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Geopolymer concrete is a promising low-carbon alternative to Portland cement concrete;
however, its compressive strength is governed by complex, nonlinear interactions among mix
design parameters, activator characteristics. This study proposes a framework that combines
digital image processing of concrete cross-sections with gene expression programming to
support the assessment of slag-based geopolymer concrete when technical data are limited.
Cross-sections of a slag-based geopolymer concrete specimen were imaged and processed
through grayscale conversion, histogram equalization, noise removal, Canny edge detection,
thresholding, and conversion from the RGB to the HSV color space. HSV color ranges were
then used to generate binary masks for coarse aggregate, fine aggregate, and the slag-rich
binder phase, and the coverage of each phase was quantified by pixel counting. Within the
classified solid phase, the coverage percentages were 35.67% for coarse aggregate, 34.25% for
fine aggregate, and 30.67% for the slag-rich binder. In parallel, a GEP model was developed
from 117 compressive strength records of slag-based geopolymer concrete, using the coarse
and fine aggregate contents, specimen age, NaOH molarity, Na,SiO;/NaOH ratio, and GGBS
content as inputs. The model achieved R = 0.97, RMSE = 5.62 MPa, and MAE = 1.87 MPa for
the training set and R = 0.96, RMSE = 2.66 MPa, and MAE = 1.26 MPa for the testing set. The
results show that image-derived phase descriptors and an explicit GEP expression can be
combined into a low-cost, partially non-destructive assessment framework, whereas full
inference of mix proportions from images requires calibration against specimens of known
composition.
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INTRODUCTION

The development of sustainable construction
materials and the reduction of the construction
industry’s dependence on resource-intensive
raw materials and energy-intensive processes
have become central research themes in civil
engineering and materials science (Wong, 2022).
Concrete is the most widely used construction
material in the world owing to the availability
of its raw materials, its formability, and its fa-
vorable mechanical performance; however, the
production of Portland cement is associated
with considerable energy consumption and
substantial carbon dioxide emissions. In rapidly
growing cities, where the construction and re-
newal of infrastructure account for a large share
of material and energy demand, low-carbon
binders are therefore an important component of
urban sustainability strategies. Alkali-activated
systems and geopolymer concretes have attract-
ed attention as a promising pathway towards
such materials (Ma et al., 2018; Zhang, 2024).
Geopolymer concretes based on fly ash, ground
granulated blast furnace slag (GGBS), and other
aluminosilicate precursors can make use of in-
dustrial by-products while providing adequate
mechanical properties and durability (Wasim et
al., 2021). Nevertheless, their mechanical behav-
ior is governed by complex interactions among
the chemical composition and proportions of
the precursors, the type and concentration of
the alkaline activator, the liquid-to-solid ratio,
the content and grading of the aggregates, the
curing conditions, and the specimen age (Parathi
et al,, 2021; Tan & Gjorv, 1996). Consequently,
the relationship between mix design parameters
and compressive strength is neither linear nor
simple: a change in one constituent can alter
the geopolymerization process, the formation
of reaction products, the porosity, the interfacial
transition zone, and the continuity between
phases. Compressive strength should therefore
be regarded as the outcome of multiscale in-
teractions among composition, structure, and
processing conditions rather than as a function of

a single constituent. A fundamental challenge in
assessing hardened geopolymer concrete is ob-
taining information on the composition and in-
ternal structure of a specimen after curing. Under
normal circumstances, the mix design can only
be determined from construction records, pro-
duction documents, or specialized chemical and
physical tests. When a hardened specimen with-
out baseline information is available, determining
the relative proportions of its constituents and re-
lating them to mechanical performance becomes
a complex inverse problem (Chowdhury et al.,
2021). Advanced laboratory techniques such as
scanning electron microscopy, X-ray diffraction,
spectroscopy, and X-ray computed tomography
provide valuable information on the structure
and composition of the material (Zelelew et al.,
2013), but their cost, equipment requirements,
analysis time, and need for specialized personnel
limit their routine use. In this context, digital
image processing offers a low-cost and scalable
tool for extracting quantitative information from
concrete sections (Khan et al., 2023). An image of
a properly prepared section of hardened concrete
contains information on the distribution of the
phases, the size and shape of the aggregate par-
ticles, the proportion of voids, and the dispersion
pattern of the constituents. Through appropriate
preprocessing, contrast enhancement, noise
removal, segmentation, and feature extraction,
this information can be converted into numerical
variables (Han et al., 2016; Waris et al., 2022).
The significance of this approach increases
when the objective is not only to identify the
phases geometrically but also to convert im-
age-derived features into engineering variables
that can be used in computational models. An
image of a concrete section can thus be regarded
as a primary data source for reconstructing part
of the information on the structure and compo-
sition of the specimen. Descriptors such as the
areal fraction of aggregate, the particle size and
shape distribution, the perimeter-to-area ratio,
porosity, texture, and the gray level of different
regions can be used for this purpose (Ozen &

363



Int. J. Urban Manage. Energy Sustainability, 7(3):362-377, 2026

Guler, 2014; Han et al., 2016). By calibrating these
descriptors against specimens with known mix
designs, a computational relationship can be
established between image-based character-
istics and equivalent composition parameters
(Guo et al., 2015). Recent advances in machine
learning have created new opportunities for
modeling the nonlinear relationships between
the constituents of concrete and its mechanical
performance. The main advantage of these meth-
ods over simple empirical relationships is their
ability to capture complex interactions among
many variables (Ahmed et al., 2021; Ahmed et
al., 2022). Image-based approaches combined
with computational models have also been used
to estimate the compressive strength and other
mechanical properties of concrete (Bagyigit et
al., 2012; Dogan et al., 2017; Waris et al., 2022).
However, most machine learning models for pre-
dicting compressive strength rely on information
available at the mixing stage, such as the contents
of binder, aggregate, water, and admixtures, the
activator characteristics, the age, and the curing
conditions. When the mix design is unknown,
such models cannot be applied directly. This lim-
itation is a significant gap in the practical use of
data-driven models, because in the assessment of
existing materials the original composition is fre-
quently unavailable and only the hardened spec-
imen, or an image of its section, can be examined.
Accordingly, the problem can be reformulated
from a pure strength-prediction problem into a
multistage inverse problem (Damadipour et al.,
2019). In the first stage, the information con-
tained in the image of a concrete section is con-
verted into quantitative variables through image
processing and feature extraction. In the second
stage, these variables are related, through cali-
bration data, to equivalent composition parame-
ters. In the third stage, the estimated parameters
are used as inputs to a computational model that
predicts compressive strength. The present study
implements and demonstrates the first and third
components of this framework for slag-based
geopolymer concrete: (i) an HSV-based image
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analysis procedure that quantifies the coverage
of coarse aggregate, fine aggregate, and the slag-
rich binder phase in a concrete section, and (ii)
an explicit gene expression programming (GEP)
model that predicts compressive strength from
mix design parameters and specimen age. The
calibration link between image-derived descrip-
tors and mix proportions (the second stage) is
identified as the next step and is discussed as a
limitation. In this framework, image processing
serves to extract information from the specimen,
whereas machine learning serves to infer hidden
relationships and predict performance, provid-
ing a basis for faster, lower-cost, and partially
non-destructive assessment of geopolymer con-
crete when the original mix design is unavailable.

MATERIALS AND METHIODS

This section reviews studies that have applied
image processing to the characterization of
aggregates and concrete and to the estimation
of concrete properties. Barbosa et al. (2011) ap-
plied image processing to analyze segregation in
lightweight aggregate concrete. Because of the
density difference between the lightweight ag-
gregates and the mortar, the aggregates tend to
float during vibration, which may affect the me-
chanical properties of the concrete. The authors
proposed an image-based classification tool and
an index for classifying concretes according to
the uniformity of the particle distribution, and
validation tests showed that the approach can be
used to evaluate the overall particle distribution
in concrete specimens. Bruno et al. (2012) used
image analysis to detect the aggregate grada-
tion of asphalt mixtures from planar images. By
combining different digital image classification
methods applied to images of asphalt cores, they
developed a reliable classification procedure
based on 24 images from six asphalt surfaces.
The gradations estimated for 22 images correlat-
ed strongly with the actual gradation, and the
remaining images reproduced the gradation with
minor errors. Ozen and Guler (2014) assessed
the optimum threshold and particle shape pa-
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rameter for image analysis of the aggregate size
distribution of concrete sections. Two-dimen-
sional images of the lateral surfaces of specimens
prepared with six mix designs of different grada-
tions, aggregate sources, and maximum aggre-
gate sizes (five replicates each) were analyzed.
The optimum threshold and pixel distribution
functions differed between cross-sections, and
the maximum Feret diameter, with an average
error of less than 10%, was identified as the most
suitable shape descriptor for estimating the per-
centage of aggregate passing each sieve. Guo et
al. (2015) developed a stereological method for
estimating the three-dimensional aggregate gra-
dation of asphalt mixtures from digital images.
The aggregates were idealized as ellipsoids, and
the corresponding stereological coefficients were
determined computationally. The aspect ratio
of the aggregates had a significant influence on
the stereological coefficients, and refining this
assumption considerably reduced the estimation
error compared with existing methods.

Han et al. (2016) proposed a two-dimensional
image analysis method for evaluating the charac-
teristics and distribution of coarse aggregate in
concrete. The aggregate characteristics included
particle size, angularity, texture, and orientation,
whereas the distribution was described by the
homogeneity of the particle distribution, the in-
ter-particle spacing, and the mortar-to-aggregate
area ratio (MAAR). The method was applied to
one conventional and four reinforced concretes,
and comparisons of the gradation curves and of
the MAAR with the mortar-to-aggregate volume
ratio (MAVR) confirmed the consistency between
two- and three-dimensional information. The
method also revealed the effect of random factors,
such as vibration and non-uniform sampling, on
concrete homogeneity. Basyigit et al. (2012) and
Dogan et al. (2017) investigated the estimation
of concrete compressive strength from images
of concrete specimens and showed that features
extracted by image processing can be related to
the measured strength, offering an alternative to
conventional destructive testing. More recently,

Waris et al. (2022) combined image processing
with machine learning to estimate the mechan-
ical properties of hybrid concrete and reported
that image-derived features can serve as useful
predictors of mechanical performance. Damadi-
pour et al. (2019) evaluated the size distribution
of coarse aggregates using image processing
and introduced a self-adjusting size parameter,
defined as the minimum dimension of the equiv-
alent shape of a particle. Two coarse aggregate
samples from the Aji-Chay River, with D50 val-
ues of 12.5 and 19 mm, were analyzed, and the
gradations predicted by the proposed algorithm
agreed well with the measured gradations. The
reviewed studies show that image analysis can
reliably quantify aggregate gradation, shape, and
distribution, and that image-derived features can
be related to concrete strength. However, most of
these studies addressed asphalt mixtures or Port-
land cement concrete, and few have examined
geopolymer concrete. Moreover, image-based
phase quantification and explicit, interpretable
strength models have generally been developed
separately. The present study addresses this gap
by combining HSV-based phase quantification of
geopolymer concrete sections with an explicit
GEP model for compressive strength within a
single assessment framework.

The geopolymer concrete was prepared from
an aluminosilicate precursor, alkaline activator
solutions of sodium hydroxide and sodium sil-
icate, natural sand, and natural gravel. Ground
granulated blast furnace slag (GGBS), supplied
by Sepahan Cement Company (Isfahan, Iran),
was used as the sole aluminosilicate precursor;
its chemical composition is given in Table 1. The
sodium silicate solution was a gel containing
54.1% water, 32.5% SiO,, and 1.12% Na,O. The so-
dium hydroxide solution, with a concentration of
12 M, was prepared by dissolving NaOH pellets
of 95% purity in distilled water 24 h before cast-
ing, so that the solution could return to ambient
temperature after the exothermic dissolution. A
sodium silicate-to-sodium hydroxide mass ratio
of 1.5 was used. (Tab. 1)
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Table 1: Chemical composition of GGBS (wt.%)

Oxide Content (%)
Si0o2 32.57
Al203 1.26
Fe203 33
Ca0o 34.07
MgO 0.89
SO3 0.5
Na20 112
K20 0.56
Loss of ignition 2.28

Natural dolomitic sand and gravel from Amol,
Iran, were used as the fine and coarse aggre-
gates, respectively. Their grading curves are
shown in Figure 1, and both were graded in ac-
cordance with ASTM C33 (ASTM Internation-
al, 2003). The water absorption of the fine and
coarse aggregates was 2.8% and 2.1%, and their
specific gravities were 2.565 and 2.580, respec-
tively. The maximum aggregate size (Dmax) was
12.5 mm. (Fig. 1)

100

Gradation curve of sand
- --Gradation curve of gravel

5 40 —Regulations limit

0.1 1 10 100

Sieve size (mm)

Figure 1: Grading curves of the aggregates.

mixed until a uniform dry blend was obtained.
The alkaline activator, consisting of the sodium
hydroxide and sodium silicate solutions, was
then added, and mixing continued for 2 min.
The fresh concrete was cast in pre-oiled cylin-
drical molds, after which curing of the speci-
mens commenced (Tab. 2 and Fig. 2).

Methodology

Mix Design

The mix proportions are given in Table 2. The
mixture contained 400 kg/m3 GGBS, 675 kg/m3
fine aggregate, 850 kg/m3 coarse aggregate, 150
kg/m3 sodium hydroxide solution, and 225 kg/
m3 sodium silicate solution (Na,SiOsz/NaOH =
1.5), giving a fresh unit weight of 2300 kg/m3.
The mixture was prepared in a 50-L laboratory
mixer. The coarse and fine aggregates were first
dry-mixed, after which the GGBS was added and

D Material consumption (kg/m3)
FA CA NaOH solution GGBS Na2SiO3/NaOH
GPC 675 850 150 400 15

Figure 2: Preparation of the geopolymer concrete specimens.

Digital Image Processing

Digital image processing (DIP) enables classifi-
cation tasks, including the classification of soil
and rock materials, to be performed with rea-
sonable speed and accuracy. Many scientific and
industrial fields require the analysis of particle
shape (Ozen & Guler, 2014), because particle
characteristics govern the structure, gradation,
and mechanical properties of granular materi-
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als. Numerous descriptors have been proposed
to characterize particle shape, some describing
the overall form and others describing finer sur-
face details (Guo et al., 2015). Barrett proposed
describing particle shape at three scales form,
roundness (angularity), and surface texture as
illustrated in Figure 3 (Han et al., 2016). (Fig. 3)

Height

Figure 3: Particle shape characteristics at different scales
(Guo et al., 2015).

In particle morphology, Wadell defined sphe-
ricity as a measure of how closely a particle
approaches a sphere, and roundness as the ratio
of the average radius of curvature of the corners
to the radius of the maximum inscribed circle;
Krumbein and Rittenhouse later proposed visual
charts for estimating roundness and sphericity
from two-dimensional projections (Zelelew et al.,
2013). Sphericity and roundness are independent
descriptors: a particle may be well rounded yet
elongated, and therefore of low sphericity (Waris
et al., 2022). Particle size is routinely measured
with sieves, but descriptors such as elongation,
angularity, roundness, and sphericity cannot
readily be obtained with conventional laboratory
equipment, and their experimental determina-
tion is costly and time-consuming. Image-based
approaches have therefore been proposed for
extracting particle shape characteristics. Be-

cause the coarse aggregate forms the principal
load-bearing skeleton of concrete and its size and
grading must fall within the limits of ASTM C33
(ASTM International, 2003), the present study
uses Python-based digital image processing to
quantify the coarse aggregate, fine aggregate, and
slag-rich binder phases in geopolymer concrete
sections.

Fundamentals of Digital Images
In artificial intelligence applications, image pro-
cessing refers to the set of operations applied to
digital images to enhance their quality and to
extract information from them; it is an essential
preprocessing step for tasks such as object detec-
tion and classification. A digital image is stored as
a two- or three-dimensional numerical matrix in
which each element represents a pixel; in 8-bit
images, pixel values range from 0 to 255 (Dogan
etal.,, 2017). Pixel intensity is described by a func-
tion I(x, y) for single-channel images and I(x, y, ¢)
for multichannel color images, where c denotes
the channel. Based on this representation, images
can be divided into four general categories:

*Binary Images

*Grayscale Images

*RGB Color Images

*RGBA Images
In binary images, each pixel takes one of two
values, 0 (black) or 1 (white); such images are
commonly used to isolate specific regions of an
image (Bovik, 2009). Grayscale images have a
single channel with 256 intensity levels, ranging
from O (black) to 255 (white), with intermediate
values representing shades of gray (Kamel &
Zhao, 1993; Kumar & Verma, 2010). RGB color
images consist of three channels red, green, and
blue each stored as an 8-bit matrix of the same
size; a 24-bit RGB image can therefore represent
about 16.7 million colors. A pixel with values (0,
0, 0) is black, a pixel with values (255, 255, 255) is
white, and a pixel with values (255, 0, 0) is pure
red (Danahy et al., 2007). RGBA images contain
a fourth (alpha) channel that stores transparency
information.
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FINDINGS AND DISCUSSION

Machine Learning Modeling

Database

To develop the compressive strength model, a
database of 117 experimentally measured com-
pressive strength records of slag-based geopoly-
mer concrete with NaOH concentrations of 4-8

M was used (Waris et al,, 2022). The data were
preprocessed in MATLAB, and 75% of the records
(88 data points) were assigned to training and
25% (29 data points) to testing. The output vari-
able was the compressive strength. The workflow
of the research is shown in Figure 4. (Fig. 4)

1. Specimen preparation

+ Slag-based geopolymer mix
« Casting of cylinders
+ Sectioning and polishing

« Surface cleaning

2. Image acquisition

* High-resolution imaging
= Uniform diffuse lighting

» Lossless format (PNG/TIFF)

3. Image preprocessing

+ Grayscale conversion
+ Histogram equalization
+ Noise removal, Canny edges

+ Thresholding, watershed

4. Phase quantification

5. GEP modelling

6. Evaluation

+ BGR to HEV conversion
+ HSW ranges and masks
+ Pixel counting

+ Coverage percentages

* 117 compressive strength records
= Six mix-design and age inputs
= Training/testing split

+ Explicit CS expression

",

Figure 4: Workflow of the research

+ R, RMSE, MAE
+ Training vs. testing
+ |nterpretation of results

+ Limitations

As expressed in Equation (1), the input vari-
ables of the compressive strength (CS) model
were the coarse aggregate content (CA), fine ag-
gregate content (FA), specimen age (AS), NaOH
molarity, sodium silicate-to-sodium hydroxide
ratio (Na,SiO3;/NaOH), and GGBS content.

CS = f (CA, FA, AS, Molarity, Na,SiO;/NaOH,
GGBS) (1)

The descriptive statistics of the variables (min-
imum, maximum, mean, and standard devia-
tion) are reported in Table 3. The standard de-
viation indicates the spread of the data around
the mean; the relatively large standard devi-
ations show that the database covers a wide
range of mix designs and ages, which is favor-
able for model development. Figure 5 presents
the Pearson correlation coefficients between
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the input and output variables. The coefficient
ranges from -1 to 1, where 1 indicates a perfect
positive correlation, 0 no linear correlation, and
-1 a perfect negative correlation. Specimen age
showed the strongest positive correlation with
compressive strength, whereas the remaining
variables showed weak to moderate correla-
tions, confirming that compressive strength
cannot be described by any single variable. (Tab.
3 and Fig. 5).

Gene Expression Programming Method

Gene expression programming (GEP) was in-
troduced by Ferreira (2001). Like the genetic
algorithm (GA) and genetic programming (GP),
GEP evolves a population of candidate solutions
by selecting individuals according to a fitness
function and applying genetic operators such as
mutation, transposition, and recombination. GA
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Table 3: Descriptive statistics of the model variables

Variable Mean Standard Deviation Minimum Maximum
CA 827.50 88.02 518.96 960.30
FA 854.2 114.8 468.4 1035.6
AS 41.67 35.39 7.00 90.00
Molarity 6.000 1.640 4.000 8.000
Na,Si0;/NaOH 2.0171 0.3880 1.5000 2.5000
GGBS 318.04 35.95 265.52 379.31

CS (MPa) 62.93 10.95 37.70 90.11

A

As

R

Molarity

NAZSI03/NaOH

GGBS I .

[<¥:1

ca FA AS Molarity ~ NA25I03/Na... GGBS

Figure 5: Pearson correlation matrix of the input and output
variables.

encodes solutions as fixed-length linear strings
and GP as parse trees of variable size and shape;
GEP combines both features by encoding indi-
viduals as fixed-length linear chromosomes
that are expressed as expression trees of differ-
ent sizes and shapes (Ferreira, 2001). The algo-
rithm starts by generating an initial population
of chromosomes, either randomly or using prior
knowledge of the problem. Each chromosome is
expressed as an expression tree and evaluated
using the fitness function; the evolution con-
tinues until a satisfactory solution is found or
a predefined number of generations is reached,
and the best individual is returned as an explicit
mathematical expression. This explicit output is
the main advantage of GEP over black-box mod-
els such as artificial neural networks.

Model performance was evaluated using the
correlation coefficient (R), root mean square
error (RMSE), and mean absolute error (MAE),
defined in Equations (2)-(4), where y; and §; are

the measured and predicted values of the i-th
data point, y and the overbar on § denote the
corresponding mean values, and n is the num-
ber of data points.

Yie i =) (yl - 57)

VB0~ 9P 55~ 5)

R= )

n
1
RMSE= |- (=907 (3)
i=1

n
1
MAE==Dly -5l (4)
i=1

Image Analysis Procedure

The image analysis procedure used to quantify
the constituents of the concrete specimens con-
sisted of the following stages.

Preparation and Preprocessing

Step 1: Preparation of the specimens

Before imaging, the specimens were pre-
pared as follows (Fig. 6):

*Sectioning: the cylindrical specimens were
cut to expose a cross-section suitable for imag-
ing.

*Surface polishing: the cut surface was
ground and polished to obtain a smooth, uni-
form surface and a clear image of the aggregates.

*Surface cleaning: dust and loose particles
were removed from the surface to avoid image
artifacts.
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Figure 6: Preparation of the specimens prior to image anal-
ysis.

Step 2: Imaging of the specimens
Images of the prepared cross-sections were cap-
tured as follows:

*Camera: a high-resolution digital camera
was used.

Lighting: uniform, shadow-free,
lighting was used to enhance contrast.

sImage format: the images were saved in
lossless formats (TIFF or PNG) to avoid compres-
sion artifacts.

Step 3: Image preprocessing

The preprocessing stage, which aimed to
improve image quality and reduce noise, is il-
lustrated in Figure 7 and comprised the follow-
ing operations (Ozen & Guler, 2014; Han et al,,
2016):

*Grayscale conversion: the color image was
converted into a grayscale image.

*Contrast enhancement: histogram equal-
ization was applied to improve the distinction
between the aggregates and the binder matrix.

*Noise removal: smoothing filters were ap-
plied to reduce image noise.

*Edge enhancement: the Canny edge detec-
tor was applied to detect the aggregate bound-
aries.

The aggregates were then separated from the
binder matrix as follows:

*Thresholding: adaptive thresholding was
used to separate regions of different intensity:.

*Segmentation: the watershed algorithm

diffuse
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was used to separate touching aggregate parti-
cles.

*Boundary refinement: the separated bound-
aries were examined and refined.

*Connected component labeling: the num-
ber and position of the aggregate particles were
determined.

Grayscale Image

Histogram Equalization

Edge Detection (Canny)

Figure 7: Image preprocessing stages.

Extraction of Aggregate Features
The quantification of the aggregates and of the
slag-rich binder phase involved identifying and
separating the material phases (aggregate, bind-
er matrix, and voids) in the cross-sectional im-
ages, followed by:

*Connected component analysis to count the
aggregate particles;

*Determination of the area of each particle
from its connected pixels;

Calculation of the average particle dimen-
sions from the particle size distribution.

Phase Segmentation Stages

Conversion of the Image to the HSV Color Space
The color image was converted from the BGR
(blue, green, red) color space used by OpenCV
to the HSV (hue, saturation, value) color space.
HSV separates chromatic information (hue
and saturation) from brightness (value), which
makes color-based classification less sensitive
to variations in illumination.

Determination of Color Ranges

Color ranges were defined in the HSV space for
each constituent (gravel, sand, and slag-rich
binder) and adjusted according to the colors
observed in the images (Fig. 8). On the OpenCV
scale (H: 0-179; S and V: 0-255), the following
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ranges were used:
*Gravel: H=20-30,S =100-255,V =100-255.
*Sand: H = 10-20, S = 50-255, V = 50-255.
«Slag-rich binder: S = 0-50 and V = 100-255
(bright, low-saturation regions) for all hues.

Figure 8: Cross-sections of the geopolymer concrete speci-
mens used to define the HSV color ranges.

Generation of Masks

A binary mask was generated for each constit-
uent using the cv2.inRange function in Python.
In each mask, the pixels belonging to the con-
stituent are white (255) and all other pixels are
black (0).

Pixel Counting
The number of white pixels in each mask, which
represents the area of the corresponding con-
stituent in the image, was counted using cv2.
countNonZero. Figure 9 illustrates the interme-
diate outputs:

*Original image (a): a grayscale rendering of
the cross-section in which the aggregates (grav-
el and sand), the slag-rich phase, and the matrix
can be distinguished.

*Processed image (b): the image after con-
trast enhancement and intensity transforma-

tion, in which the constituents are separated
according to their visual features.

*Binary image (c): the final output, in which
the pixels are assigned to bright regions (ag-
gregates and slag-rich phase) or dark regions
(matrix); this image is used to quantify the area
fraction and distribution of the bright phases.

Calculation of Coverage Percentage

The coverage percentage of each constituent
was calculated using Equation (5), where N is
the number of pixels assigned to the constituent

and N, is the number of pixels in the reference
area:

Nphase
Coverage (%) = ——x 100 (5

total

Figure 9: Pixel classification of the geopolymer concrete sec-
tion: (a) original image, (b) processed image, and (c) binary
image.

RESULTS AND CONCLUSION

Results of Image Analysis

The coverage percentages of gravel, sand, and the
slag-rich binder phase were calculated by color
segmentation and pixel counting using the Py-
thon code shown in (Fig. 10).

The binary classification of the cross-section (Fig.
9c) yielded the following coverage percentages:

*Bright regions (gravel, sand, and slag-rich
phase): 15.71% of the image area.

*Dark regions (matrix): 84.29% of the image
area. These regions correspond to the reacted
geopolymer binder formed from the alkaline
activator and the precursor.

These values describe the relative distribution
of the bright and dark phases in the section.

The bright regions were then classified using
the HSV masks. Expressed as percentages of the
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import cv2
import numpy as np

def analyze_concrete_image(image_path):
# Load the colour image and convert it to HSV
inage = cv2.imread(image_path)
hsv = cv2.cvtColor(image, cv2.COLOR_BGR2HSV)

# HSV ranges of the three solid phases
lower_gravel = np.array([20, 180, 10@8])
upper_gravel = np.array([30, 255, 255])
lower_sand = np.array([10, 50, 560])
upper_sand = np.array([20, 255, 255])
lower_slag = np.array([0, 0, 100])
upper_slag = np.array([180, 50, 255])

# gravel: Hue 20-30
# sand: Hue 10-20

# slag-rich phase:
# low S, Value 100-255

# Binary masks (255 = phase, 0 = other)
mask_gravel = cv2.inRange(hsv, lower_gravel, upper_gravel)
mask_sand = cv2.inRange(hsv, lower_sand, upper_sand)
mask_slag = cv2.inRange(hsv, lower_slag, upper_slag)
# Pixel counting
gravel_px = cv2.countNonZero(mask_gravel)
sand_px = cv2.countNonZero(mask_sand)
slag_px = cv2.countNonZero(mask_slag)
solid = cu2.bitwise or(cv2.bitwise or(mask_gravel, mask_sand), mask_slag)
solid_px = cv2.countNonZero(solid)
# Coverage of each phase relative to the classified solid pixels
return (100 * gravel_px / solid_px,
100 * sand_px / solid_px,
100 * slag_px / solid_px)
g, s, b = analyze_concrete_image('concrete_section.png')
print(f'Gravel = {g:.2f}%, Sand = {s:.2f}%, Slag = {b:.2f}%")

Figure 10: Python code used for HSV-based phase segmenta-
tion and pixel counting.

classified solid-phase pixels, the coverage of each
constituent was as follows:

*Gravel: 35.67%

Gravel covered 35.67% of the classified solid
phase, reflecting the substantial contribution of
the coarse aggregate to the load-bearing skeleton
of the concrete.

*Sand: 34.25%

Sand covered 34.25% of the classified solid phase;
the fine aggregate fills the spaces between the
coarse particles and contributes to the compact-
ness of the matrix.

«Slag-rich binder: 30.67%

The slag-rich phase covered 30.67% of the classi-
fied solid phase. Because GGBS is the precursor
of the geopolymer binder, this phase represents
the binder-rich regions that provide cohesion
between the aggregates. The sum of the three
values (100.59%) slightly exceeds 100% because
the HSV ranges are inclusive at their limits (H =
20 for gravel and sand, and S = 50 for sand and
the slag-rich phase), so that a small number of
boundary pixels are assigned to two classes.
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Development of the Compressive Strength Model
The 117 records were introduced into GeneXpro-
Tools 5.0 to derive an explicit expression relating
the compressive strength to the input variables
(CA, FA, AS, Molarity, Na,SiO3;/NaOH, and GGBS).
The resulting GEP expression is given in Equation
(6), where f'c is the compressive strength (MPa);
CA, FA, and GGBS are in kg/m3; AS is the specimen
age (days); and M is the NaOH molarity.

, _( AS + GGBS — 4,23
fle= (Na,Si05/NaOH) x (GGBS — M)

VGGBS
X ( 4,23 —

FA
X '{/10,87(AS + GGBS + 4,23) + GGBS — CA

+ 2,42)

— /Na,Si0,/NaOH + 10,87 + 6,65>

6

Figure 11 compares the predicted and measured
compressive strengths for the training and test-
ing sets. For the training set, the model achieved
R =0.97, RMSE = 5.62 MPa, and MAE = 1.87 MPa;
for the testing set, the corresponding values
were R =0.96, RMSE = 2.66 MPa, and MAE = 1.26
MPa. The high correlation coefficients and the
similar performance on the training and testing
sets indicate that the model captured the non-
linear relationships between the input variables
and compressive strength without evident over-
fitting. The data points are distributed closely
around the line of equality over a range of ap-
proximately 35-90 MPa.(Fig. 11).

Interpretation of Results

The primary objective of the image analysis was
to transform the visual information contained
in a cross-section of geopolymer concrete into
quantitative data that can be used to identify
its constituents and, subsequently, to estimate
the parameters affecting compressive strength.
Unlike conventional assessments based main-
ly on visual inspection or direct measurement,
the present method extracts information on
the internal structure of the specimen through
digital processing and converts it into quantita-
tive variables. Such an approach is particularly
valuable when baseline information on the mix
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Figure 11: Predicted versus measured compressive strength
of the GEP model: (a) training set and (b) testing set.

design of a hardened specimen is unavailable.
The preprocessing results showed that color
space conversion, contrast enhancement, noise
removal, boundary detection, and segmentation
enabled the relative discrimination of the con-
stituents in the cross-section. The HSV space is
advantageous because the color differences be-
tween the constituents can be examined largely
independently of the overall brightness; con-
sequently, the color ranges defined for gravel,
sand, and the slag-rich phase enabled a dedicat-
ed mask to be generated for each phase.

From an engineering perspective, the value
of this stage lies not in the binary image itself
but in its ability to provide information on the
relative proportion and distribution of the con-
stituents. Studies based on two-dimensional
analysis of concrete sections have shown that
the areal fraction of aggregate, particle size,
distribution, shape, and uniformity of disper-
sion provide useful information about concrete
structure (Ozen & Guler, 2014; Han et al., 2016).

However, two-dimensional results must be in-
terpreted with due regard to the distinction be-
tween areal and volumetric quantities: the areal
fraction obtained from an image should not be
equated directly with the volumetric or mass
fraction of the mixture constituents without
stereological correction and validation (Guo et
al., 2015). The performance of the proposed al-
gorithm can therefore be assessed at two levels:
its ability to separate the phases visually and its
capacity to convert this separation into quan-
titative indicators. The pixel-counting results
show that the method converts information on
the principal constituents of the cross-section
into numerical values, which forms the basis for
linking image-derived features to computation-
al models of compressive strength.

Quantitative Analysis of the Distribution of Con-
stituent Phases

After segmentation, the coverage of each constit-
uent was calculated as the ratio of the number
of pixels assigned to that constituent to the total
number of reference pixels, thereby transform-
ing the qualitative structure of the section into
quantitative data. In the binary classification, the
bright regions (aggregates and slag-rich phase)
accounted for 15.71% of the image area, and the
dark matrix regions for the remaining 84.29%.
Within the classified solid phase, the coverage
percentages were 35.67% for gravel, 34.25% for
sand, and 30.67% for the slag-rich binder phase,
indicating that all three phases contribute sub-
stantially to the observed structure. The coarse
aggregate forms the load-bearing skeleton and
reduces the volume of binder required, whereas
the fine aggregate and the binder fill the spac-
es between the coarse particles and govern
the continuity and compactness of the matrix.
These percentages should nevertheless be inter-
preted with caution, because the areal fraction
in a two-dimensional section is not necessarily
equivalent to the mass fraction in the mix de-
sign: the size, shape, and orientation of the par-
ticles and the position of the cutting plane all
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affect the apparent contribution of each phase
(Guo et al., 2015). The main contribution of this
stage is therefore not the individual percentage
values but the demonstration that a hardened
specimen without compositional records can
be transformed, through its image, into a set of
quantitative descriptors that can support the as-
sessment of existing concrete, quality control,
and the examination of specimens with incom-
plete records.

Engineering Interpretation of Aggregate and Bind-
er Distribution
The distribution of aggregates affects stress
transfer, compactness, and the mechanical be-
havior of concrete. A uniform distribution of ag-
gregates within the matrix reduces local stress
concentrations and provides a more continuous
load path, whereas clustering of aggregates or
paste-rich zones leads to heterogeneity and in-
creases the likelihood of stress concentration.
Image-based studies have used the uniformi-
ty of distribution, inter-particle spacing, and
mortar-to-aggregate area ratio to characterize
concrete structure (Han et al., 2016). In the ex-
amined specimen, the segmentation results
allowed the aggregate phases and the binder
phase to be identified separately. The proposed
method can therefore also serve as a basis for
extracting more advanced indicators such as
particle count, particle area, equivalent diame-
ter, aspect ratio, sphericity, perimeter, inter-par-
ticle spacing, and distribution uniformity.
Information obtained from a single image
can thus be extended from a simple coverage
percentage to a set of structural features, in line
with image-based studies that characterize con-
crete through particle size, shape, roundness,
orientation, and spacing (Ozen & Guler, 2014;
Waris et al., 2022). At the same time, the me-
chanical performance of geopolymer concrete
depends not only on the aggregate content but
also on the precursor composition, activator
concentration, ratio of the alkaline solutions,
specimen age, and curing conditions. An image
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of the cross-section can reveal part of the struc-
tural information, but a complete interpretation
of compressive strength requires that image-de-
rived features be used together with mix design
variables and processing conditions.

Relationship Between Image-Derived Features and
Compressive Strength

A key component of the proposed framework is
the computational model for estimating com-
pressive strength. The 117 records were divided
into training (88 records, 75%) and testing (29
records, 25%) sets, and the inputs comprised the
coarse aggregate, fine aggregate, specimen age,
molarity, Na,SiO;/NaOH ratio, and GGBS con-
tent. These inputs are justified by the behavior
of geopolymer concrete, whose compressive
strength results from the simultaneous interac-
tion of the aggregate skeleton, the quantity and
nature of the binder, and the conditions of the
geopolymerization reaction; a simple linear re-
lationship between any single constituent and
compressive strength is therefore not expected,
as also reflected in the correlation matrix (Figure
5). GEP is well suited to such problems because
it searches for nonlinear relationships among
multiple variables and returns them as an in-
terpretable mathematical expression (Equation
6). In the proposed framework, the aggregate
contents estimated from image analysis are in-
tended to replace the corresponding mix design
inputs once the relationship between areal cov-
erage and mix proportions has been calibrated.

Generalizability of the Proposed Approach

A potential advantage of the proposed method
is that it reduces dependence on baseline mix
design information. Conventional data-driven
prediction of the compressive strength of geo-
polymer concrete requires the raw-material and
production variables to be specified in advance,
whereas the ultimate objective of the present
framework is to extract part of this information
from the hardened specimen itself. This distinc-
tion is important in practice. In the assessment
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of existing structures, information on the orig-
inal mix design, material proportions, binder
type, or production conditions may be unavail-
able, and imaging of the cross-section with ex-
traction of geometric and phase-related features
can provide information that is not available
from project documentation. The generalizabil-
ity of the method, however, depends strongly
on image quality, lighting conditions, surface
preparation, differences in the color and texture
of the materials, and the procedure used to de-
fine the HSV ranges. Segmentation studies have
shown that threshold parameters may vary with
the type of cross-section and the imaging con-
ditions (Ozen & Guler, 2014); the use of a fixed
set of thresholds for all specimens must there-
fore be accompanied by adequate validation.
Accordingly, the present results should be inter-
preted as a demonstration of the applicability of
the framework to the studied specimen rather
than as conclusive proof of its performance for
all geopolymer concretes.

This study presented a framework that com-
bines digital image processing and gene ex-
pression programming for the assessment of
slag-based geopolymer concrete sections with
limited technical data. The main conclusions are
as follows:

*HSV-based segmentation and pixel counting
separated the coarse aggregate, fine aggregate,
and slag-rich binder phases of the geopolymer
concrete section, with coverage percentages of
35.67%,34.25%, and 30.67% of the classified solid
phase, respectively; in the binary classification,
the bright regions accounted for 15.71% and the
matrix for 84.29% of the image area.

*The GEP model developed from 117 com-
pressive strength records provided an explicit
expression for compressive strength in terms
of the aggregate contents, specimen age, NaOH
molarity, Na,SiO3;/NaOH ratio, and GGBS con-
tent, with R = 0.97, RMSE = 5.62 MPa, and MAE =
1.87 MPa for the training set and R = 0.96, RMSE
= 2.66 MPa, and MAE = 1.26 MPa for the testing
set.

sImage-derived phase descriptors and the
explicit GEP expression together form a low-
cost, partially non-destructive basis for assess-
ing existing geopolymer concrete whose con-
struction records are incomplete. Full inference
of mix proportions from images requires cal-
ibration against specimens of known compo-
sition, stereological correction, and validation
over a wider range of materials and imaging
conditions, which are recommended for future
work. By supporting the assessment and reuse
of low-carbon geopolymer concrete in urban in-
frastructure, the framework contributes to more
sustainable and energy-efficient construction
practice.
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