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Abstract 
 
The demand for cement concrete usage for modern building construction is 

increasing gradually .The raw materials available naturally for the 

manufacture of cement is degrading and the main drawback in the 

manufacture of cement is the release of carbon dioxide gas in excess into the 

atmosphere in order to overcome this, an incidential product from industry 

act as an alternative binder namely Ground granulated blast furnace slag 

(GGBS), metakaolin, flyash, silica fume certainly untilized. Concrete made 

up of flyash or GGBS is called geopolymer concrete. These binders vary in 

chemical properties, which influence the compressive strength, so the 

forecasting is needed to determine the compressive strength. This paper’s 

primarily focus is to present an integrated approach for forecasting 

compressive strength of GGBS based sustainable geopolymer concrete by 

using machine techniques via Artificial Neural Network (ANN). Flyash, 

GGBS, Al/Bi, SS/SH, Molarity, CA, FA, SP, water are taken in variables and 

the compressive strength is the yield value; to train the network feed-forward 

and back-propagation algorithm is adopted. The developed ANN model 

predicts the compressive strength with a correlation coefficient values of 

0.947- 0.977, with the acceptable mean relative error. The average 

percentage errors are found to be as 0.574 % for 7 days and 0.946 % for 28 

days of compressive strength by using mean absolute percentage error, root 

means square error.  
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The developed model is found to be capable of forecasting the compressive 

strength of sustainable geopolymer concrete mixed with GGBS binder with a 

limited number of available data. 

  

Key words: Machine learning, ANN, Geopolymer concrete, GGBS, 

Compressive strength, 

 

1 Introduction 
 

Geopolymer is the eco-friendly material is made by using incidential 

products from industry namely GGBS, flyash, silicafume ,metakaolin, [1]–

[3]. It is also named as green concrete.During the manufacturing of cement 

high volume of carbon dioxide is discharged into the environment, so 

geopolymer is observed to be an alternative arrangement since it diminishes 

the carbon dioxide content [4].  

Many work of literature studied focus on fly ash as a binder, combined 

use fly ash and GGBS as a binding agent (Jianhe Xie), GGBS and 

metakaolin (Pratysuh kumar) as a binder. For this research work, GGBS 

replace the flyash for preparing geopolymer concrete. GGBS is an incidential 

waste substance from steel plants and alkaline activator solution reacts 

mainly with silica and alumina compounds present in the pozzolanic 

materials like flyash, GGBS produce the geopolymeric matrix [5].  

Use GGBS as a partial replacement with cement up to 65 percent  

enhances the geopolymer concrete’s strength and durability [6]. Inclusion of 

GGBS at standard fineness, found to be that early strength of the concrete is 

diminished. Consolidations of GGBS instead of 20 percent of by weight will 

substanitially increase the 3 days compressive strength of the sustainable 

green concrete. Concrete prepared by GGBS has many merits, such as 

betterment in strength and durability for prolonged duration, improvement in 

fresh concrete properties, reduction in porosity, absorptivity and alkali-silica 

bond widening [7].  

Machine learning techniques have been very common in the engineering 

sector via an artificial neural network (ANN) for the last few years. ANN is 

new technique used artificial which is inspired by a neurons are connected to 

the brain in the form of networks, it is applied to studies when the problem 

found and the model ANN model generated studied for problem. 

 Hammoudi [8]. It is justified that ANN is a powerful tool and give the 

solution to difficult problems in various field of the engineering and science. 

Mozumder and Laskar [9]  used ANN techniques to predicted 

compressive strength without confinement for geopolymer madeup of clayey 

soil  and for 28 days , 283 data sets generated with various combination of 

experimental results ,and concluded that the expected results very close to 

the minor  experimental errors. 
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Duan et al.[10] has observed the prediction of harden strength of reused 

total solids utilizing Artificial neural systems and ANN display is built, 

preformed and evaluated by 146 data sets of information acquired from 16 

previous research studies and concluded that for prediction of mechanical 

strength, ANN is the best tool. Saridemir.[11] has researched the forecasting 

the harden property of cement madeup of industrial wastes namely  

metakaolin, silica fume by artificial neural systems are good potential in 

predicting compressive strength 1, 3, 7, 28, 56, 90  and 180 days.  

Adriana et al. [12] have learned about the prediction of compressive 

quality of cement containing development and pulverization squander 

utilizing artificial neural systems and models of  ANNs  are developed  to 

predict the compressive performance in term of strength, developed the 

network with 17 given in data are utilized to accomplish given out result.  

Rafiean et al.[13] have examined  the conventional techniques used to 

detemine the harden strength of cement for  28 and 90 days, where the binder 

material is substited with class C fly ash with  30 %, 40 % and 50 % . The 

artificial neural system can be adequately adopted for estimation of fly ash 

waste concrete compressive strength.  MATLAB software is used predict 

results through ANN. From the literature, there is no trace of research for 

modeling the neural network to forecast the mechanical properties of 

geopolymer concrete made with GGBS binder.  

In this proposed work, machine learning via an artificial neural network 

is used to create a network model to forecast the cubic compressive strength 

of GGBS  mixed sustainable geopolymer concrete for two different days of  

ambient curing they are 7 and 28 days. Also the sensitive analysis is carried 

for the output values. 

The organization of this research work is as follows.Section 1 introduces 

geopolymer concrete and related works carried out by previous 

researchers.Section 2 provides the information about  input parameters used 

for the model, output parameters, training and testing datas for ANN model 

developed. Section 3 discuss about results obtain and comparision between 

experiemental and forecast values and percentage of error. In section 4 brief 

about sensitive analysis carried out for the outcome of the model.Finally 

section 5 provides the concluded remarks of the research findings. 

 

2 Construction of ANN model 
 

2.1 Materials  
 

GGBS is chosen as binder content, manufactured sand (M-Sand) as fine 

aggregate (FA), naturally available crushed stone as coarse aggregates (CA), 

CONPLAST SP430 as superplasticizer (SP), sodium silicate (SS), sodium 

hydroxide (SH) as an alkaline activator agent are the material used in this 

research study. 
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2.2 Input Parameters and Output Parameters 
 

In this study, 11 input parameters are utilized to create the ANN 

proposed model given in Table 1. The number of various parameters used for 

concrete mix is flyash or ground granulated blast furnace slag, sodium 

silicate and sodium hydroxide solution which are used as activator agent, 

coarse aggregate and fine aggregate, 2% weight of binder content for super-

plasticizer and extra water content is used as given in datas. The outcomes 

are the compressive strength of GGBS mixed sustainable geopolymer 

concrete for 7 days and 28 days for curing period. 

 
Table 1: Model input and output features 

Features of the model 
Range 

Minimum Maximum 
Input features 

GGBS (kg/m
3
) 320 672 

Flyash (kg/m
3
) 320 672 

Al/Bi 0.4 0.65 

SS/SH 1.5 3.0 

SS (kg/m
3
) 80 130 

SH (kg/m
3
) 40 100 

Molarity 3 16 

CA (kg/m
3
) 900 1250 

FA (kg/m
3
) 540 750 

Superplasticizer (kg/m
3
) 0 20 

Free Water (kg/m
3
) 0 90 

Output features   

7 days compressive strength 8 65 

28 days compressive strength 11 75 

 

2.3 Training Data and Target Data 
 

To prepare and test the accuracy of ANN model developed, a total of 120 

data sets of the information trial index is collected from 25 literature surveys 

given in Table 2. Approximately 70% of the experimental data was collected 

and utilized for the ANN model to train. To validate 15 % of the data sets are 

utilized and the rest of 15 % of the data sets are utilized for the testing the 

network model. Hence from 120 data sets, 84 data sets are used for training 

and 18 data sets for validation and remaining 18 for testing. The ANN model 

proposed network structure shown in Figure 1. 
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Figure 1: ANN model proposed network structure 

The process of ANN involves three phases. In the first phase, the 

network will be trained from the data and the errors will be adjusted. The 

validation process will begin to measure the network and the training process 

will be end for the best performance of the network in the second phase. 

Furthermore, in the final phase, each hidden layer measures the total sum of 

the input sources and it will transfer to the activation function and the final 

value will obtain in the outcome. The output feasibly calculated using the 

equation(1)[10]. 

)exp(1

1
 =f  ij

boiWij 
                                                                     (1) 

Where Wij represent neuron-i weight in the bottom-most layer to neuron- j in 

the upmost layer and to begin with little arbitrary value, oi is the neuron 

outcome-i and b represent the bias. The system process fault is transferred 

back from the entry data layer to the exit data layer, and according to 

different learning techniques to minimize the system fault weights are 

modified .The errors obtained  during  the  preparing and testing the ANN 

model can be reported as a root mean squared error (RMSE) and computed 

by applying the condition (2),  fraction of  variance (R
2
) and mean absolute 

percentage error (MAPE) is stated as  following condition (3) and (4) 

respectively [10]. 
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Where, t and o are the actual and predicted performace of the ANN 

model, and p represents the training and testing values as a complete number. 
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2.4 Development of ANN Model 
 

In this experiment, the proposed ANN architecture with 11 input neurons 

and 1 output neurons with 10 hidden layers were used for the 

backpropagation network and the functional architecture used for the 

prediction is given in Table 3. The construction of an artificial neural 

network model is framed according to the error of the integral approach 

through a series of trial and error. Following values are framed to obtain to 

perform the architecture network in a better way, to the maximize R
2
 value 

and to minimize the MSE value. 

For the model 11 input units, 1 hidden layers, 10 hidden layer units and 2 

outcomes are considered.Moment rate, learning rate and cycle values are 

1.74, 0.3 and 10,000 respectively. 

 
Table 3: ANN Model Architeture functions 

Parameters Values Description 

Dataset Dataset:08 Data set contains both flyash and 

GGBS a 100% subtitution of cement 

Number of 

input 

parameters 

Flyash(F), GGBS (G), 

Alkaline binder ratio 

(Al/Bi), ratio of SS/SH, 

SS, SH, Molarity (M), 

coarse aggregate (CA), 

fine aggregate (FA), 

superplasticizer(S), free 

water(W) 

Both 7days and 28days compressive 

strength can be determined at a time. 

Activation 

Function 1 

Tansig(x) 

 
Activation 

Function 2 

Purelin(x) Purelin (x)=x 

Performance 

Function 

MSE 

 

Net train 

function 

trainlm Levenberg - Marquart Equation 

Epochs or 

Iterations 

1000 Maximum number of iterations to train 

 

2.5 Testing Input Parameters 
 

A set of 8 testing input data is given for the trained network to forecast 

the compressive strength for the geopolymer concrete as listed in Table 4.   
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Table 2: Datas collected from various resources for Training and Testing  

 



                                                                                                                  
 

 

 

 

 

 

4102 K.Vasugi et.al 

 

Table 4: Testing input parameters for forecasting compressive strength 

 

Fl

ya

sh 

GGBS Al/Bi 
SS/

SH 
SS SH M CA FA SP 

Wate

r 

Actual 

compressive 

strength MPa 

7 

days 

28 

days 

0 375 0.4 2.5 174.19 57.84 12 1339.75 753.6 3.75 52.5 36.03 60.72 

0 425.14 0.35 2.5 174.19 57.84 12 1326.84 714.45 4.25 
51.02

6 
34.36 56.72 

0 444.44 0.35 2.5 111.11 44.45 10 1350 450 8.89 53.33 31.72 55.11 

0 428.57 0.4 2.5 122.45 48.98 12 1350 450 8.57 42.86 32.61 56.01 

0 413.79 0.45 2.5 133.01 53.2 12 1327.23 461 8.13 52.23 32.36 57.17 

0 531.43 0.35 2.5 132.85 91.13 10 1228.35 661.42 10.63 0 34.96 58.93 

0 330.67 0.4 2.5 106.25 42.5 10 1344.02 789.34 3.33 39.68 34.78 62.84 

0 297.6 0.5 2.5 179.25 55.7 8 1342.35 822.54 5.95 31.21 35.65 59.64 

 

3 Results and Discussions 
 

The primary purpose of this research work is to investigate the feasibility 

of the model constructed is recommend to forecasting the compressive 

strength for 7 days and 28 days of the geopolymer concrete prepared by 

using GGBS substance. This way, after numerous trial and error, the system 

design appeared in the network was chosen.From the performance plot 

Figure 2, MSE (mean squared error) of ANN is diminished, which implies 

the input is all around prepared and these prepared inputs will have a low 

MSE close to the completion of the arrangement stage. In this examination, 

MSE is found as 1.0176e
-025

, which is near to zero. The goal of the trained 

ANN model is set as 0.0001. A gradient is an estimation of the back-

propagation angle on every cycle in a logarithmic scale. From the Figure 3, it 

is observed that the gradient is 2.636, which implies that information 

achieved that the base of the neighborhood least of generalized capacity. The 

approval comes up short are cycles when approval MSE expanded its esteem. 

On the wholem the compressive strength is  largely demonstrated by the 

qualified strategy as opposed to the hidden layer numbers of the neurons 

[36]. 

Figure 4 (a), (b) and (c) include three lines as the inputs and necessary 

results are arbitrarly distributed in three sets i.e. 70 % for preparing, 15 % for 

validaton, and 15 % for testing. The line in blue colour depicts the training 

data fault reduction. 

The line in green colour indicates the errors in the evalution phases that 

evaluate the ability and discontinue training as it enhances conception. 

Therefore, training ends at the time of decrease in validation errors and 

remain, innately away from over-fitting, as seen in figure 4, the error during 

training is lower than that of a validation error.  
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It is observed that there is no chance of over-fitting. Errors in prediction 

obtained according to the training data will measure the obtained model 

capacity to find and predict the new input. The line in red colour 

demonstrates the test data errors, shows how better the model sums up to the 

information and offers an autonomous outcome completion after training 

process. Preparation status is pictured. For the ANN model, the regression 

values are 0.994, 0.866 and 0.989 training, validation and for testing, 

respectively, as shown in Figure 4 (a), (b) and (c). 

 

          
Figure 2: Best performance of Training data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 3: Validation Check for Training data 
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Figure 4: (a), (b) and (c) Regression performance of training data and testing data 

 
Table 5: ANN’s compressive strength result for training and testing set 

Type Data group R
2
     RMSE MAPE 

Training set 120 0.947                     0.596                                    0.421 

Testing set 8 0.977                     0.6086                                  0.946 

 

As shown in Table 5, the ANN model developed predicted an estimated 

RMSE compressive strength of 0.596 MPa for the training set and 0.6086 

MPa for the test set. The relation between expected and exact values is 

ethical and with a reasonable error of 0.421 and MAPE of 0.946   indicating 

that compressive strength output does not deviate from the training values. 

The contrast results of the compressive strength show the developed ANN 

model’s enhanced reliability over theoretical and empirical methods. 

Table 6 expalins the performance of the proposed ANN model as 

contrasted to training and testing with actual harden concrete strength values.  

The constructed ANN model can be inferred on the basis of the results 

obtained that model can understand the values given as input and outcome 

values.  
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Table 6: Contrast of actual compressive strength with forecast values 

S. No Actual (MPa) Predicted (MPa) Error (ξ ) % 

7 days 28 days 7 days 28 days 7 days 28 days 

1 

2 

3 

4 

5 

6 

7 

8 

36.03 

34.36 

31.72 

32.61 

32.36 

34.96 

34.78 

35.65 

60.72 

56.72 

55.11 

56.01 

57.17 

58.93 

62.84 

59.64 

35.89 

34.28 

31.71 

32.52 

32.54 

34.55 

35.12 

35.26 

59.89 

56.65 

55.05 

54.21 

56.01 

58.86 

62.46 

59.62 

0.38 

0.23 

0.03 

0.09 

0.55 

1.17 

0.97 

1.17 

1.36 

0.12 

0.11 

3.21 

2.02 

0.12 

0.61 

0.03 

According to Table 6, in the test sets the maximum and minimum errors 

were found to be 1.17 % & 0.03 % compressive strength for 7 days and 3.21 

% & 0.03 % compressive strength for 28 days. The average error of the total 

eight sets of testing data was found to be 0.574 % compressive strength for 7 

days and 0.946 % compressive strength for 28 days. Due to minimal errors 

observed, the model considers as good and acceptable. 

 

4 Sensitivity Analysis 
 

In the vast area of ANN studies, the more significant part of the intiative 

has targeted on developing new learnings standards, improving the network 

connections and moving into new ANN applications for study. There is a 

lack of investigation to monitor the improvement of fundamental knowledge, 

which prompts the understanding of the potential of an ANN’s internal 

representations to address the problem in question. More often, an ANN is 

known as a “black box “reason why it doesn’t have any information about 

the factors that affect input parameters during the prediction process. The 

task of analyzing the relationship among the individual characteristic and in 

an ANN, the response variable thus leads to a non-trivial problem when 

approaching a standard statistical analysis [13]. 

A sensitivity analysis study is focused on however the unreliability 

within the output of the mathematical model may be distributed to varied 

origin of unreliability in its inputs. In order to obtain the impact of variable in 

the created model by using sensitivity analysis, the techniques of 

recomputing the effects under different consideration can be recognized as an 

structured method for evaluating the links between given in  and taken out 

variables to an ANN model.             

The  results obtain from the sensitivity analysis seem to exhibit that the 

material of GGBS or flyash, sodium hydroxide and sodium silicate, molarity, 

totals were decidedly huge for quality conjecture with the ordinary rate sway 

factor estimations of 21 %, 19 %, 15 %, and 10 % independently. On the 

other hand, superplasticizer and water can overlook as its dedication in the 

estimate is close to zero (0.25 % and 0.46 %).  
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It is worth referring to that the remainder of the data features impact 

affected foreseen quality, as can be seen from Fig 6.6. The following figure 

6.7 (a) and (b) represent the comparison of actual and predicted compressive 

strength for 7 days and 28 days of geopolymer concrete mixed with GGBS. 

 

 
Figure 8: Impact of given variables on the compressive strength 

 

5 Conclusions 
 

In this investigation, an ANN architecture model is created to assess the 

harden strength properties of sustainable geopolymer concrete prepared with 

GGBS material concerning with main given parameters. The regression 

results of the selected network are 0.994, 0.866 and 0.989, respectively, for 

training, validation, and testing. The validation execution is invested with 

epoch 0 to get the best network results. The MSE estimation of the model is 

1.0176e
-025

, which are nearly equivalents to zero. Also, it is reasoned that the 

ANN model can perform high-precision expectations for geopolymer 

concrete mixed with GGBS compressive strength. The anticipated strength of 

hardened concrete veered off on a normal by 0.562 % for 7 days and 0.946 % 

for 28 days separately. The R
2
 values for training and testing are 0.947 and 

0.977. As per insights, if the regression value for the model is more than 8.0, 

then the model will have a great relationship among genuine qualities; thus, 

the prediction for the present examination is right. The substance of molarity 

(M), sodium hydroxide (SH) and sodium silicate (SS), GGBS or fly ash 

assumed some significant parameters on the model yields with standard rate 

impact factor estimations of 21%, 14.45%, 10.42% and 19.11% separately 

and from the constructed ANN model the obtained predicted outputs are 

almost nearer to the investigated values with minor errors.  
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The developed artificial neural network architecture has high precision in 

forecasting GGBS based geopolymer concrete’s the compressive strength.  

 
Figure 9: Compartive graphs of experimental and predicted compressive strength 

values for 7 and 28 curing days 
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