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Abstract 

Coal and steel industry by-products, such as fly ash (FA) and blast furnace slag (GGBS), have gained 

significant attention as precursors for geopolymer concrete (GPC) due to their high aluminosilicate 

content, offering a sustainable alternative to conventional cement. Nano silica (NS), recognized for its 

exceptional pozzolanic activity and ability to refine microstructure, has shown potential to enhance the 

mechanical and durability properties of GPC. This study investigates the influence of NS incorporation 

at varying percentages (1%, 1.5%, 2%) in GPC, cured at different temperatures (27 0C, 60 0C, 90 0C, 

120 0C), on compressive strength (CS), split tensile strength (STS) and flexural strength (FS). 

Experimental results reveal that GPC cured at 90 0C for 28 days exhibits the highest strengths i.e. CS 

of 55.96 MPa, STS of 5.63 MPa, and FS pf 5.66 MPa, demonstrating the effectiveness of heat curing in 

optimizing mechanical properties. However, the experimental determination of GPC properties is 

resource intensive. This research introduces machine learning, especially artificial neural networks 

(ANN), as a predictive tool. The ANN models, trained on 20 GPC mix designs, accurately predict CS 

(R2 = 0.9797), STS (R2 = 0.9847), and FS (R2 = 0.9864), highlighting their reliability. Compared to 

traditional modeling approaches, ANN offers superior prediction accuracy, aiding in efficient material 

proportioning and optimization. The novelty of this research lies in combining advanced 

nanotechnology and machine learning to address the dual challenges of sustainability and performance 

in GPC, bridging experimental and computational domains for future infrastructure applications.   
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INTRODUCTION 

Geopolymers made of aluminosilicate materials were first introduced by Davidovits in 1979 [1]. For 

manufacturing geopolymers, we used different types of waste from industries like FA from thermal 

power plants [2], calcium wood ash [3], slag from steel industries [4], rice husk [5], volcanic ash [6] 

which is used along with an alkaline solution to increase the rate of polymerization [7]. Concrete 

produced by geopolymerization is environmentally friendly that helps reduce the emission of CO2 in 

the atmosphere to a great extent, which comes out 

during the manufacturing of cement [8]. 

Geopolymer composites offer several sustainability 

advantages over conventional cement-based 

materials. The production of Portland cement is 

responsible for nearly 8% of global CO₂ emissions 

[9]. In contrast, geopolymer concrete is made from 

industrial by-products such as FA and GGBS, 

significantly reducing the demand for cement and 

lowering greenhouse gas emissions [10]. 

Additionally, geopolymer concrete exhibits 

superior resistance to chemical attack, reduced 

permeability, and better long-term durability, 

making it a sustainable alternative in modern 

construction [11, 12]. Due to the presence of 
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aluminosilicate compounds in the byproduct of coal and steel industry i.e., FA and GGBS is 

significantly used as an alternative to cement concrete [13]. A similar study has been done by Piro et 

al., in which crushed improvement in the strength of cement concrete is observed after using supplement 

of crushed stone with GGBS and steel making slag [14]. Sodium hydroxide and sodium silicate rank 

among the predominant activators employed for the manufacturing of concrete [15]. Mechanical 

characteristics of GPC are vary with use different type of source material, the basic solution 

concentration, the amount of sodium silicate, the amount of water, curing time, and curing temperature 

[16], which are determined in the laboratories as per IS codes. Mix proportion of FA and GGBS based 

GPC on the basis of activator solution to binder ratio is designed with methodology proposed by reddy 

et al. [17]. Heat curing is essential in geopolymer concrete development as it accelerates the 

geopolymerization process, leading to improved mechanical strength and durability. Elevated 

temperatures enhance the dissolution of aluminosilicate precursors in fly ash and GGBS, resulting in 

better polymerization and a denser microstructure. Studies indicate that geopolymer composites cured 

at temperatures between 60°C and 90°C exhibit superior compressive and tensile strength compared to 

ambient-cured specimens. This research specifically explores the optimal curing temperature for nano 

silica-modified geopolymer composites, demonstrating that 90°C provides the best strength 

performance [18]. In addition to performing experiments, various non-destructive methods are available 

for measuring the CS of GPC [19]. However, these methods require costly equipment and are time-

consuming in specimen preparation. For avoiding the time, manpower and cost utilized computation 

modeling, artificial intelligence (AI) approach [20, 21], multivariable regression model is used to get 

the correlation of input parameters with mechanical properties of GPC, including ANN, fuzzy 

interference system (FIS) and neuro fuzzy system (NFS) were used by several researchers [22-33]. 

ANN with three layers of neurons and fuzzy logic has extensively used in engineering problems due to 

its capability to solve complexity during the training of the model [34]. It is observed that ANN provides 

high accuracy prediction with untrained data even when components are limited [13, 35-37]. This 

research employs three distinct error metrics: mean absolute error (MAE), root mean square error 

(RMSE), mean absolute percentage error (MAPE), and correlation coefficient (R), to assess the model’s 

effectiveness. The main of this research study is to offer advancement in the existing literature with the 

help of developing an ANN model for heat-cured nano silica GPC to predict its mechanical properties. 

During this research, the investigation was done in two phases. The ANN model was trained and 

validated in the first phase by randomly shuffling the data set in MATLAB. In the second phase 

accuracy of the model was checked with experimental results. For experimental results, GPC samples 

were prepared, and testing procedures were applied to determine GPC strength. 

 

MATERIAL & METHODS 

Material used in GPC 

This study employs two source materials: fly ash (FA), and ground granulated blast furnace slag 

(GGBS) combination. FA and GGBS are sourced from a thermal power plant and steel plant in Yamuna 

Nagar, Delhi. Nano Silica (NS), and alkaline activators for GPC concrete is provided by local vendor. 

Alkaline solution with sodium hydroxide and sodium silicates initiates geopolymerization. The 

percentage of incorporation of NS and curing temperature are key input parameters impacting GPC 

properties. Table 1 outlines precursor material oxide percentages along with oxides present in NS. 

Crushed granite serves as coarse aggregate (CoAg) with varied sizes (7mm, 10mm, 20mm). Badarpur 

sand is used as fine aggregate (FiAg). The activator solution blends sodium silicate with sodium 

hydroxide. Table 2 provides physical characteristics of FA, GGBS, FiAg and CoAg. 

 

Table 1. The percentages of oxides present in the source material and NS. 

Sample (%) SiO2 Fe2O3 CaO Al2O3 MgO K2O Na2O SO3 P2O5 TiO2 LOI 

FA 49 12.5 2.79 27.25 0.89 0.46 0.32 0.38 0.98 1.54 0.64 

GGBS 32.46 0.61 43.1 14.3 3.94 0.33 0.24 4.58 0.02 0.55 0.09 

NS >95.1 - - - - - - - - - - 
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Table 2. The Physical characteristics of FA, GGBS, FiAg, and CoAg. 

Property FA GGBS FiAg CoAg 

Water absorption (%) - - 1.2 0.6 

Fineness modulus (m2/kg) 520 408 2.5 7.12 

Specific gravity 2.20 3.2 2.6 2.8 

 

METHODOLOGY 

Experimental Data 

Twenty mix proportions were designed, and for every mix proportion, nine specimens were prepared, 

out of which three were for CS, three specimens for STS, and three for FS determination of GPC. One 

day of heat curing in an oven is followed by additional curing at ambient temperature until the day of 

performing test. Strength is determined after 28 days curing. Detailed information about the material 

components, specimen mix preparation, and data collection is presented in sub-sections 

 

Specimen Preparation 

Specimens of GPC were prepared with a mix design procedure using IS 10262-2009 and IS 456: 

2005. The source material, sand, and CoAg used in the mix for the production of concrete were in the 

ratio 1:1.28: 2.99. The concentration of NaOH used for preparing the alkaline solution was 16M. The 

exothermic reaction occurs when we add NaOH to water, so this solution was ready 1 day before the 

day of casting. Sodium naphthalene formaldehyde-based superplasticizer was useful to enhance the 

workability. Superplasticizer was employed in an amount equal to 1.5% of the binding material. For 

specimen preparation, the aggregate was mixed and blended in a mixer for 1 min. Then, FA is put into 

a mixer and blended with aggregate for 3-5 min. After this, GGBS is mixed and blended for 2 min. 

After this, NS are put into a mixer and blended for 2 minutes. After this, the superplasticizer is put into 

a mixer and blended for 1 min. Subsequently, the amalgamated solution of sodium hydroxide and 

sodium silicate was introduced into the mixer and blended for duration of 4 to 6 minutes. The proportion 

of NaOH/ Na2SiO3 used was 2.5 for all the mixtures. The cubical specimen of 150 x 150 x 150 mm, 

cylindrical specimen of 200 x 100 mm, and prism specimen of 500 x 100 x 100 mm size were prepared 

to determine the CS, STS, and FS of concrete. Using a compression testing equipment with a 2000 KN 

capacity and a constant loading rate, the strength were calculated (see Figure 1). According to the 

guidelines of IS 516:1959. the compressive strength of GPC specimens was determined. According to 

IS 5816:1999 and IS 516:1959, the STS and FS of the GPC specimen were computed. The proportion 

of different materials used in producing GPC incorporated with different percentage of NS and cured 

at different temperature is listed in Table 3.  

 

 
Figure 1. Compressive strength test of specimens under compression testing machine  

 

Table 3. The proportion of different materials used in producing GPC (Kg/m3). 

Mix FA GGBS NaOH Na2SiO3 SP CoAg FiAg 

GPC 213.1 213.1 42.6 106.6 6 1276.8 547.8 
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Artificial Neural Network 

Inputs with their weights, functions for sum and activation, and the target output are the major 

elements of the architecture of an artificial neural network [38). Eq.1 is used for weighted and summing 

the input in the artificial neural network. 

𝑦 = 𝑓(∑ 𝑥𝑖𝑤𝑖 − 𝑏)𝑛
𝑖=0  (1) 

 

Where activation function is represented by ‘f’ and input neuron, and their corresponding weight is 

represented by ‘xi’ & ‘wi’ respectively. In Eq. (1), the bias term and the number of neurons are denoted 

by ‘b’ and ‘n’, respectively. The target output is represented by y in Eq. 1. In Eq. 1, activation function 

‘f’ is applied to the input given by  (∑ 𝑥𝑖𝑤𝑖 − 𝑏)𝑛
𝑖=0 . In Artificial Neural Network during multi-layer 

feed-forward operation, the function used for activation is Sigmoidal, which has ‘S-shaped’ curve, and 

Eq.(2) represents the sigmoidal function mathematically [39).  

𝑓(𝑡) =  
1

1+ 𝑒−𝛼𝑡  𝑤ℎ𝑒𝑟𝑒 𝑡 =  ∑ 𝑥𝑖𝑤𝑖 − 𝑏)𝑛
𝑖=0  (2) 

 

In Eq. (2), the semi-linear region gradient is managed by constant ‘α’. The network forwards the 

signals continuously again and again to achieve closed output. If there is a difference between predicted 

and calculated outcomes, then this difference value is sent back to the input from output to distribute 

this error in all neurons equally. The weights are continuously updated based on these back-propagated 

signals. The ANN structure formulated within this study are shown in Figures.  

 

Model Performance Determination 

The most widely used technique for concrete strength prediction in the machine learning approach is 

ANN [40). Due to high performance efficiency of ANN model among all AI models, ANN is 

extensively used in many engineering problems [9, 41). For better estimation of the GPC specimen 

strength, ANN network should be well-trained. Test results were classified into two subdivisions, the 

primary division is for training both models, and the secondary division is for testing both models. Three 

different categories of error, RMSE, MAE, and MAPE, were used in this research to examine the 

performance effectiveness of the ANN model. It was also observed that forecasting results are better 

with lower values of RMSE and MAE [42). MAE measures errors between paired observations 

expressing the same phenomenon and is given by eq. (3). MAPE for GPC strength prediction is given 

by eq. (4). RMSE for GPC strength prediction can be calculated by eq. (5).  

 

In the present research, a three-layer perceptron ANN model based on a subtractive cluster algorithm 

was created with the help of MATLAB (2018) for GPC specimens strength prediction. The three major 

components of artificial neural networks are the input, output, and computational layers. Two different 

parameters i.e., percentage of nano silica and curing temperature, were considered input parameters. 

The target output is types of strength of GPC. In this study, the Levenberg-Marquardt algorithm is used 

in ANN analysis. The range of parameters of the ANN model is shown in Table 4. During the model's 

training, we need to change the value of the number of neurons and number of hidden layers until the 

model's outcome is closer to the outcome of the experiments. The experimental result is divided into 

two parts, out of which one part was used to train the model, and another part checks the model's 

accuracy. The experimental data considered for training the model consist of results of GPC specimens 

cured at 60 °C, 90 °C, and 120 °C, and the experimental data considered for testing the model consists 

of results of GPC specimens cured at 27 °C and 75 °C. During the training phase of the model, better 

prediction is yielded at three hidden layers with six neurons. So, for testing the prediction of strength 

results of GPC specimens, three hidden layers with six neurons were used in the ANN.  

 

MAE =
1

𝑛
∑ |𝑥𝑖 − 𝑦𝑖|𝑛

𝑖=1    (3) 
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MAPE =  
100

𝑛
∑

|𝑥𝑖−𝑦𝑖|

𝑥𝑖

𝑛
𝑖=1   (4) 

RMSE =  √(
1

𝑛
) ∑ |𝑥𝑖 − 𝑦𝑖|2𝑛

𝑖=1   (5) 

Where xi, yi and n are the experimental, predicted, and number of values, respectively.  

 

Table 4. The range of parameters of the ANN model. 

S N. Characteristic Range Type of parameters 

1 Nano silica (%) 0-2 Input 

2 Curing temperature (°C) 27-120 Input 

3 CS (MPa) 42.9-55.96 Output 

4 FS (MPa) 4.32-5.66 Output 

5 STS (MPa) 4.75-5.63 Output 

 

 
Figure 2. 28-days compressive strength alterations at various curing temperatures. 

 

RESULTS AND DISCUSSION 

Compressive Strength 

The change in GPC CS cured for 28 days under different temperatures of curing for 1 day is shown 

in Figure 2. During all the percentages of NS considered, compressive strength rises with rises in 

temperature of curing of GPC up to 90 °C. GPC compressive strength is increased with 90 °C 

temperature of curing is 20.88%, 31.22%, 37.48%, and 32.37% as in comparison with GPC compressive 

strength at 27 °C respectively for 0%, 1%, 1.5%, and 2% use of NS. It was also noted that the strength 

of GPC is increases with an increase in the percentage of incorporation of NS in GPC up to 1.5%.  

 

At 27 °C the CS of GPC is increased by 4.73%, 6.71%, and 0.77% with the incorporation of 1%, 

1.5%, and 2% NS respectively in comparison with 0%NS GPC. A similar effect of the dosage of NS on 

the CS is observed for all the curing temperatures. It was also noticed from the results that for all the 

curing temperatures the highest strength is observed after incorporation of 1.5% NS in GPC. These 

observations indicate that GPC strength is influenced by the temperature of curing and the dosage of 

NS incorporated as well. 

 

Split Tensile Strength 

Figure 3 depicts how the GPC split tensile strength (STS) changed at various curing temperatures 

after curing for 28 days. The relationship between STS and curing temperature is comparable to that 
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between CS and curing temperature. STS increases with higher curing temperatures, up to 90 °C, for 

all NS (%) characteristics. The percentage rise in STS of GPC specimens with 90 °C curing temperature 

is 23.05%, 23.83%, 31.62%, and 20.37%, respectively, compared to tensile strength at 27 °C for 0%, 

0.5%, 1%, and 1.5% use of NS. It was also noticed that the split tensile strength of GPC (N0C27, 

N0.5C27, N1C27, N1.5C27) with 27 °C curing temperature and that of GPC specimens (N0C90, 

N0.5C90, N1C90, N1.5C90) with 90 °C curing temperature varied much. It was also noted that the STS 

of GPC increases with an increase in the percentage of incorporation of NS in GPC up to 1.5%.  

 

At 27 °C the STS of GPC is increased by 0.70%, 1.17%, and 0.47% with the incorporation of 1%, 

1.5%, and 2% NS respectively in comparison with 0%NS GPC. A similar effect of the dosage of NS on 

the STS is observed for all the curing temperatures.  

 

Flexural Strength 

In Figure 4, it is depicted how the GPC's flexural strength changes as it is cured at various 

temperatures. It was noticed that variation in the GPC flexural strength is also similar to variation in the 

other two strengths. It was noticed from the experimental results that for 2% NS, flexural strength is not 

increased much with increased temperature of curing. The percentage increase in flexural strength under 

90 °C curing was observed to be within the limit for all nano silica (%), the same as the limit increase 

in split tensile strength for all NS (%). The percentage rise of GPC strength in flexural is the same as in 

compression at 90 °C curing as compared to the 27 °C curing is 12.89%, 15.17%, 16.08%, and 13.95%, 

respectively for 0%, 0.5%, 1%, and 1.5% NS. Similar to the other two strength test results, test results 

show that the flexural strength of GPC specimens (N0C27, N0.5C27, N1C27, N1.5C27) at 27 °C curing 

temperature and that of GPC specimens (N0C90, N0.5C90, N1C90, N1.5C90) at 90 °C curing 

temperature did not differ significantly.  

 

It was also noted that the FS of GPC increases with an increase in the percentage of incorporation of 

NS in GPC up to 1.5%. At 27 °C the FS of GPC is increased by 1.69%, 2.53%, and 1.47% with the 

incorporation of 1%, 1.5%, and 2% NS respectively in comparison with 0%NS GPC. A similar effect 

of the dosage of NS on the FS is observed for all the curing temperatures. 

 

 
Figure 3. The change in 28 days split tensile strength under different temperatures of curing. 
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Figure 4. The change in flexural strength under different temperatures of curing. 

 

Effect of Heat Curing on Strength Characteristics 

The experimental results demonstrate a clear correlation between heat curing conditions and the 

mechanical properties of geopolymer composites. Compressive strength, split tensile strength, and 

flexural strength increase with curing temperature up to 90°C but decline beyond this point. At 27°C, 

the compressive strength of GPC was 42.9 MPa, which increased by approximately 31.22% when cured 

at 90°C, reaching 55.96 MPa. However, further increasing the curing temperature to 120°C led to a 

decline in strength due to excessive moisture loss, causing microcracks. A similar trend was observed 

for STS and FS. The highest STS (5.63 MPa) and FS (5.66 MPa) were recorded at 90°C, with a 

subsequent decline at 120°C. These findings suggest that heat curing is necessary to achieve optimal 

strength in geopolymer concrete but must be controlled to prevent microstructural defects caused by 

high-temperature-induced moisture evaporation. 

 

Model Performance 

The effectiveness of constructed ANN model is improved by using indicators like coefficient of 

correlation (R), MAE, RMSE, and MAPE. Table 5 displays the values of indicators for various ANN 

model output parameters. The indicators in Table 5 showed that the ANN model performed well in 

predicting GPC strength, with values of R2 of 0.9797 for compressive strength, 0.9847 for split tensile 

strength, and 0.9864 for flexural strength, respectively. The performance of ANN model can also be 

represented by regression plots. Fig. 5, 6, and 7 illustrates the effectiveness of the constructed ANN 

model using the provided input dataset in predicting the compressive, split tensile, and flexural strength 

respectively. MAPE value represents the mean absolute percentage error for GPC strength prediction, 

which is 0.45% for CS prediction. For predicting STS and FS, its MAPE is 1.51% and 0.84%, 

respectively, during the use of the ANN model. The variance between ANN-based forecasts and real 

experimental outcomes is shown in Table 6.  

 

Table 5. Performance results of the ANN model. 

Parameters R2 MAE RMSE MAPE 

Compressive strength 0.9797 0.2546 0.05574 0.45 

Split tensile strength 0.9847 0.0954 0.1043 1.51 

Flexural strength 0.9864 0.06125 0.0884 0.84 
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Figure 5. Regression plot of developed ANN model for compressive strength prediction. 

 

 
Figure 6. Regression plot of developed ANN model for split tensile strength prediction. 

 

 
Figure 7. Regression plot of developed ANN model for flexural strength prediction. 

R² = 0.9797

40

45

50

55

60

65

70

40 45 50 55 60 65 70

O
u

tp
u

t 
co

m
p

re
ss

iv
e 

st
re

n
g
th

 (
M

P
a)

Target compressive strength (MPa)

R² = 0.9847

4

4.5

5

5.5

6

6.5

7

4 4.5 5 5.5 6 6.5 7

O
u

tp
u

t 
sp

li
t 

te
n

si
le

 s
tr

en
g
th

 (
M

P
a)

Target split tensile strength (MPa)

R² = 0.9864

4

4.2

4.4

4.6

4.8

5

5.2

5.4

5.6

5.8

6

4 4.5 5 5.5 6

O
u

tp
u

t 
fl

ex
u

ra
l 

st
re

n
g
th

 (
M

P
a)

Target flexural strength (MPa)



 

Journal of Polymer & Composites 

Volume 13, Special Issue 3 

ISSN: 2321-2810 (Online), ISSN: 2321-8525 (Print) 

 

© STM Journals 2025. All Rights Reserved S275  
 

Table 6. Comparison between the predicted and experimental using ANN. 

S N. Mix CS (MPa) STS (MPa) FS (MPa) 

Exp. Pred. Error (%) Exp. Pred. Error (%). Exp. Pred. Error (%). 

1 N0C27 42.9 41.91 -2.3 4.25 4.28 0.9 4.73 4.74 0.4 

2 N0C60 45.7 46.61 2.0 4.53 4.53 0.2 4.82 4.83 0.4 

3 N0C90 51.86 51.60 -0.5 5.23 5.23 0.1 5.34 5.32 -0.3 

4 N0C120 44.83 44.87 0.1 4.55 4.55 0.2 4.72 4.73 0.2 

5 N1C27 44.93 43.94 -2.2 4.28 4.30 0.6 4.81 4.92 2.4 

6 N1C60 46.72 44.05 -5.7 4.65 4.63 -0.4 4.92 4.91 -0.2 

7 N1C90 58.96 59.84 1.5 5.27 5.23 -0.6 5.54 5.54 0 

8 N1C120 50.42 50.36 -0.1 4.72 4.72 0 4.8 4.8 0 

9 N1.5C27 45.78 46.64 1.9 4.30 4.32 0.6 4.85 4.91 1.4 

10 N1.5C60 57.53 60.23 4.7 4.91 4.95 1 5.01 5.04 0.7 

11 N1.5C90 62.94 62.31 -1 5.66 5.56 -1.6 5.63 5.57 -1 

12 N1.5C120 55.72 55.77 0.1 4.97 4.97 0.1 4.90 4.90 0.1 

13 N2C27 43.21 43.46 0.6 4.27 4.50 5.5 4.80 4.71 -1.7 

14 N2C60 46.2 45.46 -1.6 4.40 4.38 -0.3 4.91 4.89 -0.3 

15 N2C90 57.2 57.42 0.4 5.14 5.18 0.8 5.47 5.52 1 

16 N2C120 49.33 49.37 0.1 4.81 4.81 0 4.85 4.88 0.7 

 

CONCLUSION 

Here, we examine the ANN approach to AI, which seeks to forecast the three forms of GPC strength. 

The percentage of NS and curing temperature are the two-input parameters used in this study. However, 

we considered three different types of strength as output parameters. The prediction performance of the 

AI system was examined using the coefficient of correlation (R), MSE, RMSE, and MAPE. Upon 

conducting both the model-based and experimental investigation outlined in this paper, the subsequent 

conclusion can be inferred: 

1. It was observed that the Levensberg Marquardt algorithm used in Artificial neural networks 

performs better in predicting all types of GPC strength.  

2. It was noticed that the developed ANN model works well in predicting all three types of strength 

of GPC with the highest R2 for compressive strength (0.9797), split tensile strength (0.9847), and 

flexural strength (0.9864). The efficiency of the developed ANN model is reliable with minimum 

error for compressive strength prediction (MAE = 0.2546, RMSE = 0.05574, MAPE = 0.45), 

split tensile strength prediction (MAE = 0.0954, RMSE = 0.1043, MAPE = 1.51) and flexural 

strength prediction (MAE = 0.06125, RMSE = 0.0884, MAPE = 0.84) of GPC cured under 

different temperature conditions.   

3. Mechanical properties of GPC were improved and enhanced with the increase in the NS 

percentage for all the temperature conditions up to an optimum percentage of NS.  

4. Mechanical properties of GPC were improved and enhanced with the increase in the temperature 

of curing up to 90 °C. However, beyond 90 °C, it led to a decline.  

5. High-strength GPC is achieved after adding up to 1.5% NS, even at ambient curing conditions. 

6. Incorporating FA, GGBS in the ratio 50FA:50GGBS gives a sustainable GPC composite. 

7. ANN approach outperformed predicting the strength of concrete due to its easy adaptability. This 

method can also be used in the prediction of the durability of GPC. We can also plan to study the 

different machine learning algorithms to compare the prediction of strength of nanomaterial 

incorporated GPC using different AI approaches. 

8. The research findings highlight the sustainability benefits of geopolymer composites. The use of 

industrial waste materials (FA and GGBS) in place of cement significantly reduces carbon 

emissions. Unlike traditional concrete, which emits large amounts of CO₂ during cement 
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production, geopolymer concrete utilizes existing waste materials, contributing to a circular 

economy. Additionally, the ANN-based predictive modeling used in this study optimizes mix 

proportions, reducing the need for excessive material usage and experimental trials, thereby 

lowering environmental impact. 

9. Overall, the combination of nanomaterial incorporation and machine learning techniques 

presents a viable pathway for promoting low-carbon and energy-efficient construction materials. 
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