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ARTICLE INFO ABSTRACT
Keywords: Advancements in informatics, such as image processing (IP) and machine learning (ML), are increasingly being
Machine learning utilized to evaluate the mechanical properties of reinforced concrete structures. This study focuses on hybrid

Image processing

: concrete (HC), which incorporates cement replacement materials (CRM) like fly ash and silica fume to enhance
Hybrid concrete

. its mechanical performance while promoting sustainability. A novel methodology combining IP with supervised
Cement replacement materials . . .
Silica fume ML models—Support vector machine (SVM), boosted ensemble regression (BRE), and Gaussian process regres-
Fly ash sion (GPR)—was developed to predict the compressive and tensile strengths of HC. A comprehensive dataset was
created using 162 cylindrical specimens prepared with various mix ratios, CRM replacement levels, and curing
durations. High-resolution images of both horizontal and vertical cuts of the specimens were analyzed, and
statistical features were extracted to train the ML models. The results demonstrated the models’ high accuracy in
predicting mechanical properties, with GPR emerging as the most reliable method. The findings confirm the
effectiveness of integrating IP with ML as a nondestructive testing approach for concrete evaluation, offering a
fast, cost-effective, and environmentally friendly alternative to traditional methods. This study underscores the
potential of combining advanced computational techniques with sustainable materials to innovate in concrete

technology.

1. Introduction assessment of structural conditions to enable preventive measures
against potential damage or failure [4]. This process requires regular

Over the past few decades, image processing (IP) and machine monitoring of key physical parameters that indicate a structure’s health,
learning (ML) algorithms have been widely applied to address complex providing quantifiable insights into its current state. Critical physical
challenges across various scientific and technological fields. In civil quantities, such as material properties, accelerations, displacements,
engineering, these advanced methods have gained prominence as and strains, are measured to evaluate the condition of civil structures [5,
alternative solutions for issues related to structural health monitoring 6]. However, obtaining accurate measurements of these parameters
(SHM) and concrete technology [1-3]. SHM involves the continuous poses significant challenges. The process is often complex, requiring
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specialized expertise, and is also time-consuming, labor-intensive, and
expensive. Furthermore, the accuracy of these measurements depends
heavily on the skill and experience of the individuals performing the
monitoring, introducing variability and potential subjectivity into the
evaluation.

Concrete is the most widely used construction material globally,
offering numerous advantages over other building materials, including
durability, strength, cost-effectiveness, and modularity. It comprises a
mixture of blended cement, coarse and fine aggregates, sand, and water.
Concrete plays a critical role in the stability of reinforced concrete (RC)
structures, making it essential to study its mechanical properties to
understand its quality and behavior under load better [7,8]. Among
these properties, compressive strength (f.) and split-tensile strength (f;)
are particularly significant due to their direct impact on structural safety
and concrete performance evaluation. Given its composition of various
components in different proportions, concrete exhibits a complex
anatomy, with its properties strongly influenced by its constituents [9,
10]. As a result, accurately determining its mechanical characteristics
presents a challenge.

Cement replacement materials (CRM) are frequently incorporated
into concrete mixtures, offering several benefits, including enhanced
strength, reduced CO: emissions, and cost efficiency. Silica fume (SF)
and fly ash (FA) are among the most commonly used CRMs in the con-
crete industry [11]. These pozzolanic waste materials react with water
to produce calcium silicate hydrate gel, which acts as a binder and im-
proves the mechanical properties of concrete. Additionally, the micro-
particles of SF and FA fill voids between aggregates, reducing air pockets
and further enhancing concrete properties [10,12,13]. Liu et al. [14]
investigated the impact of SF on the mechanical properties of
ultra-high-performance concrete at varying volume fractions (5 %,
10 %, 20 %, and 30 %). The study found that incorporating SF signifi-
cantly improved mechanical characteristics, though its effect on con-
crete workability was not linear. Other studies have observed that FA
negatively affects mechanical properties in the early stages due to its
slower pozzolanic reaction but contributes to strength development over
time. Conversely, SF consistently enhances concrete properties across all
ages [10,15,16].

Accurately measuring f. and f; is essential given the critical role of
concrete’s mechanical properties in building stability [17,18].
Destructive testing has been the most direct method for determining f.
and f; of concrete [19,20]. This typically involves preparing
standard-sized cylindrical or cubic concrete samples with varying
water-to-cement (W/C) ratios, aggregate quantities, sand content, CRM
proportions, and curing ages to achieve the desired strength. These
specimens are then subjected to crushing in a laboratory using a uniaxial
compression machine to measure f. [21] and f; [22-24]. However,
destructive testing methods are costly, time-consuming, and less suit-
able in the modern era with the advent of nondestructive testing (NDT)
techniques [25]. NDT methods address the challenge of assessing the
current condition of concrete in existing structures, offering an alter-
native to destructive approaches. Commonly used NDT techniques
include ultrasonic pulse velocity (UPV) and rebound hammer (RH) tests,
which are employed to estimate f. both in the laboratory and in-situ. The
UPV test relates f. to the measured velocity, while the RH test uses the
R-value as an indicator [19]. However, these correlations are theoreti-
cally complex, with both velocity and R-value influenced by factors such
as the W/C ratio, CRM content, structural member type, and test con-
ditions [26]. As a result, these methods, while promising, are susceptible
to variability and may lack the precision required for highly accurate
measurements [27]. NDT methods can be combined with core cutting or
partially destructive testing to improve reliability. Nevertheless, tradi-
tional NDT methods are generally inadequate for accurately deter-
mining concrete’s mechanical properties.

With advancements in computer technology, ML algorithms, and IP
techniques have become powerful tools for measuring concrete prop-
erties. ML, a branch of artificial intelligence (AI), is widely used for
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regression, clustering, and classification tasks. Models like decision trees
(DT), boosted ensemble regression (BRE), Support vector machines
(SVM), Gaussian process regression (GPR), and random forests (RF)
offer significant advantages over traditional regression techniques.
These models learn patterns from input data and provide highly accurate
predictions for output data, making them particularly effective for
estimating the mechanical properties of concrete [20,28-31]. In addi-
tion, IP techniques have been applied to various aspects of concrete
analysis, including measuring crack features [32], predicting concrete
properties [33], detecting cracks [34], quantifying bug holes [35], and
analyzing the interfacial transition zone in concrete [36]. For instance,
Ahmad et al. [37] employed supervised ML models to estimate the
strength of concrete at elevated temperatures. Asteris et al. [38] utilized
surrogate ML models to predict f., while Kang et al. [39] applied ML to
predict both f. and f; in silica fume-incorporated steel fiber-reinforced
concrete. Their study employed 11 ML algorithms with k-fold
cross-validation to prevent overfitting.

Bagyigit et al. [40] utilized IP techniques to evaluate the f. of con-
crete. Concrete cube specimens were sectioned and photographed in a
controlled environment to capture internal details. RGB-mode photo-
graphs were converted to grayscale, enabling pixel value extraction for
each concrete component through thresholding and histogram analysis.
By correlating these pixel values with the actual volumes of concrete
constituents, f. was estimated using IP-derived information. Dogan et al.
[41] employed three statistical features—average, median, and standard
deviation—from concrete images to predict f., maximum deformation,
and modulus of elasticity using artificial neural networks (ANN).
Another study [42] combined IP and ANN as a nondestructive method to
estimate f., demonstrating the potential of image features to establish
strong relationships with concrete’s physical properties [41,42]. Peng
et al. [43] applied digital IP techniques to analyze mesoscale fractures in
recycled aggregate concrete. Ghanizadeh et al. [44] used SVM and ANN
to predict the f. of plastic concrete, finding these algorithms highly
effective for strength estimation. Feng et al. [20] employed an adaptive
boosting ensemble technique to improve the accuracy of f. predictions
by building robust learners from weak ones.

Zhang et al. [45] used ML algorithms to predict various mechanical
properties of concrete, including f., f;, tensile strain, and elastic
modulus. The BRE model offered superior prediction accuracy, robust-
ness, and parameter measurement capabilities. Ahmad et al. [28] also
achieved high accuracy in estimating f. using an ensemble algorithm,
validating the model’s performance through k-fold cross-validation.
Koya et al. [46] applied multiple ML techniques—linear regression,
SVM, Gaussian processes, DT, RF, and gradient boosting—to estimate
various physical properties of concrete, including Poisson’s ratio, f, fi,
modulus of elasticity, thermal expansion coefficient, and rupture
modulus. Their comparative study highlighted the SVM model as the
most accurate among the tested algorithms. Zhang and Xu [47] used
GPR to predict concrete’s f, f; porosity, and density, noting its precision,
stability, and robustness. Yetilmezsoy et al. [48] employed GPR, SVM,
and DT with different kernels to approximate the lateral confinement
factor of CFRP (carbon fiber reinforced polymer) wrapped RC columns.
Basaran et al. [49] estimated the bond strength of FRP (fiber-reinforced
polymer) concrete using GPR, SVM, ANN, DT, and multiple linear
regression, demonstrating the effectiveness of these techniques in pre-
dicting concrete properties.

The primary objective of this study is to estimate the mechanical
properties of hybrid concrete using statistical image features and ML
models. Three supervised learning models—SVM, BRE, and GPR—were
employed to predict concrete properties based on six statistical features
extracted from concrete images. To create the dataset, 162 cylindrical
concrete specimens were prepared with mix ratios of 1:3:6, 1:2:4, and
1:1.5:3, using varying W/C ratios (0.4, 0.5, 0.6), cement dosages,
aggregate quantities, sand content, and CRM percentages (0 %, 15 %,
25 %). The curing times were set at 14 and 28 days. SF and FA were used
as CRMs, replacing cement by weight at the specified percentages. The
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specimens were divided into three equal groups (54 specimens each).
One group was tested for f., another for f;, and the third was sectioned
into six slices (three horizontal and three vertical) per specimen,
yielding 324 slices. These slices were photographed, and MATLAB was
used to extract six statistical features—mean, median, standard devia-
tion, skewness, entropy, and third moment—from the images. The
extracted statistical features and f. and f; values formed the dataset for
training and testing the ML models. These models were evaluated for
their ability to predict hybrid concrete’s mechanical properties accu-
rately. The methodology is briefly described schematically in Fig. 1.

The present work is an extension of a previous study by the authors
[50]. In the earlier work, the focus was solely on images derived from
horizontal cuts of the concrete specimens, limiting the analysis to a
single plane. In contrast, the current study incorporates both horizontal
and vertical cut images, providing a more comprehensive perspective to
investigate the distribution and effects of CRM throughout the concrete
cylinder. Furthermore, while the previous study employed only two
supervised learning models—Artificial Neural Network (ANN) and
Adaptive Neuro-Fuzzy Inference System (ANFIS)—to predict the me-
chanical properties of concrete, this work utilizes three distinct super-
vised learning models, namely SVM, BRE, and GPR, to enhance
predictive accuracy and reliability.

2. Overview of image processing and machine learning
algorithms

Image processing involves the application of computer algorithms to
analyze and modify images, extracting relevant information for various
purposes. This field employs tools such as MATLAB, ImageJ, and
specialized Python libraries to process images across multiple domains
[1,51-53]. A fundamental technique in IP is digitalization, which
transforms an image into a digital form. Each element corresponds to a
pixel in a digitized image, representing visual data as a matrix. In a
grayscale image, a pixel, the smallest unit of an image, contains infor-
mation about the brightness or intensity of a specific area [41]. Key
techniques in IP include segmentation, classification, pattern recogni-
tion, digitalization, and image quality enhancement. These methods
enable the interpretation and analysis of images for diverse applications.
For instance, IP is used in biology and medicine to evaluate biomedical
images, in engineering and physics to process spectrometry, and in
aeronautics and aerospace to analyze satellite imagery [54].

Supervised ML techniques rely on labeled data to learn relationships
between inputs and outputs, enabling them to perform tasks such as
regression and classification. These algorithms are capable of recog-
nizing patterns, learning from past examples, and making informed
predictions on new, unseen data. By using these learning capabilities,
supervised ML models can generalize from training data to accurately
estimate outcomes in complex datasets. Numerous ML models, including
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GPR, BRE, SVM, and others, are available for these purposes. Among
them, SVM is a sophisticated supervised learning model used in ML. It
operates on the principles of statistical learning theory and structural
risk minimization. SVM effectively maps input data from a training
dataset into a high-dimensional feature space with precision, enabling
accurate predictions. A crucial factor in the practical training and pre-
cision of SVM in regression tasks is the choice of the kernel function.
Commonly used kernel functions in SVM include the radial basis func-
tion (RBF), polynomial kernel, sigmoid kernel, and linear kernel. The
performance of the SVM model significantly depends on the selected
kernel function. Studies have shown that the RBF kernel typically pro-
vides a higher degree of accuracy compared to other kernel functions
used in SVM [55,56].

BRE is a popular model within the ensemble learning category of ML,
used for both regression and classification tasks. BRE is based on the
principles of learning theory, aiming to improve prediction accuracy
iteratively. The process begins by training an initially weak learner using
the given data. After evaluating the prediction accuracy of this learner,
the training data distribution is adjusted for the next weak learner, with
greater emphasis placed on data points where the previous learner
performed poorly. By assigning varying weights to weak learners, BRE
enhances overall accuracy, transforming the weak learners into a robust
predictive model [20,57].

GPR is a nonparametric supervised ML technique capable of
modeling complex relationships between input and target variables.
GPR defines a prior probability distribution over a latent function,
allowing for flexibility in capturing intricate patterns. The number of
optimizable variables in GPR increases with the size of the dataset,
making it well-suited for both small and large datasets in regression
tasks. Additionally, the predictive performance of GPR can be enhanced
by employing various kernel functions, such as exponential, squared
exponential, Matérn32, Matérn52, and rational quadratic kernels [58].

3. Dataset generation

This section outlines the methodology used to construct the dataset
by integrating statistical features extracted from concrete images with
target values obtained through laboratory testing. It includes a
description of the materials and mix proportions used in preparing the
cylindrical concrete specimens, as well as a detailed explanation of the
image acquisition process.

3.1. Specimen preparation

This study involved casting 162 cylindrical concrete specimens, each
with a diameter of 150 mm and a height of 300 mm, to examine the
factors influencing the ultimate mechanical properties of concrete. The
investigation focused on six key factors: mix ratio, W/C ratio, aggregate

Image Statistical Features

1. Average
2. Median

3. Standard Deviation

4. Skewness

5. Entropy

6. Third Moment

| Input

. Support Vector
Concrete Properties ‘/ \‘ Machine
. Target : .
1. Compressive Strength Machine Learning Boosted Ensemble
2. Split-Tesnsile Strength Techniques Regression
L J Gaussian Process
) ' Regression

Fig. 1. Schematic diagram of the adopted methodology.
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content, compaction technique, curing duration, and the inclusion of
CRM, as summarized in the flowchart in Fig. 2. The W/C ratio, a critical
parameter in concrete production, significantly affects concrete’s sur-
face finish and void content. To study these effects, three W/C ratios
(0.4, 0.5, and 0.6) were used for specimen preparation, following ASTM
C94 [59] and ACI 318 [60] Standards for water quality. Additionally,
three different cement dosages were selected to evaluate the impact of
cement content on concrete color variation.

Table 1 presents the chemical composition of the pozzolanic mate-
rials used in this study, including cement, SF, and FA. The table high-
lights the variation in key chemical components among these materials,
directly influencing their pozzolanic activity and impact on concrete
properties. Loss on Ignition (LOI) is the percentage of weight loss that
appears when a material is heated to a definite high temperature, typi-
cally around 950-1000°C, under controlled conditions. This weight loss
reveals the sample’s volatile substances (such as water, carbon dioxide,
and organic compounds) and combustible materials. LOI is a crucial
parameter in quality control and material characterization for cemen-
titious materials. Cement has the lowest LOI value at 0.64 %, indicating
minimal volatile content and high purity, which is essential for consis-
tent hydration and strength development in concrete. SF exhibits a
higher LOI range of 4-7 %, reflecting the presence of minor organic
impurities or absorbed moisture. FA shows the highest LOI value at
9.01 %, which can be attributed to unburned carbon or other volatile
components from its production as a byproduct of coal combustion.

Table 2 categorizes the specimens into three groups based on CRM
percentages. Each mix ratio, referring to the Cement: Fine: Coarse
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Table 1
Chemical composition of cement, silica fume, and Fly ash.

Silica Aluminum oxide Iron Calcium oxide
(%) (%) oxide (%)
(%)
Cement 22.5 5 4.0 64.25
Silica 84-86 1.0 (max) 2.0-3.5 1.0-1.5
Fume
Fly Ash 57-65  28-32 1-4 1-2

Aggregate ratio (by weight), was assigned a unique identifier, such as
10S0.4 W14D, where 10S represents the total mix ratio components
(1 +3 +6 =10), 0.4 W denotes the W/C ratio (0.4), and 14D indicates
the curing duration in days (14). CRM, is known to enhance the fluidity
of concrete mixes and reduce void ratios per ASTM C31 [61], was added
to 54 of the 81 total specimens. FA and SF were used as CRMs to replace
0 %, 15 %, and 25 % of the cement by weight. Equal quantities of FA and
SF were used in each case; for example, 15 % CRM means 15 % FA and
15 % SF as substitutes for cement.

3.2. Image acquisition setup

Photographs of the prepared concrete slice samples were taken in a
purpose-built room measuring 2.00 m by 2.50 m. Given the significant
impact of image quality on the effectiveness of IP techniques, the
photography setup was fully controlled. Measures were taken to ensure
consistency in noise, lighting, and shadow levels across all images. To

Mix Ratio1. 1:3:6
Mix Ratio2. 1:2:4
Mix Ratio3. 1:15:3

Castingsamples using Ordinary Portland Cement
o 0%, 15%, 25% of SF and FAreplacement
e W/Cat0.4,0.50.6

o 81Specimens were cured for 14 days
e Another 81 specimens were cured for 28 Days

Laboratory Testing

Compression test

Split tensile test

Specimens Cutting

Digital Imaging

Fig. 2. Overview of the experimental workflow, including concrete mixing, specimen casting and curing, compressive and tensile strength testing, specimen cutting,

and controlled image acquisition setup for digital analysis.
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Table 2 block sunlight, black sheets were used to cover all room openings.
Details of specimens mix ratio, CRM and curing. Artificial lighting was provided by two 30 W LED bulbs positioned at
Sample Code Mix Ratio W/C Ratio Curing Period (days) specific angles to illuminate the concrete slices uniformly [41]. A lux
meter (Lutron LX 1109) measured the light intensity, ensuring consis-
10S0.4W14D 1:3:6 0.4 14 . S e -
10S0.5W14D 136 05 14 tent illumination and minimizing unwanted shadows. The images were
10S0.6W14D 1:3:6 0.6 14 captured using a Nikon 3300 DSLR camera with a resolution of 24
780.4W0C 1:2:4 0.4 14 megapixels. The camera’s ISO setting, which determines its sensitivity to
- B - ight, was fixed a . To maintain uniformity, the camera was
750.5W14D 1:2: 4 0.5 14 lieht fixed at 1000. T. t: fi th
750.6W14D Loz 4 06 14 mounted on a stand directly above the samples, with a fixed distance of
5.550.4W14D 1:15:3 0.4 14 y pies, i
5.550.5W14D 1:15:3 05 14 60 cm between the camera lens and the surface of each slice. The
5.550.6W14D 1:1.5: 3 0.6 14 resulting images had a resolution of 6000 x 4000 pixels, ensuring
1050.4W28D 1:3:6 0.4 28 high-quality visuals suitable for IP.
10S0.5W28D 1:3:6 0.5 28
10S0.6W28D 1:3:6 0.6 28
750.4W28D 1:2:4 0.4 28 . .
750.5W28D 1:2: 4 0.5 28 3.3. Imaging of concrete specimens
750.6W28D 1:2:4 0.6 28
5.550.4W28D 1:1.5:3 0.4 28 For photographic analysis, 54 specimens were selected, with one
5.550.5W28D 1:1.5:3 05 28 representative sample from each category. The cutting process, illus-
5.550.6W28D 1:1.5:3 0.6 28 . P . s
trated schematically in Fig. 3, was performed in two stages. Initially, two
horizontal cuts divided each specimen into three slices. Subsequently,
; Horizontal Faces
Three slices
Top of Slice Bottom of Slice
i
©
-
o
-~
v
A
©
-
o
-~
. A
A
©
-
o
~
. A

Vertical Faces
Left Face Right Face

Fig. 3. Schematic diagram of transforming concrete specimen into horizontal and vertical faces.

v
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A1
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Fig. 4. Faces of concrete slices obtained from horizontal cutting.

e,

Al Aii Bi

Bii

Fig. 5. The faces of concrete slices were obtained from vertical cutting.

vertical cuts were made to split each horizontal slice into two parts,
resulting in six distinct vertical faces per specimen. This segmentation
allowed for a detailed study of how aggregate distribution affects the
mechanical properties of concrete.

Relying solely on images of the top surface without cutting the
specimens could lead to inaccurate conclusions, as fine materials often
accumulate on the upper surface of concrete [62,63]. To ensure accurate
evaluation, all faces of the sliced samples were examined. This approach
provided critical insights into parameters influencing concrete’s me-
chanical properties, including cement paste characteristics, void ratio,
and aggregate distribution. An example of the faces of concrete slices
obtained from horizontal cutting is presented in Fig. 4. It depicts the six
faces of the horizontal cut of each slice of the concrete cylinder. Al is the
top surface of the topmost slice, as illustrated in Fig. 3; A2 is the bottom
surface of the topmost slice. Similarly, B1 is the top surface of the middle
slice, B2 is the bottom surface of the middle slice, and C1 is the top
surface of the bottom slice, with C2 as the bottom surface of this slice.

Fig. 5 illustrates an example of the faces of concrete slices obtained
from vertical cutting. It shows the six faces of the vertical cut of each
slice of the concrete cylinder. Ai is the left face of the topmost slice, as
illustrated in Fig. 3; Aii is the right face of the topmost slice. Similarly, Bi

is the left face of the middle slice, Bii is the right face of the middle slice,
and Ci is the left face of the bottom slice, with Cii as the right face of this
slice, as illustrated in Fig. 3 and Fig. 5.

3.4. Laboratory testing

Traditional destructive testing methods were employed to evaluate
the mechanical properties of concrete specimens. Compression and split-
cylinder tests were conducted on the hardened concrete samples to
analyze their behavior under compressive and tensile forces, as illus-
trated in Fig. 6.

3.4.1. Compressive and split-tensile strength

The prepared cylindrical concrete specimens with cement content
incorporating CRM, such as FA and SF, were tested for compressive
strength. CRM was used to replace 0 %, 15 %, and 25 % of the cement by
weight. The f. of the hardened concrete was determined through a
compression test conducted in accordance with ASTM C39 [21], as
depicted in Fig. 6(b). There are 18 specimens, one from each category,
and for each there are 3 CRM levels, resulting in 54 values of f; in
general. The split-tensile strength test was conducted in accordance with
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(b)
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Fig. 6. Experimental setup for data acquisition: (a) compression test; (b) split-tensile test; (c) imaging.

the ASTM C496 [22] standard, as depicted in Fig. 6(c).

3.5. Statistical feature extraction through image processing

The images of the concrete slice samples were processed using a
MATLAB-based IP tool and converted into matrix form with a resolution
of 4000 x 6000 pixels. To ensure that only the relevant concrete regions
were analyzed, the background was cropped from each image. Origi-
nally captured in full color (RGB), the images were then converted to
grayscale by applying a weighted combination of the red (R), green (G),
and blue (B) channels, as described in Eq. (1).

GS = 0.298-R + 0.589-G +0.113-B (@)

R, G, and B represent a pixel’s red, green, and blue color components,
and GS is the adjusted grayscale component. The grayscale images were
then resized to 256 x 256 pixels. These matrices served as input seg-
ments for prediction models, where each pixel value represented the
appearance and brightness of specific points in the concrete samples.

Several statistical features—arithmetic mean, standard deviation,
median, third moment, skewness, and entropy—were extracted from the
grayscale images to enhance the accuracy of predictive models. These
features were selected due to their simplicity, computational efficiency,
and effectiveness in capturing global intensity distributions. Impor-
tantly, these features are inherently rotation-invariant, which supports
the generalization of our method across images with varying orienta-
tions. In contrast, while texture features, e.g., Haralick descriptors, can
capture spatial patterns, they are not inherently rotation-invariant, are
more sensitive to noise, and often involve higher computational costs.
The selected features provided essential insights into the texture and
distribution properties of the concrete samples and were utilized for

Table 3

Statistical features from images.
Features Expression  Description
Mean M Measure of average intensity
Median Me Middle value of a pixel in an ordered column
Standard deviation Std The measure of average contrast
Third moment Mo The measure of the distribution skewness
Entropy E The measure of randomness in pixels
Skewness Sk The measure of asymmetry in matrix

training ML models [41,64,65]. Table 3 provides a detailed summary of
these features and their mathematical expressions can be found in Egs.

(2)-(7) [42].

1 k
CapM = DV (@)
)]

C)
)

(6)

Sk = Sl @

V shows the variable values in the digitized matrix, M denotes their
mean value, k is number of values of the variable and Me is the median
value. Std denotes the standard deviation, Mo denotes the third moment,
¢ contains the normalized histogram counts, and E is the entropy, while
Sk is the skewness value.

To facilitate efficient data handling, the data matrix was further
reduced to a size of 6 x 256 (1536 values). This matrix consisted of six
rows and 256 columns, with each row corresponding to one of the sta-
tistical features—mean, median, standard deviation, third moment,
entropy, and skewness, extracted for each sample image. This dimen-
sional reduction preserved critical information for model training and
prediction while optimizing data management.

For each specimen, a combined matrix of size 12 x 1536 was con-
structed, integrating data from twelve images of the concrete sample
(see Fig. 4 and Fig. 5). This matrix encompassed 1536 values per spec-
imen, representing the extracted statistical features. Local Binary Pat-
terns (LBP), shown in Fig. 7 and Fig. 8, were derived from images of
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Fig. 7. LBP of horizontally cut concrete slices (Al, A2, B1, B2, C1, C2).

horizontal and vertical cuts of the concrete samples. LBP is a powerful
image processing technique that captures the texture characteristics of
an image by encoding the spatial structure of pixel intensities. Specif-
ically, it analyzes a pixel’s relationship with its surrounding neighbors
and assigns a binary value based on whether the neighboring pixel in-
tensities are higher or lower than the central pixel. The resulting LBP
values provide a compact and informative representation of the image’s
texture. In the context of this study, LBP highlights the distribution and
uniformity of aggregates, voids, and other features within the concrete.
By offering detailed insights into the microstructural patterns of the
samples, LBP enables a nuanced analysis that goes beyond conventional
histogram-based approaches, making it particularly effective for iden-
tifying subtle texture variations in concrete surfaces.

Fig. 7 shows texture analyses for six concrete surface images, labeled
Al, B1, C1, A2, B2, and C2, each accompanied by its Local Binary
Pattern (LBP) frequency distribution histogram. In Al, the histogram
shows that most LBP values are concentrated below 0.4, with a strong
peak between 0.1 and 0.3, indicating a smoother and more uniform
surface texture. In contrast, Bl exhibits a relatively balanced

distribution across 0.1-0.5, with the highest frequency between 0.2 and
0.4, suggesting a rougher surface with greater textural complexity.
Similarly, C1 displays a distribution centered around 0.2-0.4, though
slightly more skewed towards lower LBP values than B1. For A2, most
LBP values again fall below 0.4, but with a more even spread than Al,
pointing to a moderately smooth surface. B2’s histogram closely mirrors
that of B1, with the highest frequencies around 0.2-0.4, reinforcing the
observation of a rough texture. Lastly, C2 peaks in the 0.2-0.4 range but
maintains a lower frequency at higher LBP values, suggesting a texture
somewhat smoother than B2 but rougher than Al. Overall, the histo-
grams reveal that Al has the smoothest texture, while B1 and B2 have
rougher and more varied textures, with C1 and C2 exhibiting interme-
diate characteristics.

Similarly, Fig. 8 illustrates the texture analyses of six concrete sur-
face images labeled Ai, Aii, Bi, Bii, Ci, and Cii, each accompanied by its
corresponding LBP frequency distribution histogram. In all six cases, the
LBP values are predominantly concentrated in the lower range, partic-
ularly between 0 and 0.4. For Ai and Aii, the histograms show a strong
peak between 0 and 0.2, with a gradual decline towards higher values,
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Fig. 8. LBP of vertically cut concrete slices (Ai, Aii, Bi, Bii, Ci, Cii).

and only a few frequencies observed beyond 0.6, suggesting a smooth
and relatively uniform texture. Similarly, Bi and Bii demonstrate high
frequencies at LBP values between 0 and 0.2, with fewer occurrences
between 0.2 and 0.4, and minimal frequencies beyond 0.6, indicating
comparable smoothness but slightly more textural variation than A
samples. The Ci and Cii samples also show the highest frequencies in the
0-0.2 range, with a quick drop-off beyond 0.4, again suggesting surfaces
that are largely uniform but potentially have finer texture differences
than the A and B samples. Overall, across all samples, the dominant
presence of low LBP values (especially below 0.4) reflects the generally
smooth nature of the concrete surfaces, with minor variations between
groups.

Fig. 9 presents the LBP histograms for the top faces of concrete
specimens with a fixed mix ratio of 1:3:6, varying across different W/C
ratios (0.4, 0.5, and 0.6) and CRM contents (0 %, 15 %, and 25 %). Each

subplot includes a grayscale image of the concrete surface along with its
corresponding LBP histogram, which quantifies texture distribution
across the surface.

The figure demonstrates how both W/C ratio and CRM content in-
fluence the surface texture of the concrete, as reflected in the LBP value
distributions. For instance, mixes with higher CRM percentages gener-
ally show narrower and more concentrated LBP distributions, indicating
smoother and more uniform surface textures. This trend is particularly
evident in the 0.4 and 0.5 W/C ratio rows, where the peak of the LBP
histogram becomes sharper and shifts leftward as CRM content increases
from 0 % to 25 %.

These textural changes correspond to the microstructural refinement
induced by the pozzolanic activity of silica fume and fly ash, which fill
voids and create a denser matrix. Additionally, variations in W/C ratio
affect the moisture content and pore structure, which are also captured
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Fig. 9. LBP of 10S mix ratio at different W/C ratio and CRM.

by differences in the LBP histograms. The figure supports the observa-
tion that image-based texture features are sensitive to material compo-
sition and can be effectively used to infer properties such as f, thereby
reinforcing the potential of the proposed image processing approach for
nondestructive concrete evaluation.

Additionally, the impact of FA and SF on air voids within the con-
crete highlights how these additives alter the microstructure, thereby
enhancing the material’s overall durability.

Edge detection using the Canny method was employed to identify
key features of the concrete specimens, such as aggregates, air gaps, and
other structural components visible on the cut surfaces. This algorithm
calculates intensity gradients within the images, effectively capturing
only significant transitions while filtering out noise. The processing
delineated two primary regions: (i) the edges outlining concrete
boundaries and (ii) areas deemed non-relevant, which were excluded.
Fig. 10 illustrates the original image alongside its edge-detected coun-
terpart, showcasing the effectiveness of this method in isolating critical
structural details.

10

The Canny edge detection algorithm operates through a series of
precise steps: noise reduction using a Gaussian filter to smooth the
image, calculation of intensity gradients to detect areas of rapid pixel
value change, non-maximum suppression to refine and retain only sharp
edges, and edge tracking through hysteresis to ensure reliable detection.
Unlike masking, which simplifies the image into binary regions, the
Canny method preserves intricate details, such as the outlines of ag-
gregates and fine cracks, providing a more comprehensive representa-
tion of the concrete’s texture. Its ability to adapt to varying lighting and
texture conditions makes it superior to traditional binary thresholding,
ensuring robustness even in challenging imaging scenarios. This
enhanced detail and adaptability significantly improve the accuracy of
subsequent analyses.

4. Prediction methodology

The statistical feature matrices extracted from concrete images,
along with physical testing data containing f. and f; values obtained in
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Section 3, were used as input and output data for the ML models. These
models were developed to predict the mechanical properties of concrete
based on image-derived features. This section provides details on
building the ML models—SVM, BRE, and GPR—and explains how the
dataset was utilized in the prediction process.

4.1. Support vector machine (SVM) model

SVM was introduced by Vapnik [66] to address high-dimensional
problems. SVM is applicable to both regression and classification tasks
[55]. In this study, SVM was utilized as a nonlinear regression model to
predict the f. and f; values of hybrid concrete based on statistical features
extracted from images. These statistical features served as predictors,
while the laboratory-measured f. and f; values were the response vari-
ables in the SVM model.

For the developed dataset, the SVM regression function is mathe-
matically expressed as Eq. (8):

11

f(a) =w-®(a) +b ®
where w represents weight vector, @(a) is the mapping function, and b
denotes the bias. The Flatness of f(a) is the Euclidean norm of the weight
vector || w||?, which should be minimized. For f(a;) to be optimal, the
deviation between f(a;) and y; must be smaller than ¢. The insensitive
factor (¢) measures the acceptable deviation level, and the deviation is
computed using the following loss function and expressed as Eq. (9):

L :{0«, i —fla)| <e
¢ i —fla)l—&, |yi—fla)|>e

In this loss function, f(a) is influenced only by training points outside
the e-region, termed support vectors, while points inside the e-region do
not contribute to the optimization process. This issue is addressed using
structural risk minimization, expressed as Eq. (10) [29]:

©)
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where &; and & are slack variables to handle infeasible constraints, and C
is a penalty term compensating for points within the e-region. To
minimize the loss, the following constraints apply and expressed as Eq.
(11):

Yi—w®(a)—b < e+
D(a)+b-y; < e+¢ an
&=0
& =0

Lagrange multipliers (e;, €], 4;, 4;) are introduced in Eq. (12) and Eq.
(13), to solve the problem. The multipliers should be non-negative, and
the resulting equation of loss function is given as Eq. (14). However,
Lagrange multipliers can be applied in conjunction with Karush-Kuhn-
Tucker (KKT) complimentary conditions (cc) given in Eq. (15) to ach-

ieve optimum SVM function [29,55]. The weight vector w for the

regression is determined through solving the expression w =
k «

Yia(e —e) @)

Lé‘,W,b,e.ﬂ = 5

- ei (ei(e+ & —yi +w-D(a) +b))

i=1
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WP +CY (6 )
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Eq. (16) represents the SVM regression function without incorpo-
rating a kernel function. Based on recommendations from previous
studies [67,68], the RBF kernel is employed in this study. The perfor-
mance of the SVM model with the RBF kernel is primarily influenced by
sample variance and regularization. The mathematical expression for
the RBF kernel is provided in Eq. (17) and Eq. (18) which represents the
SVM regression function with the RBF kernel.

:Xk:(e_

i=1

Gla,a) = exp(ﬂai ~qf /62>

®(a;)-a+b 1e6)

a7
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Eq. (18) represents the nonlinear regression function of SVM used in
this study to predict the mechanical properties of HC based on image
features. The model’s estimation performance can be evaluated using
appropriate performance indicators.

e —¢€)G(ai,q) +b

4.2. Boosted ensemble regression (BRE) model

Ensemble regression combines multiple supervised learning models
to improve the accuracy of predictions compared to a single base model.
The individual models within the ensemble are referred to as base
learners. Ensemble methods leverage the information gained from each
weak learner, adjusting bias and variance to enhance the performance
and reliability of the final response value [69].

Two commonly used ensemble techniques are boosting [70] and
bagging [71]. Bagging is a parallel approach that is particularly effective
for high-variance estimations. In bagging, base learners are trained
independently on subsets of the training data, and their predictions are
averaged to produce the final output. Boosting, in contrast, is a
sequential technique designed to address high bias and variance in es-
timations. In boosting, new learners are built sequentially, using the
data and errors from previous weak learners. This process places greater
emphasis on data points with higher inaccuracies in each iteration,
increasing the estimation power of the model [72].

Through multiple cycles, the weak learners are iteratively refined,
and their predictions are combined to construct a robust and reliable
predictive model [30,55]. The mathematical formulation of ensemble
algorithms is provided in Eq. (19).

f(a) =z — nf(a)

In this context, f(a) represents the new learner, k denotes the sample
number in the dataset, zx is the ground truth, f(ax) represents the cu-
mulative prediction of the previous weak learner, and 7 is the learning
rate. Boosting algorithms introduced by Friedman [71], such as LSBoost,
MBoost, and LADBoost, utilize different loss functions. For instance,
LSBoost employs the least squares loss function, MBoost uses the Huber
loss, and LADBoost is based on the least absolute deviation. In this study,
the LSBoost function was applied with ensemble algorithms to estimate
the mechanical properties of HC using the generated dataset.

The implementation of the LSBoost algorithm for this problem as, the
model is initially set to the average of the target values, denoted by z, as
Eq. (20).

fola) =

For m iterations during modeling:

For m=1, and for i=1 to N (the number of datasets), pseudo-
responses (z) are calculated using the target values (zx) and the
model’s predicted values, as Eq. (21).

19)

(20)

7=z —fo1(@) 21

The pseudo-responses (z) are optimized using the least squares
function as follows, as Eq. (22).

N

(@m, bm) = argmin, , Z [ — ah(a; b)]?

i=1

(22)

Here, h(a;b) represents the boosted weak model.
The generalized LSBoost ensemble regression algorithm for m itera-
tions is formalized in Eq. (20) and as expressed as Eq. (23)

fm(a@) = f-1(a) + anh(a; by)

Key parameters influencing the prediction performance of the
boosting algorithm are the number of trees and the learning rate [69,

(23)
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72]. To avoid overfitting during training, researchers [73] recommend
selecting a low learning rate.

4.3. Gaussian process regression (GPR) model

GPR is a nonparametric probabilistic supervised learning technique
within ML, known for its ability to capture complex relationships be-
tween predictors and responses with high accuracy [58]. GPR is appli-
cable to both regression and classification tasks. It defines a probabilistic
distribution over a latent function to interpolate observations, allowing
the deviation of Gaussian probability from actual values to be computed
[69]. This deviation helps GPR identify the necessary refinements in
regions of interest, making it an efficient tool for regression problems
[47].

The performance of a GPR model can be enhanced through the use of
kernel functions. In this study, kernel-based GPR is applied as a
nonlinear regression tool to predict the mechanical properties of HC.
The squared exponential kernel, expressed in Eqs. 20 and 21 [47,69], is
used in the GPR model.

For the dataset D = (a; 2;), where q; represents the statistical image
features matrix of size mxn, and z; is the laboratory values vector of size
mx 1, the GP function is defined in Eq. (24).

f(a) = GP(m(a) . k(a,d)) (24
Where m(a) is mean function and k(a,a’) represents the covariance
function as Eq. (25).

2
lla — 7|

T )+ 628(a, )

k(a,d) = ofexp(— (25)

Where 0}% is the maximum acceptable variance for the function, [ is the

length parameter, 5(a,d) denotes Kronecker delta function. Noisy
output (O) of the GPR model can be computed through function (f(a))
with Gaussian noise .2” of the model for n observations subjected to

normal distribution [d(0, ¢2)] with mean = 0 and variance = ¢® as
expressed in Eq. (26).
O =fla)+< (26)

Covariance is the significant parameter of GPR, it calculates the ef-
fect of outputs with each other. To achieve ultimate performance, it is
recommended to compute the following three covariance matrices for
the previous input vector (a) and new input vector (a.), as discussed in
Egs. (27)-(29).

k(@,a) k(a,a) ... k(ay, a,)

- k(aZ., @) k(aa) ... k(az., a,) -
k(ana) k(anar) ... k(an, a,)

K. =[k(a,a) kia,a) kia,a)] (28)

K. =k(a.,a.) (29)

The probability density function as discussed in Eqgs. (30)-(32).

p(0*|t) = d(mean, Var) (30)
Mean(0,) = K.K 'O (31)
Var(0,) =K., — K.K K" (32)

Based on the above mathematical formulations, the estimated value
of the GPR model corresponds to the mean of the distribution, while the
variance of the distribution quantifies the uncertainty. The model pa-
rameters, o, and k, are determined using Bayesian theory by specifying
the hyperparameters of the GPR function [47,58].
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5. Results and discussions
5.1. Effect of CRM on mechanical characteristics

In this section we examine the laboratory test results and in partic-
ular how the presence of CRMs affects the mechanical characteristics of
hybrid concrete, in terms of f; and f;. Several factors influence the me-
chanical characteristics of concrete, including the W/C ratio, curing
conditions, the presence of CRMs, cement content, compaction method,
aggregate size, and specimen shape. FA and SF, as CRMs, exhibit
pozzolanic activity, enhancing the formation of calcium silicate hydrate
and improving the strength of HC. FA’s pozzolanic reaction is slower,
contributing to increased compressive strength at later ages, while SF
demonstrates PA at earlier stages [10,15,16]. The results for the
compressive strength are presented in Fig. 11 for the 14-days and the
28-days curing period.

Initially, concrete containing SF and FA shows relatively low
compressive strength, but this strength increases significantly with time,
particularly at 28 days, as illustrated in Fig. 11. For instance, at 14 days,
a specimen with 0 % SF and FA (blue bar) and a W/C ratio of 0.4 (i.e.
case 5.550.4W14D) achieves the maximum f, of approximately 16 MPa,
whereas a similar specimen containing 25 % SF and FA reaches 24 MPa
(green bar for the same case). This trend remains consistent across other
mix ratios, highlighting the beneficial impact of CRMs on the mechan-
ical properties of concrete. FA exhibits a delayed pozzolanic reaction,
while SF initiates its PA earlier, contributing to the gradual increase in
compressive strength at later ages [10,15,16].

The results for f; are presented in Fig. 12 following a similar pattern.
The data indicates that cylindrical samples without CRM (0 % replace-
ment) exhibit significantly lower f; compared to those incorporating
CRM. This improvement in f; is attributed to the enhanced interfacial
bond within the concrete matrix, achieved by replacing cement with
finer materials like SF and FA [10,15,16]. The finer particle size of SF
and FA, relative to traditional cement, results in denser packing and
improved adhesion between the cement paste and aggregates, thereby
enhancing the tensile properties of the modified concrete in all exam-
ined cases.

In general, the results indicate that incorporating SF and FA posi-
tively impacts the strength of HC. HC specimens containing 25 % CRM
(SF and FA) demonstrated superior strength compared to those with
15 % or 0 % CRM. This enhancement in strength is attributed to the
increased pozzolanic effect provided by the presence of SF and FA.

5.2. Analysis of models’ performance

To ensure accuracy, predictive models must be validated using
appropriate techniques. Two common validation methods are (i) single
validation and (ii) k-fold cross-validation [28]. In the single validation
method, the dataset is randomly split into training and testing sets. The
training set is used to build strong learners from weak base models,
while the testing set evaluates the model’s prediction accuracy. Typi-
cally, the dataset is divided in an 80/20 ratio, with 80 % for training and
20 % for testing, though other ratios such as 70/30 or 90/10 can also be
used [20].

The k-fold cross-validation method, based on the Jackknife test, re-
duces data bias by randomly dividing the dataset into k equal subsets.
The model is trained using (k-1) subsets, while the remaining subset is
used for validation. This process is repeated k times, and the average
accuracy of all iterations is calculated. A 10-fold cross-validation is often
preferred for ensuring generalization and reliability of model perfor-
mance [46].

In this study, both 10-fold cross-validation and the 80/20 single-
validation method were applied. Additionally, the model’s perfor-
mance was assessed using five performance indicators: Pearson’s cor-
relation coefficient (R), coefficient of determination (R?), mean absolute
error (MAE), mean absolute percentage error (MAPE), mean squared
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Fig. 11. Laboratory obtained values of compressive strength f. of hybrid concrete for different percentages of CRM.

error (MSE), and root mean square error (RMSE). A detailed investiga-
tion of performance metrics in regression analysis and ML-based pre-
diction models can be found in [74]. The mathematical definitions of
these indicators are provided in Egs. (33)-(38), where P represents the
predicted (estimated) value, T represents the target values, P is the mean
predicted value, and T is the mean target value.

> (P —P)(T; - T)
R=—2 (33)
\/Z (Pi—P)* 3 (T - T)*
i=1 i=1
S (P - T)?
RR=1-% (34
T, - T)?
l:ZI ( )
MAE:%Z|PI—T1| (35)
i=1
MAPE = 100% > PT;T‘ (36)
i=1 t
MSE :% > (- Ty)? 37
i=1
RMSE = [ 3" (b~ )" 38)

i=1
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The performance of three ML models integrated with IP for pre-
dicting f. and f, was evaluated using single validation and is summarized
in Table 4. The statistical parameters demonstrate the models’ predic-
tive capabilities based on data extracted through IP. The results reveal
that the models exhibited high precision and flexibility in handling
unseen data.

The IP-SVM model demonstrated superior performance with R?
values of 0.965 for f; and 0.947 for f;, as shown in Fig. 13 and Fig. 16.
Compared to the model performance of the IP-BRE model, with an R?
value of 0.918 and 0.915 for f, and f;, respectively, as depicted in Fig. 15
and Fig. 16, and the model performance of IP-GPR with an R? value of
0.939 for predicting f, as shown in Fig. 15 and 0.948 for predicting f;, as
illustrated in Fig. 18. Other statistical performance indicators, including
Pearson’s correlation coefficient (R), mean squared error (MSE), root
mean square error (RMSE), mean absolute error (MAE), and mean ab-
solute percentage error (MAPE), further validated the model’ perfor-
mance. For the IP-SVM model, the values for f, were R = 0.999, MSE
= 0.0120, RMSE = 0.117, MAE = 0.0070, and MAPE = 0.701. For f, the
values were: R =0.999, MSE = 0.00076, RMSE = 0.0242, MAE
= 0.0060, and MAPE = 0.602. The models were also validated using 10-
fold cross-validation, with results shown in Table 5. The fluctuations
between single validation and 10-fold cross-validation models ranged
from 0.02 % to 0.05 %, confirming the robustness of the models.

The prediction performance comparison between IP-SVM, IP-BRE
and IP-GPR reveals that IP-GPR consistently offers superior generaliza-
tion, particularly for f.. In both single validation and 10-fold cross-
validation, IP-GPR achieved the lowest values for MSE, RMSE, MAE,
and MAPE error metrics, indicating more accurate and stable f. pre-
dictions, despite having slightly lower R? values than IP-SVM. For f;, IP-
SVM performed competitively and even slightly outperformed IP-GPR in
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Fig. 12. Laboratory obtained values of split-tensile strength f; of hybrid concrete for different percentages of CRM.

Table 4
Prediction performance of the ML models (single validation).
R R? MSE RMSE MAE MAPE
fC
Training data
IP-SVM 0.999 0.999 0.000310 0.0180 0.0008 0.081
IP-BRE 0.999 0.999 0.000352 0.0189 0.0007 0.078
IP-GPR 0.990 0.999 0.000348 0.0189 0.0007 0.076
Testing data
IP-SVM 0.999 0.965 0.01200 0.1170 0.0070 0.701
IP-BRE 0.999 0.918 0.01120 0.1059 0.0066 0.664
IP-GPR 0.999 0.939 0.00870 0.0930 0.0064 0.647
fe
Training data
IP-SVM 0.999 0.999 0.03130 0.1900 0.0250 2.526
IP-BRE 0.999 0.996 0.04330 0.2080 0.0350 3.526
IP-GPR 0.999 0.999 0.03350 0.0057 0.0007 0.071
Testing data
IP-SVM 0.999 0.947 0.00076 0.0242 0.0060 0.602
IP-BRE 0.999 0.915 0.00239 0.0489 0.0097 0.978
IP-GPR 0.999 0.948 0.00079 0.0282 0.0058 0.584

some cases, such as RMSE and MAE during cross-validation. However,
IP-GPR still maintained the lowest MAPE, reflecting better relative error
performance. In contrast, [P-BRE underperformed across all metrics,
demonstrating higher error values and lower R? in both validation ap-
proaches. Overall, while IP-SVM proves to be a strong method for pre-
dicting f;, IP-GPR stands out as the most robust and reliable model across
both f; and f;.

The models’ ability to correlate pixel-level data from images with the
mechanical properties of concrete is evident. Statistical features
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extracted from images enabled the models to establish strong associa-
tions between these features and concrete characteristics. These re-
lationships were validated using test data processed through the models,
confirming the models’ reliability. This study highlights the potential of
combining ML with IP to predict the mechanical properties of concrete,
offering a promising approach for practical applications [40-42,55].

6. Conclusions

This study presented a nondestructive methodology for estimating
the mechanical properties of hybrid concrete by integrating image
processing and machine learning techniques. Statistical features were
extracted from grayscale images of concrete specimens and used to train
and evaluate three supervised ML models: IP-SVM, IP-BRE, and IP-GPR.
The results demonstrate that integrating IP with ML offers a fast, non-
destructive alternative to traditional concrete assessment methods.
This approach enhances efficiency, reduces costs, and supports more
sustainable practices in construction quality control and structural
health monitoring.

The incorporation of CRMs, such as silica fume and fly ash, signifi-
cantly enhanced the mechanical properties of HC. Specimens with
higher CRM content consistently exhibited improved performance,
highlighting the value of using sustainable materials in concrete pro-
duction. This methodology aligns with the broader industry goal of
developing environmentally friendly and cost-effective construction
materials.

Despite the promising results, the study has some limitations. The
models were developed using a relatively small dataset with fixed mix
proportions and only two types of CRMs. As such, the findings may not
fully generalize to broader applications involving diverse concrete
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compositions or environmental conditions. Future research will aim to
expand the dataset, incorporate a wider variety of CRMs, and explore the
influence of different image resolutions and advanced image-based
descriptors.

Overall, this research highlights the potential of IP-ML integration as
a fast, cost-effective, and scalable tool for concrete quality assessment.
With further validation, this methodology can support more efficient
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construction practices and improve SHM techniques. Beyond strength
estimation, image processing techniques hold promise for detecting
cracks, voids, and surface defects, as well as for estimating properties
such as homogeneity and water-to-cement ratio—critical factors in
evaluating concrete integrity.
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Table 5
Prediction performance of the ML models (10-fold cross validation).
R R2 MSE RMSE MAE MAPE
fe
IP-SVM 0.99 0.970 0.01000 0.1170 0.0069 0.70
IP-BRE 0.99 0.938 0.01020 0.1050 0.0054 0.55
IP-GPR 0.99 0.957 0.00767 0.0810 0.0040 0.47
fe
IP-SVM 0.99 0.950 0.00071 0.0242 0.0058 0.60
IP-BRE 0.99 0.935 0.00290 0.0409 0.0087 0.90
IP-GPR 0.99 0.943 0.00070 0.0250 0.0060 0.58
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