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Abstract— GPC is one of the sustainable construction materials. It has a low carbon footprint
and good durability. However, predicting mechanical performance and durability related to
composition is one of the key challenges compared to Portland cement. This research presents a
machine learning—driven predictive framework for evaluating the essential characteristics of
geopolymer concrete, including both fresh and hardened properties. In this study, multiple
machine learning models are developed, for example, RF, SVG, GB, and ANN. The simulations
are assessed using execution metrics, including RMSE, R?, and MAE. This combined approach
provides engineers, researchers, and field practitioners with a robust tool to support decision-
making for improving mix design and evaluating the cost-effectiveness of geopolymer concrete.
The results determine that the proposed ML models can accurately predict GPC properties
with high generalization capability.
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1. INTRODUCTION

Machine learning, being part of artificial intelligence, has helped to develop concrete with improved strength and
cost efficiency [1]. While developing and analysing models side by side, it helps to identify the best-performing
model with good accuracy. ML also help to predict the structural properties of concrete. In 1978, the term
geopolymer was coined by Davidovits. GPC is produced through the activation of silica-rich materials with an
alkaline solution, which comprises sodium or potassium silicate and sodium or potassium hydroxide [2—4]. This
research explores new possibilities for developing eco-friendly concrete. Authors seek to predict the mechanical
and economic performance of GPC by utilizing advanced machine learning methods combined with an in-depth
cost—emission assessment. Authors are developing a computational system that considers factors such as the
composition of glass powder and fly ash, the quantities of activators, and curing details, which will lead to
predictions of compressive, tensile, and flexural strength [5].

GPC mixtures can be rather intricate, as their properties are affected by numerous chemical and physical factors;
thus, an extensive dataset is required to encapsulate all these varying components [6,7]. A GPC is a better
alternative material to normal concrete because of its various advantages over normal concrete, as it produces
less carbon emission, and therefore most popular material in the construction industry [6—8]. GPCs are classified
as alkali-activated cements [9,10].
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In practice the best method that generally followed in construction site is that mixing of alkali activators in dry
material, the other method is also available to produce GPC [11,12].

II. MATERIALS AND METHODOLOGY

The materials used for this research work are waste mix glass powder, fly ash, CDW, and alkali activators [13].
All materials are accumulated from the local area. The research Methodology defines the systematic process
adopted to design, develop, train, and validate the ML-Based Prediction Model for GPC integrated with
Comparative Cost Analysis.

The project was developed in the context of using a machine learning algorithm to avoid the typical old method.
The steps involve data collection and preparation, model development using ML algorithms, evaluation and
optimization and deployment and result interpretation.

Data collection is being done by filtering and extracting the detailed data from the existing research paper. The
key factors like Fly ash or GGBS content (% by mass), NaOH molarity (M), Na.SiOs/NaOH ratio, Activator-to-
binder ratio, Binder-to-aggregate ratio, curing temperature (°C) and duration (hours), Water/binder ratio, Type of
aggregates and chemical admixture are considered for model design. The process for training the model is data
Cleaning, standardisation, feature encoding, dataset splitting (80% and 20%), and outlier detection. This helps to
identify that the data is not relatively close to most of the data. Feature importance is analyzed using Correlation
Heatmaps, Random Forest Feature Importance Ranking, Variance Inflation Factor (VIF). The next phase
involves training multiple supervised ML models to predict concrete properties. The LR, RF, GB, and ANN
Hyperparameter tuning is carried out using Grid Search CV and Cross-Validation (k=10) to determine the
optimal configuration for each algorithm.

The trained models are evaluated using the performance metrics like Coefficient of Determination (R?), Mean
Absolute Error, Root Mean Square Error, and Mean Percentage Error. A Predicted vs. Actual Strength plot is
generated to visualise model accuracy. The model with the best performance (highest R? and lowest RMSE) is
selected for final deployment.

The model is very efficiently differentiated in terms of costing as per the produced GPC grade. Compared with
experimental and existing data, the validation of the current model [12,14].

III. RESULTS AND DISCUSSION

A. Cost Analysis

The comparison of hazardous gas emissions between Conventional M40 Concrete and Geopolymer Concrete
(GPC) is shown below. Portland cement is dangerous. Emissions are extremely damaging. Recent estimates of
cement production emissions show that 377 million metric tonnes of carbon were produced in 2022, indicating
that emissions from fossil fuel combustion and cement production have more than doubled since the mid-1970s
[15].

Table 1 and Table 2 Shows the cost analysis of traditional and geopolymer concrete.

TABLE I. COST ANALYSIS OF TRADITIONAL CONCRETE

Material Cost }R) Percentage of Total Cost (%)
Cement 2800 53.95%

Sand (Fine Aggregate) 990 19.07%

Coarse Aggregate 1400 26.98%

Water 0 0%

Total 5190 100%

TABLE II: COST ANALYSIS OF GEOPOLYMER CONCRETE

Material Quantity (kg) Unit Cost (R/kg) Total Cost (%)
Fly Ash 270 3 810

Waste Mix Glass Powder 115 2 (Grinding Cost) 230

Sodium Hydroxide Pellets 45 60 2700

Sodium Silicate Solution 110 29 3190

Mix CDW (Brick Waste & Concrete Waste) — Fine Aggregate 850 0.5 425

Fly Ash Coarse Aggregate (Material +

Processing Cost = 23/kg) 1100 3 3300

Water (~50 liters) 50 — 0

Total Cost per m® of GPC — — %10,655/-
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Figure 1 CO2 Emission Comparison

B. Effect of Alkali Activator Reduction on Cost and Emissions

Figure 1 illustrates that the influence of Alkaline activator content, specifically SH and SS, has an impact on the
overall cost and CO: emissions related to the manufacture of Geopolymer Concrete (GPC), as seen in the graph
above. The Y-axis displays two important parameters: the estimated CO: emissions (kg CO:) and the overall
production cost (). The X-axis shows the various amounts of NaOH used in the mix [16,17]. As can be seen, the
cost and emissions gradually increase as the NaOH content rises. This is because the costliest parts of the GPC
mix, NaOH and Na.SiOs, need energy- intensive production methods, which raises the embodied carbon. The
total cost per cubic meter of GPC increases from about 37,000 to 8,800 when the activator dosage increases
from 25 kg to 45 kg. CO: emissions also slightly increase during this time. The trade-off is higher material
expense and environmental effect, even if larger activator concentrations improve early strength and bonding by
increasing the efficiency of the polymerization reaction. The Figure 2 and 3 illustrate the relationship between
the quantity of NaOH used as an activator in Geopolymer Concrete (GPC) and the resulting mechanical strength
properties, including compressive, tensile, and flexural strength. The X-axis represents the NaOH quantity (in
kg), while the Y-axis denotes the corresponding strength values (in MPa).
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Figure 2: Relation between the alkali activator, cost and strength
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Figure 3: Effect of sodium silicate Reduction on cost and emission.
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C. Combined Effect of SH and SS on Cost, Emissions, and Strength

The Figure 4 and 5 present a comparative analysis of predicted compressive strength versus actual compressive
strength for Geopolymer Concrete (GPC) using three different predictive models — Linear Regression, Random
Forest, and the Developed Machine Learning (ML) Model. The X-axis represents the actual compressive
strength values (in MPa), while the Y-axis corresponds to the predicted compressive strength (in MPa) obtained
from each model. Table 3 shows the combined effect of the alkali activator on strength properties.

TABLE III: COMBINE EFFECT OF THE ALKALI ACTIVATOR FOR STRENGTH PROPERTIES

Type NaoH | Na2SiO3 Kg Total Cost Emissions Kgco2 | Compressive Mpa | Tensile Mpa Flexural Mpa
NaoH 45 110 8555 263.65 48 4.5 6
NaoH 40 100 8135 241.66 47.54 44 5.94
NaoH 35 90 7715 219.66 47.07 44 5.88
NaoH 30 80 7295 197.66 46.61 4.3 5.83
NaoH 25 70 6875 175.66 46.14 43 5.77
Na2SiO3 45 110 8555 263.65 48 4.5 6
Na2SiO3 45 100 8415 251.66 47.69 44 5.95
Na2Si03 45 90 8275 239.66 47.38 44 5.89
Na2Si03 45 80 8136 227.66 47.07 44 5.84
Na2Si03 45 70 7995 215.66 46.76 4.3 5.78
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Figure 4: Comparison of strength results for current and existing models Figure 5: Predicted compressive strength for different models

IV. CONCLUSIONS

This research shows that various parameters, which are related to each other, play a strong role in determining
the mechanical performance and cost efficiency of GPC, such as the content of alkaline activators, binder
composition, curing conditions, and aggregate characteristics. The findings confirm that an increase in the
concentration of SH and SS increases strength development as a result of better geo-polymerisation, although the
increase in material cost and embodied CO2 emissions is observed, too. The created machine learning-based
predictive model was able to emulate the nonlinear correlations between mix design variables and major
performance indices, including compressive, tensile, and flexural strength. The optimized ML model was one of
the models that were evaluated and had high prediction accuracy and good generalization capacity, which makes
it a good tool in the estimation of the performance of GPC mixtures. The fact that there was a close correlation
between the experimental results and the predicted results is a testament to the strength of the proposed
approach.

Moreover, the integrated cost and emission analysis indicates that it is possible to find a balance in trade-off
between mechanical performance, financial viability, and environmental sustainability by optimizing the alkaline
activator dosage. The results show that geopolymer concrete can be made much less carbon-emitting than
traditional cement-based concrete and with the same structural performance, using a data-driven optimization
technique. On the whole, this study supports the fact that machine learning, together with cost-emission
assessment is an efficient decision-supporting instrument in the process of developing sustainable geopolymer
concrete. The suggested framework should help the engineers and scientists in creating optimized GPC mixes
having better performance, less costly and having less environmental impact, which will lead to the increased
usage of geopolymer concrete in sustainable building projects.

380



REFERENCES

[1] F.O. Moaf, F. Kazemi, H.S. Abdelgader, M. Kurpinska, Machine learning-based prediction of preplaced aggregate
concrete characteristics, Eng Appl Artif Intell 123 (2023). https://doi.org/10.1016/j.engappai.2023.106387.

[2] A.S. Kurzekar, U.P. Waghe, P. Waghe, Machine Learning Prediction Model for Durability of Geopolymer Concrete
with CDW and Artificial Aggregates under Harsh Environmental Exposure, Iranian Journal of Science and Technology,
Transactions of Civil Engineering (2025). https://doi.org/10.1007/s40996-025-01979-z.

[3] A.S. Kurzekar, U. Waghe, D. Gawande, A. Jaiswal, P. Narkhede, Examining Fine Aggregate Properties from
Dismantled Building Materials Waste: Towards Sustainable Construction Solutions in Environmental Sensing, in: 2025:
pp. 1-8. https://doi.org/10.1007/978-3-031-73816-6_1.

[4] A.S. Kurzekar, U.P. Waghe, R.M. Bhagat, Y.P. Kherde, Testing of mortar properties using dismantled building material
and deteriorated bricks as substitution of natural fine aggregate for the reduction of cement, in: 2024: p. 070005.
https://doi.org/10.1063/5.0240286.

[51 A.S. Kurzekar, U. Waghe, K. Ansari, A.N. Dabhade, T. Biswas, S. Algburi, M.A. Khan, E. Althaqafi, S. Islam, J.
Palanisamy, Development and optimization of geopolymer-based artificial angular coarse aggregate using cut-blade
mechanism, Case Studies in Construction Materials 21 (2024) €¢03826. https://doi.org/10.1016/j.cscm.2024.e03826.

[6] A.Mohajerani, D. Suter, T. Jeffrey-Bailey, T. Song, A. Arulrajah, S. Horpibulsuk, D. Law, Recycling waste materials in
geopolymer concrete, Clean Technol Environ Policy 21 (2019). https://doi.org/10.1007/s10098-018-01660-2.

[7]1 C. Gunasekara, S. Setunge, D.W. Law, N. Willis, T. Burt, Engineering Properties of Geopolymer Aggregate Concrete,
Journal of Materials in Civil Engineering 30 (2018). https://doi.org/10.1061/(asce)mt.1943-5533.0002501.

[8] H. Khan, D. Purohit, D. Bagara, H. Sahay Pahadiya, Geopolymer concrete with replacement of cement, International
Journal of Engineering Research & Technology (IJERT) 4 (2016).

[91 A. Dehghanbanadaki, A. Arefnia, A. Keshtkarbanacemoghadam, K. Ahmad, S. Motamedi, R. Hashim, Evaluating the
compression index of fibrous peat treated with different binders, Bulletin of Engineering Geology and the Environment
76 (2017). https://doi.org/10.1007/s10064-016-0890-6.

[10] M. Soutsos, R. Vinai, A. Boyle, K. Tang, M. Fulton, Sustainable concrete construction - From recycled demolition
aggregate to alkali activated binders, in: IOP Conf Ser Mater Sci Eng, 2018. https://doi.org/10.1088/1757-
899X/431/2/022002.

[11] R.S. Yetekar, A.S. Kurzekar, Parametric study of responses of RCC building on sloping ground for response reduction
factor with vertical discontinuity - A review, in: AIP Conf Proc, 2023. https://doi.org/10.1063/5.0126207.

[12] A.S. Patil, A.S. Kurzekar, P. Fulzele, Behaviour of H sections with slender flange built upsection in pre engineering
building, Journal of Advanced Research in Dynamical and Control Systems 11 (2019).

[13] Y.L. Yaphary, D. Lau, F. Sanchez, C.S. Poon, Effects of sodium/calcium cation exchange on the mechanical properties
of calcium silicate hydrate (C-S-H), Constr Build Mater 243 (2020) 118283.
https://doi.org/10.1016/j.conbuildmat.2020.118283.

[14] P. Hema, V. Revathi, Durability Evaluation of GGBS-RHA-Based Geopolymer Concrete Along with Lightweight
Expanded Clay Aggregate Using SEM Images and EDAX Analysis, Buildings 14 (2024) 3355.
https://doi.org/10.3390/buildings14113355.

[15] M. Alhawat, A. Ashour, G. Yildirim, A. Aldemir, M. Sahmaran, Properties of geopolymers sourced from construction
and demolition waste: A review, Journal of Building Engineering 50 (2022). https://doi.org/10.1016/j.jobe.2022.104104.

[16] A. V. Nakum, N.K. Arora, The impact of alkaline solution to fly ash ratio with different molarities of sodium hydroxide
on self-compacted geopolymer concrete, Mater Today Proc 62 (2022) 4168-4176.
https://doi.org/10.1016/j.matpr.2022.04.688.

[17] S.Y. Kwek, H. Awang, C.B. Cheah, Influence of liquid-to-solid and alkaline activator (Sodium silicate to sodium
hydroxide) ratios on fresh and hardened properties of alkali-activated palm oil fuel ash geopolymer, Materials 14 (2021).
https://doi.org/10.3390/mal4154253.

381



