Becker1 · Dirk Herzog1,2 · Ingomar Kelbassa1,2

Received: 14 May 2025 / Accepted: 7 July 2025
© The Author(s) 2025

Abstract
X-RayComputedTomography (CT) is awidely adopted tool in the non-destructive quality assurance of additivemanufacturing
(AM). Porosity in AM can be assessed via CT without compromising the integrity of the part and without reliance on witness
specimen. Reliable pore criticality analysis, essential for AM fatigue assessments, hinges on precise determination of pore
dimensions. This work investigates CT data by comparing the pore sizes and shapes from two different data sources (CT and
metallography), originating from the same samples. The comparison indicates a pore size underestimation in the CT data by
an average of 20%. A subsequent rescaling and smoothing workflow on the CT pore data compensates this underestimation.
This workflow reduces the mean pore size deviations between both data sources by up to 50% compared to the original
data, allowing a more accurate pore assessment. Additionally the smoothing process reduces errors introduced by the CT
reconstruction, lowering the average and scatter in mean curvature between pores. The rescaled and smoothed pores serve as
an improved starting point for investigations regarding the effect of porosity on fatigue in AM.
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1 Introduction

Porosity in additive manufacturing (AM) is impacting the
mechanical performance and reliability of manufactured
components [1]. Despite significant advancements in pro-
cess optimization aimed atminimizing porosity, the complete
elimination of voids in AM parts remains improbable in
the foreseeable future [2]. Consequently, accurate detection
and characterization of porosity are essential for AM qual-
ity assurance. The presence of pores can significantly reduce
the fatigue life of AM parts. Predictive models evaluating
the impact of porosity on fatigue typically rely on specific
pore parameters, such as size and shape, to estimate reduc-
tions in material performance [3, 4]. Other models directly
use the three-dimensional pore data generated by CT as an
input for finite element based fatigue simulations either via
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external mesh generation [5–7] or image based meshing [8,
9]. Therefore, precise measurement of these pore character-
istics is imperative. Non-destructive testing (NDT) methods,
particularly X-ray computed tomography (CT), and destruc-
tive testing onwitness specimens are commonly employed to
assess pore dimensions or to generate a pore size distribution
model. CT imaging offers a three-dimensional reconstruc-
tion of AM parts, enabling the detection of porosity based
on density contrasts between voids and the surrounding
material. Laboratory-based CT systems typically achieve
voxel sizes around 10 µm, while high-energy beams like
synchrotron radiation can attain sub-micron resolutions.
However, industry-standard CT scans use larger voxel sizes
to reduce costs and because the inspected parts are larger.
This may result in inadequate modelling of pores close to the
resolution limit and in the inability to detect pores below a
certain size. Porosity below three times the voxel size is chal-
lenging to distinguish from image noise, potentially leading
to under-representation of critical voids [10].

Error estimation in CT metrology is an ongoing research
topic. A review of Villarraga-Gómez et al. [11] describes
different empirical approaches to uncertainty analysis in CT
measurements, concluding that the measurement accuracy is
dependent on a multitude of CT and part specific parameters.

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s10921-025-01240-7&domain=pdf


   99 Page 2 of 11 Journal of Nondestructive Evaluation            (2025) 44:99 

A comparison with coordinate measure machines as ground
truth to reduce measurement uncertainty is not always useful
or possible. Holgado et al. [12] compare CT data with optical
reference measurements and evaluate the CT measurement
uncertainty. Carmignato et al. [13] test the dimensional accu-
racy of 15 CT systems with spheres of different diameters
(140 to 400 µm). They report an increase in size error as the
sphere diameter decreases, as well as an increase in size error
as the scan resolution increases, which was also detected
in this article. The CT scan parameters also influence the
measurement accuracy [14], which are not considered in this
work. Other authors also detect deviations between CT data
compared to microscopic image measurement. Schild et al.
[15] detect under- and overestimations of pore sizes, with
outliers and large discrepancies for two different CT scan
parameter sets. As discussed in [15], multiple error sources
in the CT scan and the metallographic preparation could
influence the results. Lifton and Liu [16] develop and use an
adaptive thresholding algorithm instead of the common Otsu
algorithm [17]. They compare porositymeasurements viaCT
and Archimedes principle and reported decreased porosity
deviations between both measurement principles with their
algorithm.

This study aims to evaluate the differences between CT-
based and metallographic imaging techniques in porosity

characterization. By comparing pore data obtained from both
CT scans and metallographic optical microscopy of the same
AM specimens, the accuracy and reliability of CT scans is
evaluated. The specimens produced by Laser Powder Bed
Fusion (PBF-LB) were processed with varying parameter
sets to induce specific types of porosity. Aftermanufacturing,
the samples underwent CT scanning followed by metallo-
graphic preparation and microscopic imaging. A matching
process between the two datasets allows for a comparison of
pore size and shape. The study aims to imitate elements of
an industrial AM production process. The manufacturing of
metallographic witness specimen, as well as the CT imaging
for high value parts is common in the industry as continuous
quality assurance.

2 Methodology

This study compares pores derived from two distinct data
sources: metallographic optical images (MS) and recon-
structed pores from CT scans. To ensure consistency, the
same object was analysed, guaranteeing that the pores are
identical while the data sources vary. A flowchart depicting
the data acquisition process is shown in Fig. 1.

Fig. 1 Pore data processing
workflow for metallography and
CT, estimation of correction
factor after pore matching
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Table 1 Relevant process parameters used for the production of the analysed samples

Parameter Set Laser Power [W] Scan Speed [mm/s] Hatch Distance [mm] Layer Thickness [mm] Energy Density [J/mm3]

Standard (Std) 175 1500 0.10 0.02 58.33

Gas Porosity (GP) 175 1500 0.08 0.02 72.92

Lack-of-Fusion (LoF) 150 1500 0.09 0.04 27.78

The energy density was altered compared to the optimal state to induce specific types of pores in the material

2.1 Data Acquisition

Three samples of additive manufactured AlSi10Mg were
produced on a Trumpf TruPrint1000 (TRUMPF, Ditzingen,
Germany). The samples are of cuboid shape with a conic end
to ease separation from the build platform, with a length and
width of 10mm and a height in build direction of 15mm.
The two most common types of internal defects in AM, gas
porosity and Lack-of-Fusion defects, were induced into the
material by altering the energy density during production.
Two parameter sets were changed to induce specific types
of porosity into the material, while the third sample was
produced with standard parameters to compare the induced
porosities to common production porosities. The adjusted
parameters of the parameter sets are shown in Table 1.
The altered parameters increase the occurrence of specific
defects, but are not excluding the occurrence of other defects,
e.g. the parameter set ’LoF’ producesmostly Lack-of-Fusion
defects, but gas porosity can still occur within the material
and can subsequently be detected via CT scanning. Other
types of internal defects can be forced within an AM pro-
cess, but the two selected defect types are the most common
[1]. The hatching pattern angle was not changed after each
layer, which produces pores in distinct columns parallel to
the building direction (see Fig. 2). These columns help in
matching the porosity detected by both data sources. After
manufacturing, all three specimen were CT scanned on a
V|Tome|x M (Waygate Technologies, Hürth, Germany). The
samples were scanned at a resolution of 10µm. The resulting
2D image stacks (between 1933 and 1994 images) were bina-
rized via Otsu’s thresholding method [17] and reconstructed
into 3D models using the Marching-Cubes algorithm [18,
19].

After the non-destructive data acquisition the samples
were embedded in resin in a CitoPress (Struers, Copen-
hagen,Denmark), then ground andpolished on aTegramin 30
(Struers, Copenhagen, Denmark) to achieve surfaces suit-
able for imaging. The abrasive metallographic preparation
process is detailed in Table 2.

High-resolution images were captured using a VHX 5000
(Keyence, Osaka, Japan) optical microscope. Figure 2 shows
the images of the cut sections of the samples with differ-
ent processing parameters. The different level of porosity
can be clearly seen, also notable are the different pore sizes
comparing the “GP" parameters and the “LoF" parameters
(see Fig. 2b and c). The microscopic image was thresholded
using Otsu’s method [17] to differentiate the pores from the
surrounding material. Subsequently, the pores were labeled
using the Python library scikit-image [19], allowing for indi-
vidual pore identification. Some shape distortion might arise
during sectioning and polishing. The measured pore size
from metallography might not perfectly represent the origi-
nal pore.

2.2 Image Correlation

The metallographic image was imported into the 3D CT
data to identify the corresponding slicing plane within the
3D reconstruction. The 3D model was sectioned along this
slicing plane, and the resulting cut surface was exported for
further analysis. A Nearest Neighbor search [20] was per-
formed to match pores between the metallographic images
and the CT cut surfaces, with a threshold set for maximum
distance to prevent false matches. The threshold was set to
eight pixels, corresponding to a circle with a radius of 38 µm
centered on each CT pore’s centroid. This threshold allows

Table 2 Metallographic
preparation process for the
AlSi10Mg samples

Grinding Foil Lubrication Revolutions [1/min] Force [N] Time [min]
Suspension Foil Specimen

SiC Foil #320 Water 320 150 20 10

SiC Foil #2000 Water 300 150 20 2

MD-Largo DiaDuo 9µm 120 80 20 8

MD-Mol DiaDuo 3µm 80 100 20 4

MD-Nap DiaDuo 1µm 120 80 20 3.5
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Fig. 2 Microscopic images of
the samples produced with
parameter sets “Std" (a), “GP"
(b) and “LoF" (c) after
metallographic preparation

a matching of most of the pores detected via CT (see Table
3), while excluding spurious defects introduced by metallo-
graphic sample preparation. A match between CT and MS
pores was declared if the centroid of a CT pore coincided
with an MS pore either at the same location or within the
specified eight-pixel radius. Figure 3 shows the results of the
matching process between both surface datasets. Figure 3b
shows a section of the surface, indicating the good match
between pores for pores larger than 30 µm. The centroids of
both datasets don’t match perfectly, due to a constant offset.
This offset does not influence the results of the area com-
parison, since it is below 8 pixels. The contour matches were
further processed to calculate and compare their respective
cut surface area.

2.3 Image Data Comparison

Differences between the two data sources for the matched
pores were analysed, focusing on discrepancies in the cal-
culated cut section area. Systematic deviations in pore area
measurements betweenCT-derived pores andmetallographic
data were identified as shown in Fig. 4.

For all parameter sets, on average the pore area detected by
CT is lower than for the same pores detected by metallogra-
phy. To estimate the global difference, a linear regressionwas
conducted using pores with less than a 20% area deviation
between the two data sources. The area deviation constraint
ensures that the regression is not influenced by outliers. Only
a subsection of pores is used for the calculation of the cor-

Fig. 3 Surface matching results
for parameter set “GP". Black
represents metallographic data,
while red represents CT data.
Pores smaller than the CT
resolution limit (10 µm) were
only detectable through
metallographic imaging. b)
shows an enlarged section of the
matched data, similarities
between both data sources are
visible
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Fig. 4 Plot of the area difference between the metallographic and com-
puted tomography data source for all parameter sets. The dashed line
indicates same areas measured by the CT and MS at the cut section.
The enlarged section shows smaller pores (cut section up to 6000 µm2)

present in the parameter set “Std" and “GP", the coloured areas depict
all matched pores in the parameter sets, while the scatterpoints depict
the dataset of each parameter set used for the linear regression

rection factors, mainly due to the large scatter in cut section
areas measured from both data sources. The coloured areas
in Fig. 4 show the complete pore dataset for all three parame-
ter sets, while the pores used for the regression are displayed
as coloured markers. The linear regression shows an under-
estimation of the pore area by the CT data source for all
parameter sets.

To quantify the deviation, a global areal correction factor
kA, based on the linear regression was used for each param-
eter set. The area-based correction factor was then converted
into a volume-based factor kV , based on the assumption
that the pores are spherical or approximately spherical. For
pores from the parameter sets “Std" and “GP", the roundness

R = P2/(4π A) with the pore perimeter P and the pore area
A is equal or less than 1.2 for more than 93% of the pores.
This is only true for 44% of the pores from the parame-
ter set “LoF". The assumption of circularity and subsequent
sphericity seems only valid for the parameter sets “Opt" and
“GP".

Further processing is also done on the parameter set
“LoF", to see the effect of the rescaling and smoothing work-
flow on pore shapes that deviate from spheres. This might
influence the accuracy of the global correction factor. The
values for the areal and volumetric correction factors, as well
as the percentage of datapoints used for the linear regression
are shown in Table 3.

Table 3 Data set sizes for all
three parameter sets

Parameter Set NMStotal NCTtotal NMatch NAdev≤20% NAdev≤20%/NMatch kA kV

Std 682 214 210 52 25% 0.85 0.78

GP 769 373 294 88 30% 0.89 0.84

LoF 2494 766 670 289 43% 0.87 0.81

The calculation of the areal and volumetric correction factors was done on matched pores, which fulfil the
condition of an area difference lower than 20 %
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Fig. 5 Differences in volume change based on the original pore vol-
ume with a fixed rescaling factor. Due to the subdivision, the volume
change does not reach the target. This effect is more pronounced for
smaller pores with lower volumes (V ≤ 100 µm3). The scatter in vol-

ume changes for similar original volumes in the “LoF" parameter set
could be explained by different sphericities of the pores and a more
complex shape compared to gas pores, which influences the subdivi-
sion algorithm and the subsequent volume change

2.4 CT Data Manipulation

To reduce the systematic deviation in pore areas between both
data sources, the CT data is modified. This is done by isolat-
ing each pore mesh, and then uniformly rescaling the meshes
around their respective barycenters. This rescaling increases
the pore volume to the target volume VTarget = VCT/kV . The
CT pore volume is now equal to the hypothetical metallo-
graphic pore volume, which is calculated based on the pore
area at the cut section with the assumption of sphericity. The
pore shape however is still different due to the Marching-
Cubes reconstruction of the CT data, which creates stepwise
features in the pores. To reduce this stepping effect, a subdi-
vision algorithm [21] and a smoothing algorithm [22] is used.
The subdivision algorithm changes the pore shape and in turn
the pore volume. A second rescaling of the mesh is therefore
necessary. The rescaling factor for the second rescaling is
unknown, it changes based on the pore volume. Small pores
close to the resolution limit consist of fewermeshvertices and
faces, resulting in a high curvature change. The subdivision

algorithm reduces the curvature changes by repositioning and
adding mesh vertices. The vertex repositioning is more pro-
nounced for pores with fewer vertices, therefore the effect on
the volume change is stronger at smaller pores. An iterative
algorithm is used to optimize the second rescaling factor so
that the volume stays equal to the target volume. The neces-
sity of the adaptive second rescaling factor is shown in Fig. 5.
Without this second factor, the target volume change is not
achieved. The effect of the subdivision algorithm on smaller
pores (V ≤ 100 µm3) is clearly visible. The “LoF" param-
eter set also shows an increased scatter in the deviation to
the target volume compared to the other two parameter sets.
The scatter could be caused by the more complex shape of
Lack-of-Fusion defects, which are often non-spherical and
elongated. Images of two different pores from the datasets
“GP" and “LoF" are shown in Fig. 8.

After the subdivision step, the smoothing algorithm [22] is
applied. Since the smoothing algorithm used is volume con-
serving, the volume stays constant. The smoothing algorithm
reduces the curvature, creating a more organic pore shape,
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Table 4 Subdivision and smoothing parameters

Subdivision Smoothing

Iterations λ kPB N

3 0.6307 0.1 30

reducing the artefacts from the Marching-Cubes reconstruc-
tion. The parameters used for subdivision and smoothing are
shown in Table 4. The subdivision and smoothing workflow
is based on the article from Taubin [22], and the parameters
used are explained thoroughly there.

3 Results

3.1 Volume Increase

A total number of 1174 pores were matched between both
data sources in the three parameter sets. All parameter sets
show a mean reduction in the area difference between both
data sources, as shown in Fig. 6. Theworkflowand regression

was applied for all matched pores, which is why the original
average area deviation is larger in Fig. 6 than in Fig. 4, where
only a subset of the pores is used for the regression. The size
of the datasets is shown in Table 3. For the “LoF" parameter
set, the area increase for pores with a cut section smaller than
5000 µm2 is larger than intended. The CT cut section area
ACT is larger than the metallographic cut section area AMS.
This is also true for the other two parameter sets, but only
for a smaller cut section area of 2000 µm2 for parameter set
“GP" and 500 µm2 for parameter set “Opt".

This might be caused by increasing uncertainty for pores
with a small size, i. e. a low voxel count. As discussed in
the introduction, CT uncertainty increases for objects close
to the resolution limit [11, 13]. For pores with a cut section
larger than 5000 µm2, the rescaling workflow successfully
increased the cut section area to the intended size, closer
to the measured area in the metallography. For all parame-
ter sets, the absolute difference between both data sources
increases with an increasing cut section area. This indicates,
that the area deviation could be further reduced by using a
correction factor that changes with the detected cut section

Fig. 6 The difference between linear regressions of cut section areas
frommicrosectioning (MS) and rescaled, smoothed CT data. The work-
flow reduced the difference between pore areas at the cut section for

all three parameter sets compared to the original CT data. The enlarged
section shows a detailed view for the data sets “Std" and “GP", which
have smaller cut section areas than data set “LoF"
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area, and considering the parameter set “LoF" also includes
the sphericity measure as a factor.

While the sphericity could be included in further datasets,
a correction factor based on the size of the cut section
area needs to be extracted from metallographic preparation,
which is unfeasible for industrial applications, because of the
destructive measure. A correlation between the cut section
area and the pore volume might be useful to bypass this step.

3.2 Curvature

The effect of mesh smoothing on the pore is investigated
by considering the curvature. To compare the result of the
pore smoothing workflow to the initial mesh one needs
to account for the mesh vertices increase by the subdivi-
sion algorithm. This is done by sorting each mesh point by
curvature and a subsequent normalization of the x-axis to
compare multiple pore meshes. Figure 7 shows that for all

three parameter sets, the mean curvature of the smoothed
meshes are lower than the mean curvature of the original
meshes. To illustrate this change, Fig. 8 shows selected pores
from the parameter sets “GP" and “LoF". The smoothing
removes most of the stepwise features from the Marching-
Cubes reconstruction, while keeping the overall shape of
the pore. The red line indicates the cut-section line used
for the area comparison with the metallographic image.
Pores Figs. 8a and c are unsmoothed pores from the CT
data, Figs. 8b and d are the pores after the rescaling and
smoothing workflow. Pore Fig. 8a is extracted from the
parameter set “GP" and represents a smaller pore, with a
volume of Va = 4.75 × 10−5 mm3 which increased 29% to
Vb = 6.07×10−5 mm3 due to rescaling and smoothing. The
cut section area increased by 19%. Pore Fig. 8c represents a
larger pore, extracted from the parameter set “LoF", with a
pore volume Vc = 6.51 × 10−4 mm3, increased by 24% to
Vd = 8.08× 10−4 mm3. The cut section area also increased
by 19%.

Fig. 7 Mean curvature improvement due to mesh smoothing. Thick
lines show the interpolated mean values for all pores of the parameter
set, while the filled area shows a range of 80% of the pore curvatures.

The smoothing workflow reduces the mean curvature. The scatter of the
mean curvature is also reduced, especially for the parameter set “LoF"
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Fig. 8 Effect of the smoothing
workflow on exemplary small
and large pores

4 Conclusion

This study investigated the influence of data sources and data
processing on the resulting pore sizes based on a dataset
of 1174 pores, grouped in 3 parameter sets. A systematic
reduction of cut surface areas of pores reconstructed by CT
compared to pores analysed by optical imaging was discov-
ered in all parameter sets. This underestimation of pore areas
influences pore criticality estimations and leads to an under-
estimation of critical pores. To achieve an improved pore
reconstruction, a pore rescaling, subdivision and smooth-
ing workflow was developed. This workflow increased the
pore areas at the cut surface and reduced the differences in
pore area sizes from both data sources by up to 50%. For
all parameter sets, the workflow produces results closer to
the metallographic data compared to the original data. The
mesh smoothing successfully reduced the mean curvature,
as well as the scatter in mean curvatures along the mesh
vertices. This improves the results of subsequent finite ele-
ment simulations for pore criticality calculations, due to less
pronounced mesh discretization effects and allows a more
accurate pore criticality estimation.

The subdivision algorithm increases the number of mesh
vertices,which increases data size. For further processing, the
number of mesh vertices might need to be reduced, to allow
for feasible computation times. A balance between process-
ability and mesh accuracy needs to be found. This could be

achieved with a mesh vertex reduction scheme, which would
change the pore shape again.

The rescaling factors are based on a global linear regres-
sion, which does not consider outliers. A deeper investigation
into the sources of these outliers could help in developing bet-
ter rescaling factors. The rescaling factors were developed on
datasets which show an increased amount of specific defects
(Lack-of-Fusion defects or Gas Pores). However, there is
no defect exclusivity in the pore datasets, gas porosity also
exists in the “LoF" dataset, which could influence the result
of the regression and in turn the rescaling factor. This could
be alleviated by an a-priori classification of the defects, as
was done in [12]. A pore size specific correction might cap-
ture the increasing uncertainty for defect sizes closer to the
resolution limit.

The mechanical preparation of the metallographic images
might also introduce preparation-induced errors that alter the
shape and size of the defects. The impact of this error source
was not considered.

Further research needs to be done to accurately assess the
influence of theCT scan parameters on the dimensional accu-
racy. The results of this article are rooted in the scanning
parameters that were used. Applicability to other parame-
ter sets need further validation. This research also needs to
include the unique issues of AM, e.g. loose powder in Lack-
of-Fusion defects influences the pore density, potentially
different behaviour of various powder materials. Further
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exploration of parameter-dependent correction factors and
non-spherical pores will help refine pore assessments, par-
ticularly for complex defect morphologies. Further work on
porosity generated by CT data needs to acknowledge the var-
ious error sources and use the aforementioned workflow or
other mentioned options to reduce the dimensional error and
decrease the uncertainty. Since the pore size is crucial for
fatigue assessments and AM quality assurance, the reduc-
tion of dimensional errors in CT scans should be a research
target. For the specific purpose of pore criticality estimation,
the largest pores are of importance and should therefore also
be the focus for studies on the dimensional accuracy.
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