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ABSTRACT 

An Artificial brain-like network, based on certain mathematical algorithms developed using a numerical 

computing environments like MATLAB is called as ‘Artificial Neural Network’ (ANN).                                                      

High-performance concrete is a highly complex material, which makes modeling its behavior, a very difficult task.                          

In this present paper, ANN predicting the compressive strength cubes for binary and ternary combination mixes of high 

performance concrete are developed at the age of 28, 56, 90 and 180 days of curing. For building these models,                      

training and testing using the available experimental results, for 60 specimens produced with 5 different mixture 

proportions are used. The data used in the multi-layer feed forward neural network models are designed, in a format of 

eight input parameters covering the age of the specimen, cement, silica fume (SF), fine aggregate (FA),                                              

bottom ash (BA), coarse aggregate (CA), steel slag aggregate (SSA) and water. According to these input parameters,                       

in the multi-layer feed forward neural network models are used, to predict the compressive strength values of concrete.                           

It is shown that, neural networks had high potential for predicting the compressive strength results of the high performance 

concrete, incorporating with silica fume, bottom ash and steel slag aggregate. 
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INTRODUCTION 

High performance concrete is defined as the concrete with improved constructability,                                                   

improved durability and mechanical properties. The term, high performance means high strength and low permeability. 

According to ACI definition, concrete which meets the special performance and uniformity requirements that cannot 

always be achieved routinely by using only conventional materials. Use of chemical admixtures reduces the water content,                        

thereby reducing the porosity within the hydrated cement paste. Mineral admixtures, also called as cement replacement 

materials, act as pozzolanic materials as well as fine fillers, thereby the microstructure of the hardened cement matrix 

becomes denser and stronger. Silica fume improves the properties by pozzolanic reaction and by reactive filler effect.                                 

It contains a very high percentage of amorphous silicon dioxide, which reacts with large quantity of Ca(OH)2, produced 

during hydration of cement to form calcium silicate hydrate (CSH) gel. Materials selection will play a large part in the 

improved concrete of the new century. Industrial by-products such as silica fume, bottom ash and steel slag aggregate 

improve the engineering and performance properties of high performance concrete, when they are used as a mineral 

additive or as a partial raw material replacement. A "new" computational paradigm, called neural networks, provides a 

fundamentally different approach to the derivation and representation of material behavior relationships.                         

In recent years, in many countries, industrial by-products are used for producing high performance concrete incorporating 
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with supplementary cementitious materials. These pozzolanic admixtures are utilized for reducing the cement content in 

mortar and concrete production.  

In this study, groups of specimen with 5 different mixes have been obtained. It has been designed that, the                  

water-binder ratio are 0.45 for the all groups of mixes, respectively. Each group included 5 mixes with binary and a ternary 

combination of replacement of raw materials of cement, fine aggregate, and coarse aggregate with silica fume                          

(SF), bottom ash (BA) and steel slag aggregate (SSA). In the last years, ANN technology, a sub-field of artificial 

intelligence, are being used to solve a wide variety of problems in civil engineering applications. The most important 

property of ANN in civil engineering problems, is their capability of learning directly from examples. The other important 

properties of ANN are their correct or nearly correct response, to incomplete tasks, their extraction of information from 

noisy or poor data, and their production of generalized results from the novel cases. The basic strategy for developing an 

ANN system based models, for material behavior is to train an ANN system on the results of a series of experiments using 

that material. If the experimental results include the relevant information, about the material behavior, then the trained 

ANN system will contain enough information about material’s behavior, to qualify as a material model. Such a trained 

ANN system not only would be able to reproduce the experimental results, but also they would be able to approximate the 

results in other experiments, through their generalization capability. The aim of this study is to build models, which have 

different architectures in ANN system, to evaluate the effect of industrial by-products on the compressive strength of 

concrete. 

ARTIFICIAL NEURAL NETWORK 

An Artificial Neural Network is an Artificial Intelligence technique. It is a massively distributed processor, made 

up of the interconnection of simple processing elements, i.e. neuron outputs are connected, through weights, to all others 

including themselves. The objective is to apply neural network concept, in creating an intelligent system for finding the 

compressive strength of concrete cubes of different materials of SF, BA, SSA, and conventional concrete for 28, 56, 90 and 

180 curing days. The input patterns are chosen according to different types of concrete used with different quantities of 

admixture and industrial by-product materials. Hence, the input patterns were taken as the age of specimen, Cement,                   

Fine aggregate, Coarse aggregate, Silica fume, Bottom ash, Steel slag aggregate, Water-cement ratio,                                  

observed compressive strength. A Neural network modelling was carried out, to predict the strength properties of the 

conventional concrete, Silica fume concrete (SFC), Bottom ash concrete (BAC). These were aimed at demonstrating the 

possibilities of using artificial neural network, for predicting the compressive strength of cubes and were compared with 

the experimental results.  

NEURAL NETWORK MODEL 

Table 1 

Variables 
Data Used in Training and Testing the Models 

Minimum Maximum 
Input Variable   
Age of specimen (Day)  28 28 
Cement (kg/m3) 306.40 383 
Silica fume (kg/m3) 19.15 76.6 
Fine aggregate (kg/m3) 327.5 655 

 



Modeling of Compressive Strength of High Performance Concrete Using Artificial Neural Network                                                                         23 

 

www.iaset.us                                                                                                                                                     editor@iaset.us  

Table 1: Contd., 

Variables 
Data Used in Training and Testing the Models 

Minimum  Maximum  
Bottom ash (kg/m3) 65.5 327.5 
Coarse aggregate (kg/m3) 600 1200 
Steel slag aggregate (kg/m3) 120 600 
Water (l) 172.4 172.4 
Output variable   
Compressive strength for CC 30.1600 34.7950 
Compressive strength for SFC 31.9505 36.4220 
Compressive strength for BAC 29.4102 35.3212 
Compressive strength for SSAC 31.3905 39.5517 

 
Note: CC – Conventional Concrete, SFC – Silica Fume Concrete, BAC – Bottom Ash Concrete,               

SSAC – Steel Slag Aggregate Concrete 

Table 2: Values of Parameters Used In Models for Finding Compressive Strength (Single Combination) 

Parameters ANN 
Number of input layer neurons 8 
Number of hidden layer 1 
Number of first hidden layer neurons 10 
Number of second hidden layer neurons 20 
Number of output layer neurons 1 
Momentum rate 0.7 
Learning rate 0.3 
Error after learning 0.00100 
Learning cycle 4000 

 
The training procedure was carried out, by presenting the network with the set of experimental data in a patterned 

format. Each training pattern includes an input set of eight parameters, representing                                                                      

age of concrete, cement, fine aggregate, coarse aggregate, silica fume, bottom ash and steel slag aggregate and water; and a 

corresponding output set representing the compressive strength of concrete cubes. Totally forty five cubes were cast, for 

finding the compressive strength of single combination. The curing period for a single combination of Model I had 28 

days, for finding compressive strength. The curing period for binary and ternary combination had 28, 56, 90 and 180 curing 

days, for finding compressive strength. In this study, 4000 training cycles have been obtained to minimize the error and to 

reach the goal point.  

RESULTS AND DISCUSSIONS 

The figure 1 shows that, the comparison between experimental and predicted ANN values of compressive strength 

of cubes. The comparison of these values shows that, the neural network modelling is supported better than the 

experimental results. It is shown that, although the use of the models is not as simple as that of the basic formula,                            

they provide a more accurate tool for the prediction of the concrete strength. The experimental and predicted values can be 

represented, in terms of the empirical relationship as shown in regression equation 1. 

y = 0.978 x + 0.906               (1) 
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Figure 1: Comparison of Predicted Vs Experimental Values of CC Concrete 

Compressive Strength of SFC Concrete Cubes 

The figure 2 shows that, the comparison between experimental and predicted ANN values of compressive strength 

of cubes. The comparison of these values shows that, the neural network modelling is supported better than the 

experimental results. The experimental and predicted values can be represented in terms of the empirical relationship, as 

shown in regression equation 2. 

y = 0.713 x + 9.648               (2) 

 

Figure 2: Comparison of Predicted Vs Experimental Values of SFC Concrete 

Compressive Strength of BAC Concrete Cubes 

 

Figure 3: Comparison of Predicted Vs Experimental Values of BAC Concrete 
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The figure 3 shows that, the comparison between experimental and predicted ANN values of compressive strength 

of cubes. The comparison of these values shows that, the neural network modelling is supported better than the 

experimental results. The experimental and predicted values can be represented in terms of the empirical relationship,                  

as shown in regression equation 3. 

y = 1.051 x – 1.519               (3) 

Compressive Strength of SSAC Concrete Cubes 

 

Figure 4: Comparison of Predicted Vs Experimental Values of SSAC Concrete 

The figure 4 shows that, the comparison between experimental and predicted ANN values of compressive strength 

of cubes. The comparison of these values shows that, the neural network modelling is supported better than the 

experimental results. The experimental and predicted values can be represented in terms of the empirical relationship, as 

shown in regression equation 4. 

y = 0.959 x + 1.501               (4) 

Overall Performance of Single Combination 

 

Figure 5: Comparison of Predicted Vs Experimental Values of Overall Mixes 

The overall performance of CC, SFC, BAC, and SSAC concrete mixes under ANN modeling, is shown in figure 

6. The graph between output and targets, gives the values of R as 0.892 and linear fit of output.                                                     

The performance of training, validation and testing values is 0.8364e-05. To train the network, the weights of connections 
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are modified according to the information.. The experimental and predicted values can be represented, in terms of the 

empirical relationship, as shown in regression equation 5. 

y = 0.868 x + 4.569               (5) 

 

 

Figure 6: Overall Performances, Training Graph and Validation of Test Values 

The network leans by comparing its output for each input pattern, and then calculating the error and propagating 

an error function backward, through the network. To run the network after it is trained, the values for the input parameters 

for the project are presented to the network. The process for running the network is extremely rapid, because of a system of 

coefficient determination R2 is adopted. The equation of training outputs is A = 0.92 (T) + 0.053 and its R value is 

0.97656.  

Table 3: Testing Data Sets for Comparison of Experimental and ANN 
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Figure 7: Comparison of Experimental Vs Predicted Values of All Mixes (Single Combination) 

The performance of training, validation and testing values is 1.8364e-05. To train the network, the weights of 

connections are modified, according to the information. The experimental and predicted values can be represented, in terms 

of the empirical relationship is shown in regression equation 6.  

�	 = 	0.868	�	 + 	4.569               (6) 

The network leans by comparing its output for each input pattern, and then calculating the error and propagating 

an error function backward, through the network. To run the network after it is trained, the values for the input parameters 

for the project are presented to the network. The process for running the network is extremely rapid because, the system of 

coefficient determination R2 is adopted. The equation of training outputs is A = 0.92 (T) + 0.053 and its R value is 

0.97656. 

CONCLUSIONS 

This paper discussed the importance of analytical investigation, by using Artificial Neural Network                           

(ANN) modeling, for predicting compressive strength, durability studies and flexural behaviour of high performance 

concrete specimens. This study demonstrated that, multi layer feed forward artificial neural networks are pragmatic 

methods, for predicting compressive strength values of conventional concrete and high performance concrete, for a single 

combination of high performance concrete beams with tiny error rates. Artificial neural networks are capable of learning 

and generalizing, from examples and experiences. This makes artificial neural networks, a powerful tool for solving some 

of the complicated civil engineering problems. In this study, using these beneficial properties of artificial neural networks, 

in order to predict the 28 days compressive strength of high performance concrete containing silica fume, bottom ash and 

steel slag aggregate, were developed with two different multilayer artificial neural network architectures.                                   

An ANN model was developed, to predict the various strength parameters and the predicted values were compared with the 

experimental results. Finally, the results found that, the experimental and analytical investigations indicated that, the results 

are harmonious. 
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