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Abstract: The design of the concrete mix is very important for getting the right mechanical performance, durability, and
sustainability in modern infrastructure. Traditional methods for proportioning mixes generally use empirical methods that may not
adequately account for the complicated ways that different elements interact with each other. This study examines innovative
methodologies for optimizing concrete mix design, primarily aimed at augmenting compressive strength. We suggest a hybrid
optimization framework that combines statistical design of experiments, machine learning models, and evolutionary algorithms.
We look at key material factors in a methodical way, such as the water—cement ratio, the amount of cement, the amount of extra
cementitious materials, the aggregate gradation, and the dosage of admixtures. The suggested method uses fractional factorial design
to make experiments more efficient, response surface methods to represent nonlinear interactions, and genetic algorithms to find
the best solution globally. Standard laboratory testing methods, including as workability assessment and compressive strength
testing at different curing ages, are used to test the experiment. The results show that optimized mixes can achieve up to 18-22%
better compressive strength while still being easy to work with, which is a big advance over traditional mix design methods. The
research shows how useful advanced optimization methods are for dealing with differences in materials and performance trade-
offs. The results offer practical direction for researchers and professionals aiming for data-driven, high-performance concrete mix
compositions for structural uses.
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l. INTRODUCTION

Concrete is still the most used building material in the world since it is flexible, easy to get raw materials for, and not too expensive.
However, how well it works depends a lot on the ratios and properties of the materials that make it up. Compressive strength is the
most important of concrete's mechanical qualities since it determines how strong, durable, and usable a structure is. For decades,
people have been able to employ traditional methods for designing concrete mixes, like the water—cement ratio idea and empirical
design charts. Still, these technologies sometimes make the complicated interactions between materials too simple, which can lead
to solutions that are too safe or not good enough.

The building industry has been asked to make more and more concrete that is strong, long-lasting, and good for the environment in
the last several years. Adding supplemental cementitious materials (SCMs), chemical admixtures, and recycled aggregates has made
mix design even more complicated. These materials have benefits for the environment and performance, but they also create nonlinear
interactions that are hard to predict with traditional methods. Because of this, advanced optimization techniques have become popular
as ways to improve the performance of concrete while using less material and costing less.

Statistical and computational techniques offer a structured approach for investigating extensive design spaces and determining the
most effective combinations of mix parameters. Researchers can use design of experiments (DoE) methods like factorial and
fractional factorial designs to look at the effects of several variables with fewer experiments. Response surface methodology (RSM)
facilitates the creation of prediction models that encapsulate nonlinear correlations between mixture factors and compressive strength.
In recent times, machine learning (ML) methods, such as artificial neural networks and ensemble learning models, have shown that
they can provide better predictions than classic regression models.

Evolutionary optimization algorithms, especially genetic algorithms (GAs), have been very useful for handling hard optimization
problems with more than one goal in concrete mix design. These algorithms use natural selection to find the best solutions, which
makes them great for situations with many constraints and goals that are at odds with each other. When used with predictive models,
GAs may quickly find the right blend of ingredients that gives the best compressive strength while also meeting standards for
workability and durability.

Even though there is more and more research, we still need integrated frameworks that bring together experimental design, predictive
modeling, and optimization techniques in a way that makes sense. A lot of research looks at single methods instead of using their full
potential together. This study seeks to fill this void by suggesting a hybrid optimization approach for the design of concrete mixes.
The work underscores practical usefulness by confirming improved blends through laboratory testing and evaluating their

JETIR2602428 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org \ e189


http://www.jetir.org/

© 2026 JETIR February 2026, Volume 13, Issue 2 www.jetir.org (ISSN-2349-5162)
performance against traditional systems. The results are anticipated to aid in the formulation of data-driven, high-performance
concrete mix design methodologies for contemporary construction practices.

Il. LITERATURE REVIEW

The development of concrete mix design methods shows how construction materials and performance needs are becoming more
complicated. Abrams' early research showed the basic link between the water-cement ratio and compressive strength. This was the
basis for traditional mix design methods. Later studies built on this idea by looking at the grading of aggregates, the fineness of the
cement, and the conditions under which the cement was cured. These methods offered useful guidance, but they were based on a lot
of guesses and not very many experimental datasets.

As computers got better, researchers started looking into statistical methods to make mix proportioning better. Design of
experiments became a useful way to methodically look at how different variables affect each other. Factorial and fractional factorial
designs were extensively utilized to discern major parameters affecting compressive strength while minimizing experimental effort.
These approaches gave us useful information about how factors interact, but they were usually only good for linear or low-order
nonlinear correlations.

Response surface methods became a common way to model complicated, nonlinear interactions between mix factors and concrete
qualities. Studies utilizing RSM have shown enhanced predictive accuracy for compressive strength and workability. RSM models,
on the other hand, are susceptible to noise in experiments and may have trouble with situations that are very nonlinear or have a lot
of dimensions, especially when novel materials like SCMs and chemical admixtures are added.

The topic of concrete mix optimization has come a long way thanks to machine learning approaches. Artificial neural networks
(ANNSs) were some of the first machine learning models used to predict compressive strength. They worked better than linear
regression. Later studies looked into support vector machines, decision trees, and ensemble learning models, which made predictions
even more accurate. ML models are great at capturing complicated relationships between variables, but they often work like black
boxes, making them hard to understand.

More and more, optimization algorithms are being used with predictive models to find the best combination proportions. Genetic
algorithms, particle swarm optimization, and simulated annealing have all been used successfully to either get the most compressive
strength or the least cost. In particular, optimization based on GA has worked really well since it can find its way across big,
complicated search areas. Research that combined ANNs with GAs showed big gains in strength compared to regular mixes.

Recent studies have looked into optimization that is based on sustainability, such as using recycled aggregates and industrial by-
products in concrete mixtures. These studies show that there are benefits to the environment, but they also stress the necessity for
strong optimization frameworks to deal with changes in the characteristics of materials. Most current research still address
experimental design, modeling, and optimization as independent parts, even if major improvements have been made.

The research shows that there is a considerable demand for integrated, hybrid methods that combine experimental efficiency,
predictive accuracy, and the ability to improve performance. These kinds of frameworks can make optimized concrete mix designs
more reliable and useful. This study expands upon prior research by introducing a cohesive methodology that integrates the
advantages of statistical design, machine learning, and evolutionary optimization techniques.

I11. PROPOSED METHODOLOGY

The suggested method uses a combination of experimental design, predictive modeling, and optimization to make concrete
stronger. There are six steps in the workflow: choosing materials, designing experiments, preparing specimens, testing, developing
models, and optimizing.

3.1 Choosing Materials

Standard requirements were used to choose ordinary Portland cement, natural fine and coarse aggregates, extra cementitious
ingredients, and a superplasticizer. The aggregate gradation was optimized to provide the correct packing density, and the material
attributes were described before the mix design.

3.2 Design of the Experiment

A fractional factorial design was utilized to minimize the number of experiments while effectively capturing the impact of
significant variables. Table 1 shows the chosen parameters and levels.

Table 1: Mix Design Variables and Levels

Parameter Level Level 2 Level 3
1
Water—cement ratio 0.35 0.40 0.45
Cement content (kg/m?3) 350 400 450
SCM replacement (%) 0 10 20
Superplasticizer (%) 0.5 1.0 1.5

3.3 Specimen Preparation and Testing

Concrete batches were mixed in a laboratory mixer. Workability was assessed using the slump cone test. Specimens were cast in
standard molds, demolded after 24 hours, and cured in water. Compressive strength was measured using a hydraulic testing machine
at 7 and 28 days.
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Figure 1: Experimental Workflow

3.4 Predictive Modeling

We used the findings of the experiments to develop models that might anticipate what would happen. Response surface methods
accounted for variable interactions, whereas machine learning models were developed to forecast compressive strength. Statistical
error measurements were used to check how well the model worked.

3.5 Improving Using a Genetic Algorithm

A genetic algorithm was used to find the best way to increase compressive strength while still making it easy to deal with. The
trained prediction model acted as the fitness function. The algorithm iteratively refined potential solutions to determine optimal
mixture proportions.

3.6 Checking

Optimized mixes were experimentally confirmed and compared with control mixes created using traditional approaches to
evaluate performance enhancement.

IV. RESULTS

The experimental and optimization findings show that the proposed strategy works to improve the compressive strength of
concrete. Preliminary experimental data indicated that the water-cement ratio and cement content had the most substantial impact on
compressive strength, whereas SCM substitution demonstrated a nonlinear effect. Moderate levels of SCM increased strength because
of pozzolanic action, but too much replacement made strength worse.

The examination of predictive models showed that machine learning models worked better than traditional regression methods.
The response surface model was good enough for trend analysis, but the ML model had reduced prediction errors, which made it
better for optimization. Combining the ML model with the evolutionary algorithm made it easier to explore the design space.

The GA found the best mix proportions, which included a low water-to-cement ratio, a reasonable amount of cement, and the best
SCM replacement. Table 2 shows how ordinary mixes and optimized mixes are different.

Table 2: Comparison of Conventional and Optimized Mixes

Mix Type 28-day Slump (mm)
Strength (MPa)

Conventional 425 85

Optimized 51.8 90
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The optimized mix achieved approximately 22% higher compressive strength while maintaining acceptable workability. Strength
gain was consistent across multiple specimens, indicating robustness of the optimization framework.
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Figure 2: Comparison of Compressive Strength Results
The results confirm that advanced optimization techniques can effectively identify superior mix designs that are difficult to
achieve through trial-and-error methods. The experimental validation reinforces the reliability of the proposed framework.

V DISCUSSION

The results show how useful it is to combine statistical, machine learning, and evolutionary optimization methods. The
suggested approach captures nonlinear interactions and material synergies, which is not the case with traditional methods. The
enhanced compressive strength illustrates the efficacy of data-driven methodologies in contemporary concrete technology. The
methodology also allows for the inclusion of sustainability limitations, making it appropriate for future research and industry uses.

VI CONCLUSION

This study introduces a hybrid optimization method for concrete mix design focused on improving compressive strength. The
suggested methodology effectively investigates intricate mix design spaces by the integration of fractional factorial design, predictive
modeling, and genetic algorithms. Experimental validation demonstrates that improved blends can attain substantial strength
enhancements while preserving workability. The findings indicate that advanced optimization techniques provide a dependable
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substitute for traditional empirical methods. You can change the framework to incorporate goals for durability, cost, and
sustainability. In general, the study helps to create high-performance, data-driven concrete mix design techniques for modern building
methods.
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