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Abstract: The cement industry is a major contributor to global carbon dioxide (CO:) emissions, necessitating the
development of sustainable construction materials with reduced environmental impact. This study proposes a novel
integrated framework that combines industrial waste-based low-carbon concrete development with machine-learning-
driven strength prediction and mix optimization. Low-carbon concrete mixes were produced by partially replacing
ordinary Portland cement with fly ash and ground granulated blast furnace slag (GGBS) at various replacement
levels. Experimental investigations were conducted to evaluate compressive strength development at different curing
ages. A dataset comprising 300 experimental observations was subsequently employed to develop and compare three
machine learning models, namely Random Forest (RF), Support Vector Regression (SVR), and Extreme Gradient
Boosting (XGBoost), for compressive strength prediction. The results demonstrate that appropriately designed low-
carbon concrete mixtures can achieve comparable or superior long-term strength while substantially reducing cement
consumption and associated CO: emissions. Among the evaluated models, XGBoost exhibited the highest predictive
accuracy, indicating its suitability for sustainable concrete mix optimization. The novelty of this study lies in
integrating experimental low-carbon concrete design, environmental assessment, and advanced machine learning
techniques within a unified framework to enhance structural performance and sustainability simultaneously. The
proposed approach provides an efficient pathway to reduce trial-and-error experimentation and accelerate the
adoption of eco-friendly concrete in modern construction practices.
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1. Introduction

The construction industry worldwide has experienced significant growth over the past few decades due to
urbanization, population growth, and infrastructure development. In this growth, concrete, which is the most
common construction material, is at the center stage. Nevertheless, ordinary Portland cement (OPC) is the
primary binding material in concrete, and it has a significant environmental impact. Cement production is an
energy-intensive process that involves burning fossil fuels and limestone calcination, which emit large vol-
umes of carbon dioxide (CO,). Cement manufacturing is estimated to account for a significant share of an-
thropogenic CO; emissions worldwide, making cement one of the largest contributors to climate change.
Besides greenhouse gas emissions, cement manufacturing also consumes vast amounts of natural resources
and energy, adding to environmental anxieties (Chen et al., 2022; Cheng et al., 2023; Mishra, Sarsaiya,
& Gupta, 2022).

To address these issues, scientists and designers are now focusing on developing low-carbon, greener
construction materials. Partially replacing cement with industrial waste and byproduct materials is one effec-
tive measure to minimize concrete's carbon footprint. Supplementary cementitious materials have been
demonstrated to have high potential in fly ash, ground granulated blast furnace slag (GGBS), silica fume,
rice husk ash, and other industrial residues (Auxilia Rani & Sudha, 2025; Li, Zhou, et al., 2022;
Onyenokporo, 2022). Utilization of such waste materials can not only reduce cement use and CO, emissions,
but also treat industrial waste, reduce landfill use, and enhance the sustainable use of resources. This method
supports the assumptions of a circular economy by transforming waste into useful building materials
(Khankhaje et al., 2024; Mishra, Sarsaiya, & Gupta, 2022; Pandey & Kumar, 2022).

Although environmental sustainability is significant, concrete performance requirements should not be
compromised. Compressive strength is the most crucial mechanical property in concrete design, as it directly
affects structural safety, load-bearing capacity, and durability. Engineers use compressive strength values
extensively to design structural components and ensure compliance with standards. As such, compressive
strength should have been attained in a manner sufficiently coupled with environmental initiatives when
formulating low-carbon concrete mixes is concerned. Sustainability and mechanical performance are major
challenges in current concrete technology (Alibeigibeni et al., 2025; Aslani, Hachem-Vermette, & Zahedi,
2023).

© 2026. Author(s). This work is licensed under a Creative Commons
BY SA

Attribution 4.0 International License (CC BY-SA)


https://creativecommons.org/licenses/by-sa/4.0/

Machine Learning—Driven Optimization of Low-Carbon Concrete... 451

Historically, concrete mix design has relied on the trial-and-error approach and the repetition of laborato-
ry tests to attain the required strength. These approaches are time-consuming, labor-intensive, and expensive,
especially when multiple materials and replacement levels are used. New opportunities have been created by
increasing access to experimental data and by developing computational methods to enhance this process.
Machine learning (ML), a branch of artificial intelligence, has become an effective method for modeling
complex nonlinear relationships between input factors and material properties. In concrete research, ML may
be applied to identify compressive strength based on mix proportions, water-cement ratio, age at which the
concrete is cured, and material properties. ML models can be used to make fast and accurate predictions,
decrease the number of laboratory experiments needed, and help in the optimization of sustainable mixes
design by learning based on experimental data (Li, Yoon, et al., 2022; Barbhuiya & Sharif, 2024;
Rathakrishnan, Bt. Beddu, & Ahmed, 2022).

A combination of experimental studies and machine learning provides a current, data-driven approach to
creating environmentally friendly concrete (Barbhuiya, Das, & Adak, 2025; Asif et al., 2024; Qin &
Kaewunruen, 2023). Experimental testing will provide credible, realistic performance data, whereas ML will
assist with efficient prediction and optimization. Such a combined strategy saves time and resources and
improves decision-making regarding sustainable construction practices.

1.1. Purpose of the Study

This research aims to explore and streamline low-carbon concrete blends using industrial waste products
as partial cement substitutes, with a focus on compressive strength behavior and environmental sustainabil-
ity. The study combines machine learning and laboratory experiments to create a valid and effective mix
design framework.

In response to the growing demand for sustainable construction materials and the urgent need to reduce
carbon emissions from cement production, this study proposes an integrated experimental and machine
learning framework to develop low-carbon concrete. Industrial waste materials, namely fly ash and ground
granulated blast furnace slag (GGBS), were utilized as partial replacements for ordinary Portland cement to
reduce the environmental footprint of concrete production. The research aims to experimentally evaluate the
compressive strength performance of the developed concrete mixes at different curing ages and to employ
advanced machine learning techniques, including Random Forest (RF), Support Vector Regression (SVR),
and Extreme Gradient Boosting (XGBoost), for accurate strength prediction and mix optimization. Further-
more, the environmental benefits of cement replacement are assessed through CO: emission reduction analy-
sis. The novelty of this work lies in integrating experimental validation, environmental assessment, and ma-
chine-learning-based optimization within a unified framework to identify sustainable concrete mixtures that
simultaneously meet strength requirements and environmental sustainability goals.

1.2. Study Objectives

e To develop low-carbon concrete blends using industrial waste as a partial replacement for cement.

e To experimentally determine the compressive strength of the formulated concrete mixes at various
curing ages.

e To create and use machine learning models to predict compressive strength according to mix param-

eters.

e To find an ideal concrete blend that balances mechanical performance with reduced environmental
impact.

e To show the potential of the integration of experimental procedures and ML to sustainable concrete
design.

2. Materials and Methods
2.1. Materials

The materials employed in this exercise have been chosen to produce low-carbon concrete by partially
substituting ordinary Portland cement with industrial waste materials, without compromising compressive
strength. Standard procedures were followed to test and use all materials in accordance with the relevant
standards, ensuring consistency and reliability. The selected replacement levels of fly ash and GGBS (10%,
20%, 30%, and 40%) were chosen based on commonly reported ranges in the literature and practical limits
recommended for sustainable concrete production. These levels were selected to systematically evaluate the
influence of incorporating industrial waste on compressive strength development and environmental perfor-
mance, while maintaining acceptable workability and structural requirements.
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2.1.1. Cement

Ordinary Portland Cement (OPC) that met the requirements of various standards (e.g., ASTM CI150/IS
12269/EN 197-1) served as the main binder. The cement was used as the control material in the mix design.
Before using it, its basic physical properties and specific gravity had been established. The low cement content
in the mixes was partially reduced by incorporating industrial waste material to obtain low-carbon concrete.

2.1.2. Industrial Waste Materials

Waste materials in the industrial sector were partially substituted with cement to minimize CO; emissions
and enhance sustainability. Popular auxiliary cementitious products, such as fly ash and ground granulated
blast furnace slag (GGBS), were considered for their pozzolanic and cementitious properties.

Fly Ash: Class F fly ash acquired from a thermal power plant was used. It is also rich in silica and alumi-
na, helping increase strength over the long term.

Ground Granulated Blast Furnace Slag (GGBS): This is a byproduct of the steel industry, which has latent
hydraulic properties and therefore promotes durability and strength at later ages.

These materials were applied at different cement replacement rates to determine their impact on compres-
sive strength and environmental performance.

2.1.3. Aggregates

The study used local fine and coarse aggregates.

Fine Aggregate: Fine aggregate was natural river sand that met the standard grading requirements. It was
free, uncontaminated with organic particles, and sieved.

Coarse Aggregate: Coarse aggregate was crushed stone; nominal maximum size (20 mm). The specific
gravity and moisture content of the aggregates tested were then combined.

Good workability and strength development were guaranteed by proper aggregate selection.

2.1.4. Water and Admixtures

Water: Concrete was mixed and cured with potable water free of any harmful substances.

Chemical Admixtures: A superplasticizer was added to enhance workability without increasing the water-
cement ratio. The dosage was also kept as per the manufacturer's recommendations.

All samples were stored under appropriate conditions in the laboratories to prevent contamination or al-
teration of their properties. These material choices contributed to the creation of low-carbon, sustainable
concrete that meets performance requirements.

The entire dataset consisted of approximately 300 data points collected during compressive strength tests. It
was done by mixing 25 concrete blends with different replacement levels of cement, fly ash, and GGBS. Com-
pressive strength tests were conducted at 7, 14, 28, and 56 days of curing to determine strength development
over time for each mix. Three duplicate cube specimens were used at each curing age to guarantee accuracy
and repeatability of the results. The summative products of the mixes, the cure ages, and the replicates thus
yielded 300 sets of compressive-strength results. This was found to be sufficient as a dataset for statistical anal-
ysis and for learning trustworthy machine learning models to predict strength and optimize the mix.

3. Experimental Program

The experimental program was limited to assessing the compressive strength of low-carbon concrete mix-
es that used industrial materials as partial substitutes for cement. The specimens were all prepared, cured,
and tested in accordance with conventional practices to maintain stable consistency and reliability.

Each mix proportion had a concrete cube specimen of size 150 x 150 x 150 mm. The concrete was also
thoroughly blended to maintain uniformity, then placed in steel cube molds in layers and well compacted to
eliminate any trapped air. The molds were covered after casting to minimize moisture loss, and the speci-
mens were demolded after 24 hours.

The specimens were then demolded and cured in clean water under controlled lab conditions till the tar-
geted testing ages. Compressive strength tests were conducted at 7, 14, 28, and 56 days to assess the devel-
opment of strength in the early stages and at long times. Three replicate samples were used to test each mix
and curing age, and the average compressive strength was used as the representative value.

All compressive tests have been conducted on a calibrated compression testing machine and in accordance
with conventional guidelines such as ASTM C39, IS 516, or EN 12390-3. The compressive strength was de-
termined by applying a constant rate of load until failure, and the maximum load was recorded. This standard
operation guaranteed quality and repeatable findings for later analysis and machine learning modeling.
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4. Machine Learning Methodology

In this research, machine learning methods were used to develop predictive models for estimating the
compressive strength of low-carbon concrete mixes. and strength performance, which will not rely on large-
scale trial-and-error experimental processes. The models were mathematically constructed from experimen-
tally derived data and were intended to assist in the efficient and sustainable optimization of concrete mix
(Ziolkowski, 2025, 2023; Ahmad et al., 2023).

The variables chosen as inputs for the machine learning models were cement content, waste percentage,
water-cement ratio, aggregate ratio, and curing age. The cement content is the key binder in determining
hydration and strength development, with the percentage of waste determining the extent of industrial by-
products as a substitute for cement. The water-to-cement ratio is a major concern that determines porosity
and overall strength, and the aggregate ratio determines how the particles are packed and the structure of the
concrete's interior. The curing age was added to capture strength gain over time. The experimentally meas-
ured compressive strength was the output variable used with the models.

Before developing the model, the dataset of 300 experimental results was sorted and preprocessed to en-
sure quality and consistency. This involved verifying the presence of missing values, checking for standard-
ized units, and standardizing data where required. The data was further split into training and test sets, usual-
ly in an 80:20 ratio, to evaluate the model's performance on unseen data.

The use of supervised machine learning algorithms, such as XGBoost, Random Forest, and Support Vec-
tor Regression, was considered, as they have a strong ability to model nonlinear material behavior. The sta-
tistical indicators used to assess model performance were the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE). The increased R? value and lower errors indicate
a higher predictive value. The constructed models showed good predictive power, confirming the usefulness
of machine learning as a predictive tool for compressive strength and for optimizing environmentally friend-
ly concrete mixes.

4.1. Machine Learning Models

This research has used three supervised machine learning models, namely Random Forest (RF), Support
Vector Regression (SVR), and Extreme Gradient Boosting (XGBoost), to estimate the compressive strength
of low-carbon concrete. These models were chosen because they have high predictive power on small-to-
mid-sized structured datasets and can model nonlinear relations among mix design parameters and concrete
strength. Random Forest is an ensemble technique that builds a variety of decision trees and combines their
outputs to provide robustness, minimize overfitting, and enable feature importance analysis (Huang et al.,
2022; Li, Lin, et al., 2022; Khodaparasti, Alijamaat, & Pouraminian, 2023). Support Vector Regression is
effective on small datasets and works by establishing the best regression hyperplane that minimizes predic-
tion error and provides good generalization performance, especially with nonlinear kernels (Huang et al.,
2023; Ahmed et al., 2023; Beskopylny et al., 2022). XGBoost, a high-end gradient boosting model, builds
decision trees sequentially to correct past mistakes and incorporates regularization to improve model general-
ization and reduce overfitting. XGBoost is a state-of-the-art model because of its efficiency and high accura-
cy on tabular data (el Mahdi Safthi et al., 2023; Alabdullah et al., 2022; Sun et al., 2024). A combination of
the three models provided an opportunity to comprehensively assess the predictive performance and to gain
confidence in the reliable estimation of compressive strength with respect to the mix design variables. These
300 observations of experimental data were randomly split into 80% for training and 20% for testing. Model
development and hyperparameter tuning were performed on the training subset, and independent validation
was performed on the testing subset. To enhance model reliability and minimize overfitting, k-fold cross-
validation (k = 5) was used during training.

4.1.1. Performance Metrics

Three commonly used statistical measures, which are the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE), were used to evaluate the performance of the machine
learning models. The measures provide a detailed evaluation of prediction accuracy and model reliability.

Coefficient of determination (R?) determines the degree of coincidence between the experimental and
predicted results. It shows the percentage of the compressive strength variance estimated by the model. The
value of R? ranges from 0 to 1, with higher values closer to 1 indicating better model performance and pre-
dictive power.
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Root mean square error (RMSE) is a measure of the mean size of the prediction errors since it involves
the square root of the mean squared errors between the predicted and actual values. RMSE is also vulnerable
to large errors and thus indicates large discrepancies in the predictions. The smaller the RMSE values, the
more accurate the model.

Mean absolute error (MAE) is the mean of the absolute difference between the predicted compressive
strength value and the experimental compressive strength value. It provides a simple quantification of predic-
tion error without overemphasizing large deviations. The smaller the MAE, the better the model's performance.

These metrics together ensure balanced model judgement, both in terms of goodness-of-fit and prediction
error. A model with high R? and low RMSE and MAE is said to have good predictive power.

Coefficient of Determination (R?)

The coefficient of determination (R?) measures the proportion of variance in the observed Compressive
Strength values that is explained by the model predictions. A higher R?value indicates better predictive per-
formance and stronger correlation between predicted and experimental results (Eq. 1).

s i-9)?
R =1 — 2=y 1
Y -2 (1)
Root Mean Square Error (RMSE)
RMSE represents the square root of the average squared difference between predicted and measured

Compressive Strength values. It penalizes large prediction errors more heavily and provides insight into
overall model accuracy (Eq. 2).

RMSE = J%Z?zl(yi ok 2

Mean Absolute Error (MAE)
MAE calculates the average absolute deviation between predicted and experimental Compressive
Strength values. Unlike RMSE, it treats all errors equally and is less sensitive to outliers (Eq. 3).

1 ~
MAE = —¥i_1lyi — %l (3)

Hyperparameter Tuning and Software Implementation

All machine learning models were developed using Python 3.11 in the Jupyter Notebook environment.
The primary libraries utilized included Scikit-learn for Random Forest (RF) and Support Vector Regression
(SVR), XGBoost for Extreme Gradient Boosting (XGBoost), NumPy and Pandas for data processing, and
Matplotlib for visualization.

Before model training, the dataset was checked for missing values and standardized where required. The
complete dataset of 300 observations was randomly split into training (80%) and test (20%) subsets. To en-
hance model robustness and reduce the risk of overfitting, five-fold cross-validation (k = 5) was employed
during model development.

Hyperparameter tuning was performed using a grid-search optimization approach combined with cross-
validation. For the Random Forest model, the number of estimators, maximum tree depth, and minimum
samples required for node splitting were optimized. The optimal RF configuration consisted of 200 trees
(n_estimators = 200), a maximum depth of 12, and a minimum samples split of 2.

For the Support Vector Regression model, the radial basis function (RBF) kernel was adopted. The penal-
ty parameter (C), kernel coefficient (y), and epsilon (¢) values were optimized through systematic parameter
search. The final SVR model utilized C = 100, y = 0.01, and € = 0.1.

For the XGBoost model, the number of boosting rounds, learning rate, maximum tree depth, and subsam-
pling ratio were optimized. The best-performing configuration included 300 estimators, a learning rate of
0.05, a maximum depth of 6, and a subsample ratio of 0.8. Regularization parameters were also applied to
minimize overfitting and improve model generalization.

The predictive performance of all models was evaluated using the coefficient of determination (R?), root
mean square error (RMSE), and mean absolute error (MAE). The optimized XGBoost model achieved the
highest predictive accuracy, indicating its suitability for compressive strength prediction and for optimizing
low-carbon concrete mixtures.
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5. Environmental Assessment

The environmental analysis in the study aimed to assess changes in carbon dioxide (CO,) emissions re-
sulting from the partial substitution of cement with industrial waste materials (Seyedabadi, Karrabi,
& Moghaddam, 2023; Oliveira et al., 2023; Digulla & Bringezu, 2023). One of the largest sources of CO>
emissions is cement production, which involves calcination and consumes significant energy during manu-
facturing. As such, the dilution of cement in concrete is a viable approach to minimizing the environmental
impacts of construction materials (Alobaydy, 2024; Mohamad et al., 2022).

In this study, industrial byproducts were used as partial replacements for ordinary Portland cement: fly
ash and ground granulated blast furnace slag (GGBS). These materials are said to be environmentally friend-
ly because they are byproducts of other industries and require much less energy to process than cement. The
CO; emission reduction was determined as the ratio of the cement content in each mix to that in the control
mix. Because cement accounts for the majority of concrete's embodied carbon, the lower the cement propor-
tion, the lower the CO; rate.

The findings revealed that mixes with increased cement replacement achieved significant reductions in es-
timated CO, emissions and still offered satisfactory compressive strength. This proves that using industrial
waste materials not only enhances sustainability through waste recycling but also helps produce low-carbon
concrete. The results indicate the significance of sustainable mix design plans in mitigating the negative envi-
ronmental impacts of concrete production and facilitating more environmentally friendly construction.

5.1. Comparison with Normal Concrete

To compare the environmental benefits, low-carbon concrete and conventional (normal) concrete were
compared. Normal concrete relies entirely on ordinary Portland cement as the main binder, increasing em-
bodied CO, emissions from cement production. However, the low-carbon concrete in this paper used indus-
trial waste as a partial replacement for cement (fly ash and GGBS).

The data in Table 1 show estimated CO; removal and CO, emissions for 25 concrete mixes with different
cement replacement levels.

Table 1. Estimated CO: emissions and reduction for 25 concrete mixes with varying cement replacement

levels
° an

s | g | 5 =
= o 4 . £ —_
g g E £ -t 2 S
% s | B2 £ | £ g g
] < o k= *La) g Té Q § §
a) z = < E 25 S 3 g5 2
= 2 < 2 5 | 28| % . = =
S S z 3 S | 8| S S S S
Ml 402 30 10 40 670 603 361.8 | 2412 40
M10 351 0 0 0 351 3159 | 3159 0 0
MI1 308 0 20 20 385 3465 | 2772 | 693 20
MI2 367 0 40 40 611.67 | 5505 | 3303 | 2202 40
MI3 326 10 30 40 54333 | 489 2934 | 195.6 40
M14 366 10 0 10 | 406.67 | 366 3294 | 36.6 10
MI5 312 30 10 40 520 468 280.8 | 187.2 40
MI16 369 20 20 40 615 5535 | 3321 | 2214 40
M17 389 40 0 40 64833 | 5835 | 3501 | 2334 40
MI8 375 10 20 30 53571 | 482.14 | 3375 | 144.64 30
M19 437 10 20 30 62429 | 561.86 | 3933 | 168.56 30
M2 314 20 20 40 52333 | 471 2826 | 188.4 40
M20 366 0 0 0 366 3294 | 3294 0 0
M21 434 30 10 40 72333 | 651 390.6 | 260.4 40
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Table 1. cont.
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M2 | 336 30 0 30 480 432 | 3024 | 1296 | 30
M23 | 351 20 10 30 | 50143 | 45129 | 3159 [ 13539 | 30
M24 | 445 30 0 30 | 63571 | 57214 | 4005 | 17164 | 30
M25 | 390 10 10 20 | 4875 | 43875 | 351 | 8775 | 20
M3 301 10 30 40 | 50167 | 4515 | 2709 | 1806 | 40
M4 364 0 0 0 364 | 3276 | 3276 0 0
M5 403 20 20 40 | 67167 | 6045 | 3627 | 2418 | 40
M6 442 20 20 40 | 73667 | 663 | 3978 | 2652 | 40
M7 420 30 10 40 700 630 378 252 40
M8 351 30 10 40 585 | 5265 | 3159 | 2106 | 40
M9 337 40 0 40 | 56167 | 5055 | 3033 | 2022 | 40

The comparison indicated that replacing a fraction of cement significantly reduces the concrete's total
carbon footprint. An example is mixes containing moderate cement replacement levels that showed some
reductions in estimated CO, emissions and still attained compressive strengths similar to those of normal
concrete. This implies that sustainable concrete can maintain structural performance while providing envi-
ronmental benefits.

Moreover, low-carbon concrete would help reduce waste by recycling industrial byproducts that would
otherwise have to be disposed of. Compared to conventional concrete, this strategy reduces landfill require-
ments, conserves natural resources, and lowers greenhouse gas emissions. The analysis overall affirms that
low-carbon concrete is an alternative, environmentally friendly option to standard concrete for sustainable
construction.

6. Results and Discussion
6.1. Experimental Results
6.1.1. Correlation Analysis

Correlation analysis is a statistical technique of determining the direction and strength of a relationship
between variables (Kaur, Kaur, & Goyal 2023; Mata, Ruiz, & Nuiiez 2023). It helps associate changes in one
parameter with changes in another. The value of the correlation coefficient is usually between -1 and +1.
When the value is close to +1, the variables are positively related, as both rise; when it is close to -1, they are
negatively related, as one rises while the other falls. A close-to-zero value implies that there is little or no
relationship. Correlation analysis in concrete research can be used to determine the mix parameters with the
greatest impact on compressive strength and to assist in machine learning feature selection.
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Fig. 1. Heat map showing correlation between mix design parameters and compressive strength

The spreadsheet, presented as a correlation heat map, illustrates the interrelationships between mix design
parameters and compressive strength. The warm colors in the figure indicate positive correlations, whereas
the cold colors indicate negative correlations. The findings indicate that compressive strength has strong
positive relationships with cement content and curing age, such that increases in either tend to increase
strength. This is due to the hydration of cement, a slow process that helps develop strength. The correlation
between water-binder ratio and compressive strength is negative, with a high degree of correlation, which
supports the fact that an increase in water content generally lowers concrete strength due to high porosity and
poor paste structure. Fly ash and GGBS contents have moderate positive associations with compressive
strength, especially after curing at later ages (Figure 1). This is a demonstration of their pozzolanic and latent
hydraulic characteristics, which promote the long-term strength development. Overall, the heat map shows
that the age at which curing occurs, the ratio of cement content to water, and the water-to-binder ratio are the
most significant factors influencing compressive strength. These results confirm the selected input variables
for machine learning modeling and provide guidance on optimising sustainable, low-carbon concrete mixes.

6.1.2. Compressive Strength vs. Curing Age

The growth of compressive strength with curing age is one of the important measures of concrete perfor-
mance. To determine the strength gain of concrete mixes at early ages and over the long term, compressive
strength was recorded at 7, 14, 28, and 56 days.

These findings indicate that all mixes exhibit a consistent increase in compressive strength with curing time
(Figure 2). The trend is anticipated because the hydration of cement progresses over time, leading to the for-
mation of more calcium silicate hydrate (C—S—H) gel and increasing strength. In the control mix, early-age
strength was relatively greater at 7 days due to rapid hydration of ordinary Portland cement. Concrete mixes
using fly ash and GGBS developed slower initial strength but greatly improved afterwards (after 28 and 56
days). This is ascribed to pozzolanic and latent hydraulic reactions that contribute to increased strength over
time and to densification of the microstructure. Blends with average replacement produced strength at 56 days
that was similar to, or even better than, that of normal concrete. These results demonstrate that low-carbon con-
crete can achieve long-term strength while reducing cement use and environmental impact.
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Fig. 2. Variation of compressive strength with curing age for different cement replacement levels
6.2. ML Prediction Performance

The coefficient of determination (R?), root mean square error (RMSE), and the mean absolute error
(MAE) were used to assess the performance of the machine learning models. The findings revealed that the
chosen models accurately predicted the compressive strength of low-carbon concrete. High values of (R?)
showed that the models were able to explain a high percentage of the variance in compressive strength. In
contrast, low values of RMSE and MAE indicated very little deviation in the predictions made.

XGBoost was the most successful model among the tested ones, as it uses a boosting mechanism that
minimizes errors and produces more precise models. Random Forest was also reliable, averaging the results
of several decision trees to reduce overfitting. Support Vector Regression also yielded consistent results,
especially on small data sets. In general, the models demonstrated strong generalization, demonstrating that
machine learning can effectively model the nonlinear behavior of concrete strength development.

6.2.1. Observed vs Predicted Results

The predicted and observed plots of the XGBoost model show that the compressive strength of the exper-
imentally measured and model-predicted values are in agreement. Data points in the training dataset are
highly aligned along the 45° reference, indicating strong learning ability, and the model fits the data well
(Figure 3).

In the test dataset, the points are also clustered around the reference line, indicating strong generalization
to unseen data. Minor deviations are anticipated due to experimental variability and material heterogeneity
(Figure 3).
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Fig. 3. Observed vs predicted compressive strength for the XGBoost model on the training and testing datasets

On the whole, the correlation between the observed and predicted values is very high, which shows that the
XGBoost model is an efficient way to describe the dependence between mix design parameters and compres-
sive strength. This establishes that it is appropriate for predicting concrete strength and optimizing the mix.

The observed and predicted plots show a high level of agreement in compressive strength between the
experiment and the prediction (Figure 4). Most points cluster around the 45° reference line in both the train-
ing and test datasets, indicating correct predictions. The minor deviations observed can be attributed to mate-
rial variability and experimental error. Overall, the Random Forest model demonstrates stable predictive
performance for compressive strength in low-carbon concrete.
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Fig. 4. Observed vs predicted compressive strength using the Random Forest model (training and testing dataset)

The plot of observed versus predicted compressive strength from the Support Vector Regression (SVR)
model shows the observed and model-predicted compressive strengths (Figure 5). The bulk of the data points
lie near the 45-degree reference line, indicating strong agreement between the observed and determined
compressive strengths. Such correlation indicates that the SVR model was capable of learning the correlation
between mix design variables and compressive strength with a reasonable degree of accuracy (Figure 5). The
training data cluster around the reference line, indicating that the model captured the data's tendencies. In the
test data, the same trend is observed, indicating that the SVR model generalizes well to predict unseen data.
Natural variation in concrete properties and experimental errors are expected to result in some deviation from
the reference line. Altogether, using the SVR model allows making credible predictions of compressive
strength and shows that the chosen machine learning tool is appropriate for approximating concrete behavior
(Figure 5). Even though it may not be as accurate as the more sophisticated ensemble models, SVR is a strong
tool for predicting strength, especially on small-to-medium datasets.
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Fig. 5. Observed vs predicted compressive strength using the SVR model (training and testing dataset)
6.3. Error Distribution Histograms

The analysis of error distribution is a great procedure used to assess the performance of machine learning
models. It examines the distribution of prediction errors (the difference between observed and predicted val-
ues) across the dataset (Kinash & Kinash, 2012; Chen et al., 2022). The error in compressive strength predic-
tion is given as: Error = Observed strength Predicted strength.

An error distribution histogram is a graphical representation of the frequency of errors. This is used to
measure the accuracy, bias, and reliability of models.

When most errors are concentrated around zero, it means the predictions are close to the actual values.
The fact that the distribution is symmetric about zero indicates that the model does not systematically over-
or underestimate strength. On the contrary, a biased or popular distribution could indicate bias or instability
in the forecasts. Thus, the study of error distributions can help researchers better understand the model's be-
havior and ensure that it makes stable, reliable predictions of concrete strength.
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The histograms of error distributions depict the distribution of errors in predictions from the XGBoost
model. In the training and testing data, errors are mostly concentrated at zero, indicating that the predicted
compressive strength values are usually close to the experimental values (Figure 6). The distribution is not
highly asymmetric around zero, indicating no significant systematic bias. Despite the testing dataset having
slightly greater dispersion than the training dataset, this is expected with unseen data. All in all, the error
distribution indicates the consistency and stability of the XGBoost model in predicting compressive strength.
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Fig. 6. Error distribution histogram of the XGBoost model for the training and testing datasets

The histogram of training errors shows that most errors are near zero, indicating that the Random Forest
model fits the training data (Figure 7). The fact that the distribution is approximately symmetric about zero
indicates that there should be little bias and no overall over- or under-prediction. This demonstrates the mod-
el's strong learning capacity. The error histogram of the tests shows that the prediction error is concentrated
around zero, even when predicting on unseen data. Even though the spread is somewhat broader than in the
training set, it is to be expected and is a sign of good generalization. The absence of strong skew indicates
that the model predictions are stable and reliable.
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Fig. 7. Error distribution histogram of the Random Forest model for the training and testing datasets

The error histogram of training reveals that most of the SVR's prediction errors are concentrated around
0, indicating a strong correlation between the predicted and experimental compressive strengths (Figure 8).
The fairly equal distribution around zero implies little bias and no systematic over- or under-prediction. This
ensures that the SVR model has learnt the correlation between the mix parameters and the strength. The his-
togram of testing error shows that prediction errors are centred around zero for unobserved data. This will be
normal and expected, despite the spread being a bit broader than during training, which is normal given the
generalization behavior. The low skewness indicates that SVR provides stable, dependable forecasts of com-
pressive strength.

The comparison of the models shows that XGBoost achieved the highest prediction accuracy, with the
largest R? and the lowest error. Random Forest also performed well, although it had higher prediction errors.
SVR had satisfactory accuracy but poorer performance compared to the ensemble models. Overall, the en-
semble learning techniques and XGBoost were the most effective at predicting the compressive strength of
low-carbon concrete.
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Fig. 8. Error distribution histogram of the SVR model for the training and testing datasets
6.4. Feature Importance Plot

The feature importance plot shows the relative contribution of each input variable to the prediction of
compressive strength. The feature importance of a machine learning model, e.g., a Random Forest or an
XGBoost, is determined by the extent to which each variable reduces the decision trees' prediction error.
Variables that score high on the importance scale have a stronger impact on the model's predictive perfor-
mance (Abbas & Alsaif 2025; Zhen et al., 2025; Roy et al., 2025; Hasanipanah et al., 2023).

The main input variables in this research were the cement content (percentage), waste percentage, water-
cement ratio, and curing age. This is because the feature importance analysis will determine which mix pa-
rameters have the greatest influence on compressive strength development.

The feature importance plot shows that cement content is the most significant factor in compressive
strength prediction, followed by curing age and water-to-binder ratio (Figure 9). This is in line with the prin-
ciple of concrete engineering, since the hydration and curing times of cement directly determine the rate of
strength development, and the water-binder ratio controls porosity. Fly ash and GGBS make smaller yet sig-
nificant contributions, reflecting their use as surrogate cementitious materials. The findings validate that the
ML model's predictions align with observed concrete behavior.
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Fig. 9. Feature importance ranking of input variables influencing compressive strength prediction

7. Conclusions

This study presented an integrated experimental and machine learning-based framework for the develop-
ment and optimization of low-carbon concrete incorporating industrial waste materials as partial replace-
ments for ordinary Portland cement. The experimental investigation demonstrated that incorporating fly ash
and ground granulated blast furnace slag (GGBS) can significantly reduce cement consumption while main-
taining satisfactory compressive strength. The results further revealed that concrete mixes containing moder-
ate levels of cement replacement achieved long-term strength comparable to, or even superior to, that of
conventional concrete, confirming the feasibility of producing environmentally sustainable concrete without
compromising structural performance.

The machine learning models developed in this study, namely Random Forest (RF), Support Vector Re-
gression (SVR), and Extreme Gradient Boosting (XGBoost), successfully predicted compressive strength
based on mix design parameters and curing conditions. Among the investigated models, XGBoost demon-
strated the highest predictive accuracy and generalization, indicating its suitability for concrete strength pre-
diction and sustainable mix optimization. Feature importance analysis further identified cement content, cur-
ing age, and water-to-binder ratio as the most influential parameters governing compressive strength devel-
opment.

From an environmental perspective, the utilization of industrial waste materials resulted in substantial re-
ductions in estimated CO: emissions associated with cement production. The findings demonstrate that ap-
propriate cement-replacement strategies can effectively balance mechanical performance and environmental
sustainability, thereby advancing the development of greener construction materials and supporting circular-
economy principles.

The novelty of this research lies in integrating experimental validation, environmental assessment, and
advanced machine learning techniques within a unified framework for low-carbon concrete design. This
approach minimizes extensive trial-and-error experimentation, reduces material development costs, and fa-
cilitates data-driven decision-making for sustainable construction practices. Future research should focus on
expanding the dataset, investigating additional industrial byproducts and recycled materials, evaluating long-
term durability characteristics, and exploring advanced artificial intelligence and optimization algorithms to
further enhance prediction accuracy and sustainable concrete performance.

Future Scope

Even though this research has shown that developing low-carbon concrete based on industrial waste and
machine learning is feasible, there are several areas that can be further examined and enhanced through re-
search. To begin with, future research can use larger, more varied datasets that represent a broader range of
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mix proportions, curing conditions, and material properties. Increasing the data size would enhance the ma-
chine learning model's robustness and generalization. Second, it is advisable to conduct field validation of
the optimized mixes. Laboratory findings should be tested in real-world performance under different envi-
ronmental conditions and loading, and during long-term exposure. Third, future research can investigate the
application of other waste materials, including silica fume, rice husk ash, waste glass powder, and recycled
aggregates. Multiple combinations of waste under investigation could also help to improve sustainability and
performance. Also, long-term durability characteristics such as permeability, shrinkage, and chemical re-
sistance can be investigated to ensure structural reliability throughout the service life. Lastly, more intricate
machine learning methods, such as deep learning and combinations of optimization algorithms, can be im-
plemented to enhance the accuracy of prediction and mix optimization.
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