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Abstract Micro-computed tomography (micro-
CT) is widely applied to characterize concrete pore
systems; however, analyses are typically limited to
global porosity and pore size metrics, providing lit-
tle insight into the spatial heterogeneity of pores.
In particular, three-dimensional, scale-dependent
quantification of pore heterogeneity remains largely
unexplored. In this study, micro-CT was used to
analyze the three-dimensional pore structure of con-
crete cubes produced with and without the addition
of superplasticizer. Beyond conventional porosity
descriptors, pore-system heterogeneity was quanti-
fied using three-dimensional lacunarity analysis. Pore
evolution during curing was investigated, and intact
specimens were compared with fractured samples.
The results demonstrate that the addition of super-
plasticizer significantly reduces porosity and aver-
age pore size while promoting a more homogeneous
pore distribution. Lacunarity reveals a pronounced
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increase in pore-system heterogeneity during early
curing, followed by stabilization, reflecting hydration-
driven pore refinement and the increasing dominance
of larger detectable pores. Furthermore, fractured
regions are shown to be associated with higher con-
tributions from large, spatially heterogeneous pores.
The main contribution of this work is the introduction
of lacunarity as a robust, scale-sensitive descriptor for
concrete pore systems, providing information beyond
conventional porosity measures and enabling a more
comprehensive understanding of pore structure evolu-
tion and fracture-related heterogeneity.

Keywords Microcomputed tomography - Porosity -
Spatial distribution of pores - Lacunarity - Concrete -
Superplasticizer

1 Introduction

Porosity is a crucial feature in structural materi-
als that affects their quality and performance. The
mechanical and insulating properties, as well as the
gas or liquid permeability of materials, are all influ-
enced by porosity [1-4]. Generally, an increase in
porosity results in a decrease in strength [2]. The sig-
nificance of air-filled pores, however, varies depend-
ing on the material. In bricks, for example, pores play
a vital role in thermal insulation, but an increase in
porosity can diminish the quality and durability of
bricks [5-7]. On the other hand, even the tiniest pore


http://orcid.org/0000-0002-4602-808X
http://crossmark.crossref.org/dialog/?doi=10.1617/s11527-026-03016-5&domain=pdf

117 Page 2 of 15

Materials and Structures (2026) 59:117

can have adverse effects on the structural integrity of
metal parts [8]. In the case of concrete, minimizing
the pore content aims to produce harder and more
durable concrete [9]. Conversely, foamed concrete
has intentionally higher porosity to reduce weight and
improve thermal properties, at the expense of strength
[10].

Various techniques have been developed to meas-
ure the porosity of a wide range of materials, such as
mercury intrusion porosimetry [11] or helium pyc-
nometry [12]. These conventional techniques enable
the determination of porosity on a wide scale, rang-
ing from nanopores to macropores, but they only
account for the open porosity of materials. Imaging
techniques, such as scanning electron microscopy
[13] or confocal laser scanning microscopy [14],
are capable of determining closed pores, but at the
expense of sample destruction. These imaging tech-
niques also require extensive sample preparation, a
considerable amount of time, and significant effort.
High-resolution computed tomography (micro-CT)
is a powerful non-destructive imaging tool capable
of investigating the total porosity in three dimen-
sions without causing harm to the sample. With
virtually no sample preparation required, it is able
to investigate relatively large volumes. Despite
its inferior spatial resolution, technical advance-
ments have enabled micro-CT to achieve submi-
cron resolution [15]. As a dynamically spreading
three-dimensional X-ray imaging tool in materials
science [16, 17], micro-CT provides detailed quan-
titative data about numerous aspects of the poros-
ity of materials and gives a real 3D visualization of
the pore structure. The high Z contrast between the
components of the sample is one of the most impor-
tant criteria for obtaining high-quality imaging.
Micro-CT is especially suitable for investigating
porous materials [18, 19], as the air and the sam-
ple matrix have highly different X-ray absorption
properties. It enables the investigation of individual
pores and provides insight into not just the porosity,
but also the pore size distribution, size, and shape
of individual pores and their spatial distribution. Its
non-destructive nature allows for investigating the
samples in situ, following the changes caused by
external forces, such as mechanical forces like uni-
axial compression or tension, and determining the
changes in the pore structure. However, the image
processing and segmentation of micro-CT imaging

can introduce a serious human error factor into the
process [20-22]. Several segmentation algorithms
and thresholding techniques have been developed
to identify the different phases inside the samples
[23-26], with the Otsu algorithm being the most
commonly used [27]. Another recently popular
approach is the use of artificial intelligence in the
segmentation process [28, 29].

The scientific literature on porosity analysis tends
to focus on a single number showing the proportion
of solid and void in a material, while neglecting other
important factors such as the size, shape, and spatial
distribution of pores [2, 30]. Inhomogeneous pore
distribution can lead to structural problems, with
pore-rich parts being the starting point of breaks,
cracks, and mechanical deformations. Imaging tech-
niques have the advantage of being able to investigate
the spatial distribution of pores, which can be quan-
titatively described by lacunarity (A). Lacunarity
is a measure of the spatial heterogeneity of samples
[31] and is capable of describing the deviation from
translational homogeneity [32] in one, two, or three
dimensions. It is one of the most valuable descrip-
tors of spatial heterogeneity of pores in materials and
can have a direct effect on physical properties [33,
34]. Still, it is a lesser-known feature in the micro-CT
community, since calculating lacunarity for real-life
large 3D micro-CT datasets using the most wide-
spread gliding-box method (GBM) is very time-con-
suming [35, 36]. Using a simplified approach called
the fixed-grid method (FGM) [37] for the calculations
can result in fast and accurate lacunarity curves, mak-
ing lacunarity calculations available and feasible for a
much wider audience.

To calculate lacunarity, the M X M X M-sized vol-
ume of interest (VOI) is divided into & X & X e-sized
boxes, and their masses (P) are calculated (for
binary images, the mass means the number of white
voxels). Q(P, &) probability distribution is calcu-
lated by dividing the number of e-sized boxes con-
taining P white voxels (n(P, €)) by the number of
possible box positions (N(M, €)) (Eq. 1).

P
op.e) = 128 0

- NM,¢)
The first (Eq. 2) and second (Eq. 3) moments of
the distribution are calculated, and they are used to
determine the lacunarity at a given box size (Eq. 4).
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The main difference between the gliding box
method (GBM) and the fixed grid method (FGM) lies
in the sampling strategy applied during the lacunarity
calculation. While GBM employs overlapping boxes,
FGM considers only non-overlapping boxes, which
significantly reduces computational demand and cal-
culation time [37]. Lacunarity is typically evaluated
as a function of box size, and the shape of the result-
ing lacunarity curve provides insight into the spatial
organization of a structure. From this scale-dependent
behavior, conclusions can be drawn regarding struc-
tural heterogeneity, and hidden patterns or regulari-
ties may be identified even in systems that appear
highly disordered [38, 39].

From a physical perspective, lacunarity quantifies
the spatial heterogeneity of a pore system by describ-
ing how voids are distributed within a material. High
lacunarity values indicate pronounced heterogeneity,
characterized by pore clustering and the presence of
large pore-free regions, whereas low lacunarity val-
ues correspond to a more homogeneous and evenly
distributed pore structure. Unlike conventional poros-
ity measures, lacunarity is sensitive to the spatial
arrangement of pores; consequently, materials with
similar porosity and pore size distributions may
exhibit fundamentally different heterogeneity levels.
The scale dependence of lacunarity further enables
the identification of characteristic length scales and
clarifies the relative contribution of small and large
pores to the overall heterogeneity of the material.
Owing to these properties, lacunarity has been suc-
cessfully applied to characterize pore-system hetero-
geneity in a wide range of materials, including geo-
logical samples [40-42] and biomaterials [43, 44].

Concrete is a crucial building material, and an in-
depth understanding of its inner structure is indis-
pensable for effectively working with it and changing
its properties according to specific purposes. While
micro-CT is routinely used in concrete research

[45—48], a detailed characterization of the pore struc-
ture is still lacking. The pore structure of concrete is
a crucial property of its strength [49]. Uneven pore
distribution in concrete can lead to a decrease in
strength and create weak spots [5, 6, 30], endangering
the structural integrity of buildings. Porosity and pore
clustering affect the insulating properties [50] and
permeability of concrete, with porosity, shape, size,
connectivity, and tortuosity of pores all playing a part
[51]. The pore distribution can also affect thermal and
mechanical characteristics [52].

The spatial heterogeneity of concrete, particularly
in the context of pore size distribution, has been a
subject of interest in recent research. Jain et al. devel-
oped a model that considers the heterogeneous nature
of the concrete microstructure in changing envi-
ronmental conditions [53]. Similarly, Castillo et al.
modelled the mechanical behavior of concrete with
spatially varying material properties [54]. Le et al.
explored the effect of heterogeneity on the chloride
penetration of reinforced concrete [55]. Gao et al.
proposed a method based on meso-scale modeling
for locating damage in heterogeneous concrete mate-
rial [56]. Carpinteri et al. discussed the modeling of
damage in concrete using stochastic lacunar fractal
sets, emphasizing the spatial characteristics of con-
crete [57]. In a broader context, Chongkai et al. [58]
and Chhun et al. [59] addressed the stochastic process
of corrosion of steel bars and the probabilistic scale
effect caused by material heterogeneity, respectively.
Gabriel-Wettey et al. investigated how the porosity
and compressive strength of concrete vary as a func-
tion of the concrete’s curing time [60].

Given that concrete is an extensively investigated
material with micro-CT, and its pore structure has a
significant effect on various properties, in this work
it was chosen as a model system for detailed poros-
ity analysis, with special emphasis on the spatial
distribution of pores. Additives, such as superplasti-
cizers, can affect the pore structure of concrete [61,
62], i.e., decrease porosity and pore size and create
a more even pore size distribution. Thus, two dif-
ferent concrete types were compared in several dif-
ferent aspects of porosity: one made with the tradi-
tional recipe and one with superplasticizer additives.
To this end, ten cubic concrete samples were created
as model samples, with five made by the traditional
recipe and the other five with superplasticizer added,
for the investigation of different pore structures, such
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as porosity, number, and size of pores, among others.
The porosity of concrete and the spatial distribution
of its pores are significantly influenced by the curing
process. Therefore, this study examines the evolu-
tion of porosity and pore distribution in additive-free
concrete as a function of curing time. All the sam-
ples were scanned with a high-resolution micro-CT
for detailed characterization and comparison of their
pore structure. The spatial heterogeneity of pores was
also investigated and described by lacunarity calcula-
tions using our self-developed software [37]. Uniaxial
compressive tests were conducted to examine the dif-
ferences between the broken and residual parts of the
samples in terms of porosity and lacunarity of pores.
To the best of our knowledge, lacunarity of the 3D
pore structure of concrete samples has not been inves-
tigated before. Furthermore, the investigation of bro-
ken and residual parts of cubic concrete samples and
the comparison of these parts in terms of porosity is a
novel concept as well.

2 Materials and methods
2.1 Sample preparation

Fifteen 3x3x3 cm® concrete cubes were prepared
for the investigation. For the traditional concrete sam-
ples (TC), Portland Composite Cement (EN 197-1
CEM II/B-M (V-LL) 32,5 N, DDC Beremend) was
used as a binder, mixed with d>1 mm sand. For the
other type of samples (SPC), superplasticizer (VIP-
Rex SF, Vip-Rex Kft., Kisidjszéallds) was added to
the mixture. Ten TC and five SPC samples were pre-
pared (their exact composition is shown in Table 1),
five—five TC and SPC samples were cured for 28 days
under water and then dried in ambient conditions
until their weight stabilized before micro-CT meas-
urements. Another 5 /five TC samples were used to

Table 1 Composition of the different types of concrete sam-
ples

Sample Sand (g) Cement Water WtC *  SP **

(® (mL) (mL)
TC 446 288 144 0.5 -
SPC 446 288 72 0.25 10

*WtC = water to cement ratio

**SP = superplasticizer additive (~3.5 m/m % for cement)

test the effect of the curing. During the experiment,
the concrete cubes were examined by micro-CT after
3,7, and 28 days.

2.2 Methods

The present study investigated the internal structure
of as-prepared concrete cubes using a Bruker Skyscan
2211 Nanotomograph (Skyscan, Bruker, Belgium)
to obtain micro-CT images and perform a detailed
analysis of the pore structure of all ten samples. The
micro-CT images were obtained in high-power mode
using a 6 Mp flat-panel detector, with a 130 kV tube
voltage and 155 pA tube current, and a 50 ms expo-
sure time. A 0.5 mm Cu filter was used, and 1041
projections were taken with a 0.2° rotation step. Each
projection is an average of 5 images, and the pixel
resolution was 30 pm, resulting in an average scan
time of 23 min. For the image reconstruction, NRecon
software (Skyscan, Bruker, Belgium) was used,
which applies the Feldkamp algorithm [63]; the size
of the reconstructed images was 4032 x 2688 pixels.
The most common imaging artifacts (beam harden-
ing, ring artifact, misalignment) were corrected, and
defective pixels were masked during reconstruction.
CT-An software (Skyscan, Bruker, Belgium) was
used for the detailed analysis of the pore structure of
samples. The topmost 20 slices were not taken into
account due to their unreliable nature caused by cast-
ing error, similar to the bottom slices caused by imag-
ing artifacts because of the X-ray scattering caused by
the proximity of the metal sample holder. Segmented
images were created using the Otsu algorithm [27],
which is a widely accepted, histogram-based global
thresholding method, commonly applied in micro-
CT analysis of porous materials due to its objectivity
and reproducibility. The method determines an opti-
mal threshold by minimizing the intra-class variance
between solid and void phases, which is particularly
suitable for systems exhibiting high X-ray attenuation
contrast, such as concrete and air-filled pores. Unreli-
able data points that could not be distinguished from
noise were removed prior to the 3D porosity analysis;
consequently, only pores larger than 90 um in diam-
eter were considered. This lower detection limit arises
from the voxel size of the micro-CT scans (30 pm),
which represents the main resolution-related con-
straint affecting the accuracy of the analysis. Accord-
ingly, the reported closed porosity values correspond to



Materials and Structures (2026) 59:117

Page 5of 15 117

resolvable closed pores only, while smaller closed pores
may remain undetected. Importantly, this limitation
does not affect the comparative analysis, as all samples
were evaluated using identical imaging, reconstruc-
tion, and segmentation parameters. CT Vox (Skyscan,
Bruker, Belgium) was used for the visualization of the
pores and the sample matrix.

Lacunarity calculations for the pore structures were
conducted by our self-developed software Lac3D [37],
which uses the fix-grid method to calculate 3D lacunar-
ity within seconds. For the lacunarity calculation, the
largest volume of interest (VOI) has a side length (M)
of 800 voxels, while for the smaller VOI, M =400.

For localized statistical analysis, the volume-
weighted pore-size distribution was divided into
three pore-size ranges: small pores (0.06-0.42 mm),
medium pores (0.42-0.84 mm), and large pores
(>0.84 mm). This classification was guided by physi-
cal considerations and the spatial resolution of the
micro-CT measurements. The selected ranges sepa-
rate resolution-limited fine pores, bulk pores, and
volume-dominant large pores, which are known to
play distinct roles in pore-network heterogeneity.
For each specimen, pore-volume fractions within the
defined pore-size ranges were summed, yielding one
value per specimen and pore-size class. Differences
between TC and SPC groups (n=>5 each) were evalu-
ated using two-sided Mann—Whitney U tests, which
do not assume normality and are appropriate for
small sample sizes.

Finally, a Zwick Roell Zmart Pro instrument was
used to compress and break the concrete cubes. A
50 N pre-load was used with a 100 mm/min pre-load
speed, while the test speed was 0.5 MPa/s. The cubes
were wrapped in Parafilm® M sealing foil to prevent
the samples from falling apart, allowing subsequent
micro-CT measurements. The rotation and image
registration of the images taken at different stages
of the samples (before and after compressive tests)
were conducted using DataViewer software (Skyscan,
Bruker, Belgium).

3 Results and discussion

3.1 Detailed characterization of the pore structures

Micro-CT analysis was conducted on 5-5 samples
of each type to provide a detailed characterization

of their pore structure. Figure 1 displays the 3D
pore structure of representative examples for both
TC (Fig. 1A) and SPC (Fig. 1B) samples. The vol-
ume-rendered 3D micro-CT images and the pore
size distribution diagram (Fig. 1C) reveal a promi-
nent difference between the two sample types. Nota-
bly, TC exhibits numerous large pores, while SPC
has a narrower pore size distribution.

Micro-CT imaging provides abundant quantita-
tive data in addition to visual information, thereby
enabling a precise comparison between two model
systems. This is evident from Table 2, which shows
that the original 1.46% average total porosity is
reduced to 1.20% for the SPC model, resulting in a
nearly 20% decrease. Furthermore, the number and
size of pores also exhibit a significant change, with
the average number of pores increasing from 4191
to 7294, and the size distribution diagram narrow-
ing down for SPC.

The decrease in total porosity, accompanied by
an increase in the number of pores, is consistent
with a reduction in the average pore diameter, which
decreases from 0.51 mm (corresponding to a pore
volume of 0.07 mm? assuming spherical geometry)
to 0.40 mm (V=0.033 mm?®). This trend is further
reflected in the pore size distribution, which shifts
toward smaller pore sizes, as shown in Fig. 1C. Sta-
tistical analysis supports this observation, revealing
significant differences between TC and SPC sam-
ples in the small-pore (0.06-0.36 mm, p=0.0079)
and large-pore (>0.84 mm, p=0.0159) ranges,
while no statistically significant difference was
detected in the medium-pore range (0.42-0.84 mm,
p=1.00), indicating comparable pore-volume con-
tributions in this size regime.

These findings are consistent with prior literature
[61, 64]. Interestingly, the largest individual pore
found in any TC sample was 22.9 mm?®, while for
SPC, it was only 4.9 mm®. On average, the largest
pore size for TC was 10.85 mm?, while for SPC, it
was only 3.98 mm?®. Furthermore, the presence of
extremely large pores (greater than 1 mm in diam-
eter, which is equivalent to 0.52 mm? volume for
spherical pores) is much more frequent in TC, with
an average of 87 in each sample, while only 28 are
present in SPC. This implies that 2.08% of all pores
are deemed large in TC, whereas only 0.41% of
pores are classified as large in SPC.

niem
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Fig. 1 Pore size distribution of representative examples of A TC and B SPC. The color bar indicates the average diameter of pores.

C shows the pore size distribution diagrams for both samples

Table 2 Porosity analysis of the two model systems

TC SPC
Total porosity (%) 1.46+0.11 1.20£0.10
Number of closed pores 4191+232 7294 £511
Volume of closed pores (mm®) 2942+21.8 241.7+19.8
Number of pores/mm?® 0.19+0.01 0.32+0.02
Average pore volume (mm?®) 0.070+0.004 0.033 +0.002
Average pore diameter (mm) 0.51+0.03 0.40+0.02

The analysis of the spatial distribution of pores
is a vital aspect of porous material characterization,
with lacunarity being a crucial parameter in this
regard. As depicted in Fig. 2, both types of samples
exhibit significant heterogeneity in pore distribu-
tion, with curves showing a relatively low steepness
(Fig. 2A). However, differences between the two
samples are notable, with the pores in SPC exhibit-
ing a more homogeneous distribution than those in
TC. The shape of the lacunarity curve is indicative
of the structural heterogeneity of the material, and
the steeper decline in the lacunarity curve of SPC
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Fig. 2 Representative lacunarity curves A of TC and SPC, and the differences in the spatial heterogeneity of small (d <1 mm) and

large (d>1 mm) pores for B TC and C SPC samples

compared to that of TC denotes a higher level of
homogeneity in the former sample. Additionally, the
lacunarity of extremely large pores (Fig. 2B) differs
from that of smaller pores (Fig. 2C), with larger pores
being more heterogeneously distributed. For SPC, the
lacunarity curve of large pores is more heterogeneous
than that of small and total pores, indicating the dom-
inance of a large number of small pores in the total
lacunarity, with the effect of the few large pores being
less significant. On the other hand, for TC, large and
small pores contribute equally to the total lacunarity
of the sample. Overall, the analysis of lacunarity is an
essential tool in the study of porous materials, provid-
ing valuable insights into their structural characteris-
tics and heterogeneity.

The differences between various regions of the
samples under consideration were also examined.
Specifically, the discrepancies between the entire
samples (M=800) and smaller cubic volumes
(M=400) located in the center of the cubes were
investigated. These volumes were approximately one-
eighth of the whole sample. The analysis revealed
interesting differences, not only in the spatial distri-
bution of pores but also in the pore sizes.

For instance, for TC samples, the average pore
diameter decreased from 0.51 to 0.47 mm within the
inner volume. In addition, only 1.7% of all detected
pores in the inner region belonged to the large-pore
category, compared to 2.08% for the entire speci-
men. This difference indicates that larger pores are
preferentially located near the surfaces of the cubic

samples. The preferential occurrence of larger pores
in the exterior regions is primarily attributed to
casting-related boundary effects, rather than curing-
induced drying. During placement, geometric con-
finement and altered flow conditions in the vicinity
of the mold walls promote localized air entrapment
and the formation of coarser voids in surface-adja-
cent regions. These initial structural differences are
largely preserved during subsequent water curing.
Furthermore, even under water-curing conditions,
spatial differences in hydration kinetics may develop:
the exterior regions experience direct and continuous
water availability, which can accelerate early hydra-
tion and locally enhance microstructural heteroge-
neity, whereas the interior volume undergoes more
diffusion-controlled and comparatively homogeneous
hydration. As a consequence, larger pores are more
frequently observed near the sample surfaces, while
the inner regions exhibit a finer pore structure.
Similarly, for SPC, only 0.32% of the pores were
large, compared to 0.4% for the whole sample, while
the average pore diameter slightly decreased from
0.4 to 0.39 mm. This provides further evidence that
smaller pores tend to be more homogeneously distrib-
uted than larger pores. It was also found that the larg-
est pore was never located inside the smaller volume
at the center for any of the samples, and the average
largest pore size decreased to 3.13 mm? (from 10.85
mm?) in the case of TC and to 1.03 mm?® (from 3.98
mm?) in the case of SPC. Additionally, the spatial
heterogeneity of pores changed for each sample: the
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inner volumes (M =400) appeared much more homo-
geneous (Fig. 3A, yellow for TC and blue for SPC)
than the entirety of the samples (M =800) (Fig. 3A,
orange for TC and gray for SPC). Furthermore,
even the inner volume of TC (Fig. 3A, yellow) was
observed to be more heterogeneous than the total vol-
ume of SPC (Fig. 3, gray). Finally, in line with the
above observations, the lacunarity of large and small
pores was different inside the small inner volume.
However, the total lacunarity is closer to (Fig. 3B) or
almost identical (Fig. 3C) to the lacunarity of small
pores. This could be attributed to the smaller num-
ber of large pores in the inner volume. Overall, these
findings highlight the importance of considering dif-
ferent regions of samples when investigating their
properties.

3.2 Effect of curing on the pore structure

Besides additives, the curing time of the cement also
affects the porosity of samples and their pore struc-
ture. Figure 4 shows the changes observed in the
closed pores of the same concrete cube with increas-
ing curing time. The 3D rendered images (Fig. 4A—C)
clearly show that the amount of closed pores
decreases over time. Considering that Fig. 4C shows
the pores that disappear, it can be concluded that
during curing, mainly small pores disappear, as con-
firmed by the size distribution of the pores (Fig. 4D).

After 3 days, 52 V% of the closed pores were
smaller than 0.2 mm, whereas after 28 days this

proportion decreased to 43 V%, indicating a progres-
sive reduction in the contribution of small closed
pores during curing. In parallel, the spatial het-
erogeneity of the pore system evolved over time, as
reflected by the lacunarity values (Fig. 4D, inset):
the pore structure became more heterogeneous up to
7 days, after which lacunarity remained nearly con-
stant. The increase in lacunarity during the early
curing period is primarily attributed to hydration-
induced pore shrinkage combined with resolution-
related effects of the micro-CT analysis. As hydra-
tion progresses, small pores tend to shrink, and a
substantial fraction falls below the spatial resolution
limit, reducing their contribution to a spatially uni-
form pore network. Consequently, the detectable pore
system becomes increasingly dominated by larger,
less uniformly distributed pores, leading to an appar-
ent increase in heterogeneity during the first 7 days of
curing.

The quantitative data calculated from the micro-
CT measurements are shown in Table 3. The poros-
ity of the concrete cube decreased by approximately
43%, the number of closed pores by about 51%, while
the total volume of the pores decreased by around
40%. These data support the observations made so
far.

During concrete curing, the smallest pores tend
to disappear, while the size of the remaining pores
decreases. This process can be clearly seen in this
case, as the total pore volume decreased from 186
to 111.9 mm? while the volume of the missing pores

A B c
12 TcM=400 12 Total 42T Total
n —e—TC M =800 i ——d>1mm 5 —e—d>1mm
—a—SPC M = 400 ——d<1mm —e—d<1mm
08 + —e—SPC M = 800 08 + 08 +
Zos ] =06 Zos ]
c c c
—_ - —
04 04 04 +
0,2 0,2 02 +
TC, M =400 SPC, M =400
0 t T t - 0 t t i 0 t t T 1
0 2 4 6 0 2 4 6 0 2 4 6
Ln(g) Ln(g) Ln(g)

Fig. 3 Lacunarity of A the inner (M =400 voxel) and outer (M =800 voxel) parts of samples and the small (d<1 mm), large
(d>1 mm), and total pores for the inner volumes of the B TC and C SPC samples



Materials and Structures (2026) 59:117

Page 9of 15 117

A >25mm<

Fig. 4 Two-dimensional representation of 3D reconstructed
closed pores in specimens after A 3 and B 28 days cur-
ing times, and C the pores that disappear during the curing

Table 3 Porosity analysis of the samples at different cure
times

3days 7days 28 days
Total porosity (%) 1.22 0.76 0.7
Number of closed pores 7743 4210 3822
Volume of closed pores (mm?®) 186.0 120.3 111.9
Vanished pores (mm?®) - 6.6 7.3

was only 7.3 mm?. Figure 5 shows the same pores
(Fig. 5A, B) and their size distribution (Fig. 5C)
after 3 and 28 days. The 3D volume-rendered
images show that the size of the pores decreases
during the curing process. Figure 5B shows the
largest pore, whose volume has decreased by almost
17%, while the total pore volume has decreased
by around 38% during curing. The scale of the

D 12
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between 3 and 28 days; effect of curing time D on pore size
distribution and (insert) the lacunarity of closed pores

reduction is consistent with the volume equivalent
sphere diameter distribution.

3.3 Porosity analysis of the broken samples

The porosity of concrete also affects its physical
properties, such as density, fracture toughness, ther-
mal conductivity, etc. The study of the fracture mech-
anism of concrete has been a long-standing field of
research, but computed tomography has added new,
useful details to this field. Uniaxial compression
tests were performed to uncover possible differences
between the porosity of the broken sections and the
residual hourglass-shaped piece (Fig. 6). The investi-
gation of the final, hourglass-shaped specimens pro-
vided an opportunity to compare the pore structure
of the remaining pieces and the broken fragments. As
the samples were in fragments after the compression
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Fig. 5 A-B an example of the 3D rendered image of the pore after 3 and 28 days of curing, and B the size change of the remaining
pores during curing. The red color indicates a 3-day sample, and the green color indicates a 28-day sample

volume-rendered micro-CT
showing the hourglass-shaped breaking pattern of the concrete
cubes

Fig. 6 Representative image

tests, Parafilm wrapping was employed to hold the
pieces together, which facilitated the micro-CT meas-
urements of the whole cube and visualization of the
cracks.

Notable differences were found between the inner
and outer parts of the cubes, as outlined in Table 4.
The parts that broke off displayed a higher porosity
volume compared to the remaining hourglass-shaped
parts, with an increase of approximately 18%. Addi-
tionally, the average pore volume was higher, measur-
ing at 0.08 mm?®, compared to the original value of
0.06 mm>. However, the number of volumetric pore
density (number of pores/mm?’) did not show a sig-
nificant difference. It should be emphasized that the
exact number of pores holds a smaller significance
in this instance since the remaining and broken parts
differ in volume.

The analysis of individual objects reveals that
pores with the largest diameter tend to be present
in the parts that break off, as illustrated in Fig. 7. In
contrast, the hourglass-shaped parts tend to exhibit
smaller pore sizes than the whole samples or the bro-
ken parts. In detail, during compression tests, 13.7%

Table 4 Porosity analysis
of the TC, and comparison
of the broken parts, the

remaining hourglass-shaped
parts, and the intact original
total sample volume

Total Hourglass-shaped  Part that broke off
residual

Total porosity (%) 1.46+0.11 1.35+0.17 1.65+0.08
Number of closed pores 4191232 2510+ 74 1548 + 165
Volume of closed pores (mm?®) 294.2+21.8 154.2+20.5 139.94+94
Number of pores/mm3 0.19+0.01 0.18+0.01 0.18+0.02
Average pore volume (mm?®) 0.070+0.004 0.061 +0.006 0.084 +0.009
Average pore diameter (mm) 0.51+0.03 0.49+0.05 0.5440.06
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Fig. 7 The pore structure of a representative TC sample from top (left) and side view (right): green represents the pores of the bro-
ken parts, while blue represents the pores of the remaining hourglass-shaped part

of large pores (>1 mm in diameter) break in the
samples, while only 3.2% of all pores break (Fig. 8).
Interestingly, the largest pore either breaks during
compression or becomes a part of the broken part in
80% of the cases.

14\ TC

12

10

V%

This study clearly shows that the remaining and the
broken part have a different pore structure, suggesting
that the pore structure of the concrete has an influ-
ence on the fracture mechanism. This is in agreement
with observations in the literature. Huang et al. have
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Fig. 8 Pore size distribution of A TC and B SPC for the whole sample (total), the broken parts (diff), and the remaining hourglass-

shaped parts (target)
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demonstrated that the distribution of pores has a sig-
nificant influence on the crack patterns and strength
of concrete specimens [65]. Furthermore, Vu et al.
emphasized the importance of quantifying the poros-
ity and size distribution of pores in understanding the
compressive strength of concrete [66]. Additionally,
Yang et al. utilized X-ray microscopy to obtain the
fracture and pore distribution characteristics of coal
samples under the influence of axial stress, providing
insights into the relationship between pore distribu-
tion and fracture behavior [67].

Recent X-ray micro-computed tomography stud-
ies have demonstrated the capability of resolving pore
size distributions, porosity, and crack-related features
in concrete and cementitious materials under varying
mix designs and curing conditions [68-71]. These
investigations clearly show that pore characteristics
are sensitive to processing history, and the reduc-
tion in porosity and refinement of pore size observed
in the present study are consistent with these recent
findings. Nevertheless, most recent works focus pri-
marily on static pore characteristics, such as porosity
or pore size distribution, and do not explicitly exam-
ine how microstructural evolution processes, like cur-
ing and fracture, affect the spatial heterogeneity of the
pore system in a scale-dependent manner. As a result,
changes in heterogeneity are often inferred indirectly
or remain qualitatively described.

In contrast, the present study follows the evolution
of pore-system heterogeneity during curing and links
it to fracture behavior by applying three-dimensional
lacunarity analysis. This approach provides a quan-
titative and scale-sensitive description of heteroge-
neity and complements conventional pore metrics,
enabling a process-oriented interpretation of concrete
pore structure that extends beyond existing micro-CT
studies.

4 Conclusions

The present study demonstrated that micro-CT meas-
urements are an effective tool for analyzing the pore
structure and distribution in concrete made from Port-
land composite cement and fine sand, both with and
without the addition of superplasticizer. In addition to
standard pore system metrics, the lacunarity function
was shown to provide valuable insight into the het-
erogeneity of pore distribution. The analysis revealed

that large pores exhibit greater heterogeneity com-
pared to smaller ones. In superplasticized concrete,
total lacunarity is predominantly influenced by small
pores, whereas in conventional concrete, both large
and small pores contribute equally.

Furthermore, the investigation into the curing pro-
cess confirmed that concrete porosity decreases sig-
nificantly within the first week, before stabilizing at
a constant value, primarily due to pore shrinkage.
Finally, it was demonstrated that CT measurements
can be utilized not only to map the pore system in
intact concrete cubes, but also to analyze fracture
fragments from mechanical testing, offering valuable
insights into the fracture mechanisms of concrete.
These findings contribute to a more comprehensive
understanding of pore evolution and distribution in
concrete, which is crucial for improving its durability
and mechanical performance.
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