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ABSTRACT   

Prediction of concrete strength is an important issue in the concrete industry, since the 

traditional laboratory approach to determine the strength of concrete attracts some drawbacks 

such as manual involvement, time consumption and chances of creeping of human error. This 

research examines and analyzes the use of artificial neural networks (ANN) as a forecasting 

tool of soft computing technique to reduce the above said drawbacks. In the present study, 

experiments were conducted in laboratory in which cement is partially replaced with ground 

granulated blast furnace slag (GGBS) by 0% , 5%, 10%, 20%, 30%, 40% and 50% for each 

grade of concrete from M20 to M50 for three different types of curing conditions. By taking 

grade of concrete, percentage replacement of GGBS, chemical admixture and water cement 

ratio as the controlling parameters,  totally 42 results have been obtained. The outputs 

obtained from the experiments are 7 and 28 day compressive strength for three different types 

of curing conditions and workability in terms of slump. MATLAB software to predict the 

results using ANN. Approximately ninety percent of the available results were used to train 

the ANN. The remaining results are used for testing ANN. The results obtained from ANN 

testing are compared graphically using experimental results as reference. The accuracy of the 

tested results has been compared with the available experimental results, which is then 

followed by validation in ANN.  The results show that ANN is very efficient in predicting the 

compressive strength of concrete and slump with good accuracy. From the previous 

researches also it has been concluded that the results obtained from ANN were identical to 

that of the results obtained from experiments. From this study it can be concluded that the 

error in the results obtained from ANN are acceptable in the field of concrete technology.      
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1. INTRODUCTION.  

Ground granulated blast furnace slag is off-white in colour and substantially lighter than 

Portland cement. It is obtained by quenching molten iron slag (a by-product of iron and steel 

making) from a blast furnace in water or steam, to produce a glassy, granular product that is 

then dried and ground into a fine powder. GGBS can be replaced for a substantial portion of 

the Ordinary Portland Cement (OPC). Generally about 50% to70% can be replaced. The 

higher the replacement of GGBS, the better is the durability. The main drawback of GGBS is, 

as the replacement level increases, the strength gained at the early stage is somewhat slower 

but they continue to gain strength for a longer period and it is uneconomical for small-scale 

concrete production. GGBS hardens very slowly and, for use in concrete, it needs to be 

activated by combining it with OPC. The greater the percentage of GGBS, the greater will be 

the effect on concrete properties. The setting time of concrete is influenced by many factors, 

in particularly temperature and water/cement ratio. With GGBS, the setting time will be 

extended slightly by 30 minutes. The effect will be more pronounced at high levels of GGBS. 

An extended setting time is advantageous as the concrete will give better workability. Higher 

the replacement of GGBS with OPC, water content can be reduced to achieve equivalent 

consistence class. Fresh concrete containing GGBS tends to require less energy for 

movement. This makes it easier to place and compact, especially while pumping or when 

mechanical vibration is used. In addition, it will retain its workability for longer time. In this 

study, neural networks are possibilities in the classification and the generalization of 

available experimental results for predicting and validating the compressive strength of 

concrete and used as a tool to prevent using the concrete that does not satisfy a required 

strength in a constructional field. Training and testing patterns are prepared using the 

experimental data which have been conducted in laboratory. The predicted results were 

compared with available experimental results. If a neural network system can effectively 

predict the strength in spite of data complexity, incompleteness, and incoherence, it could 

prove to be useful for a concrete mix designer as a new tool that could support the decision 

process and improve efficiency. Therefore, the application of this technology will contribute 

towards tile prevention of construction using poor concrete. 

 

2. ANN THEORY 

 Artificial neural networks (ANNs) are a family of massively parallel architectures that are 

capable of learning and generalizing from examples. This generalized experience is used to 

produce meaningful solutions to problems even when input data contain errors and are 

incomplete. And now this makes ANNs as powerful tool for solving some of the complicated 

engineering problems. Basically, the processing elements of a neural network are similar to 

the neuron in the brain, which consists of many simple computational elements arranged in 

layers. The basic strategy for developing a neural network-based model for material 

behaviour is to train a neural network on the results of a series of experiments using that 

material. If the experimental results contain the relevant information about the material 

behaviour, then the trained neural network will contain sufficient information about 

material’s behaviour to qualify a material for new values. Such a trained neural network not 

only would be able to reproduce the experimental results, but also it would be able to 

approximate the results in other experiments through its generalization capability.  
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3. ANN METHODOLOGY 
Artificial Neural Network models are specified by topology, node characteristics and training 

or learning rules. These rules specify an initial set of weights and indicate how weights 

should be adopted during improvement of convergence performance. Broadly there are two 

types of ANN models namely supervised and unsupervised. In case of supervised both input 

patterns and output patterns are known during training. The present paper adopts feed 

forward supervised ANN model for prediction of 7 and 28 days compressive strength of 

concrete for three different types of curing conditions and slump at the time of casting. The 

possible training parameters are number of iterations (epoch) learning rate, error, goal and 

number of hidden layers. These parameters are varied until a good convergence of ANN 

training is obtained and there by fixing the optimal training parameters. These optimal 

parameters are used for testing and validation process. The general computational ANN 

model is always represented by a term topology which represents number of neurons in input 

layer, hidden layer and output layer as depicted in the figure [1]. However the number of 

neurons in the input layer and output layer are determined based on the problem domain 

depending upon number of input variables and number of output or target variables. The 

number of hidden layers and neurons in hidden layer are fixed during the training process. In 

order to develop a system to predict the strength and workability of concrete, the neural 

network is trained with an input data pattern. The type of network pattern chosen here 

consists of neurons organized in three different layers as shown in figure [2] each level is 

totally connected to the next but no connections exist between neurons on the same level. In 

this study, the input layer corresponds to following 9 parameters and they are grade of 

concrete, percentage replacement of GGBS, water cement ratio, quantity of super plasticizer, 

quantity of cement, quantity of GGBS, quantity of fine aggregate, quantity of coarse 

aggregate and quantity of water which are taken as input variables (i.e. neurons in the input 

layer). The output layer consists of 6 neurons and they are slump in concrete, 7 days 

compressive strength for normal curing, 28 days compressive strength for normal curing, 7 

days compressive strength for membrane curing, 28 days compressive strength for membrane 

curing and compressive strength for accelerated curing. 7 neurons have been considered in 

the hidden layer through trial and error depending upon the accuracy.  

 Fig. 1 General mathematical model of ANN 
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4. MATERIAL AND THEIR PROPERTIES 

 Cement: 53 grade ordinary Portland cement conforming to IS: 12269-1987 

 Ground Granulated Blast Slag (GGBS): Conforming to IS 12089:1981 

 Fine Aggregate: Natural River sand confirming to zone II. 

 Coarse Aggregate: Locally available crushed angular coarse aggregates of size 20 

mm and 10mm down Size.  

 Water: Potable water confirming to IS: 3025-1983 and IS: 456-2000 is used. 

 Super Plasticizer: Conforming to IS 9103:1999.  

a. Conplast SP430 

 

Table 1: Physical characteristics of cement (53 grade) 

Sl. No Details Results 
As per codal provision 

IS 12269:1987 

1 Normal Consistency in (%) 33 - - 

2 Specific Gravity 3.15 - - 

3 

Setting Time (in Minutes) 

a. Initial Setting Time 

b. Final Setting Time 

122 

406 

≥ 30 

≤ 600 

 

Table 2: Specific gravity of GGBS 

Sl. 

No. 

Initial Reading 

V1 (ml) 

Final Reading 

V2 (ml) 

Volume of GGBS 

V(ml) 

Specific Gravity 

G=W/V 
Average 

1 0.3 18.32 18.02 2.886 
2.873 

2 0.5 18.67 18.17 2.861 

 

Table 3: Material properties of fine aggregates used for experiments 

Sl. No Details Results 

1 Fineness Modulus of fine aggregate    2.81 

2 Specific gravity of fine aggregate 2.62 

3 Water absorption of fine aggregate 2.52 

 

Table 4: Material properties of coarse aggregates used for experiments 

Sl. No Details Results 

1 Fineness Modulus of 20 mm down size 7.37 

2 Fineness Modulus of 10mm down size 7.03 

3 Specific gravity of 20mm down size 2.65 

4 Specific gravity of 10mm down size  2.66 

5 Water absorption of 20mm down size 0.27 

6 Water absorption of 10mm down size 0.37 
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Table 5: Properties of superplasticizer 

Sl. No Details Test Results 

1 Specific Gravity 1.22 to 1.225 at 30
0
C 

2 Chloride content Nil to IS:456 

3 Air Entrained Approx. 1% additional air is entrained 

 

5. INPUT PARAMETERS CONSIDERED DURING PREDICTION IN ANN 

 

Fig 2. Specific ANN Topology (09-07-06) 

The ANN architecture includes three layers such as input, hidden and output layers. The input 

layer, hidden layer and output layer comprises of 09, 07 and 06 neurons respectively. 
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Table 5: Network Architecture Parameters for ANN training 

Sl. No Input Parameters Values 

1 Number of neurons in input layer 09 

2 Number of neurons in hidden layer 07 

3 Number of neuron in output layer 06 

4 Learning rate 0.5 

5 Goal 0.0001 

5 Epochs (Number of Iterations or cycles) 3500 

 

 

 

 

Fig 3. Training curve  
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Comparison of manual training output from experiments and simulated 

training output from ANN  

 

Graph1:- Actual v/s simulated training slump  Graph 2:- Actual v/s simulated training compressive

               strength for 7days of  normal curing  

 

 

    Graph 3:- Actual v/s simulated training              Graph 4:- Actual v/s simulated training compressive  

    compressive strength for 28 days of                          strength for 7 days of membrane curing 

    normal curing. 

 

 
    Graph 5:- Actual v/s simulated training          Graph 6:- Actual v/s simulated training compressive  

    compressive strength for 28 days of                             strength for accelerated curing      

    membrane  curing     
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 Comparison of manual output from experiments and predicted output 

from ANN  

 

          Graph 7:- Actual v/s predicted slump      Graph 8:- Actual v/s predicted compressive 

                     strength for 7days of normal curing  

     

Graph 9:- Actual v/s predicted compressive        Graph 10:-Actual v/s predicted compressive                                                                

strength for 28 days of normal curing               strength for 7 days of membrane curing 

 

Graph 11:- Actual v/s predicted compressive       Graph12:-Actual v/s predicted compressive                              

strength for 28 days of normal curing               strength for 7 days of membrane curing 
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Table 6: Input parameters used for validation through ANN 

 

Grade of 

concrete 

Percentage 

replacement 

of GGBS 

Quantity 

of 

cement 

(kg/m
3
) 

Quantity 

of GGBS 

(kg/m
3
) 

Quantity 

of FA 

(kg/m
3
) 

Quantity 

of 

CA(kg/m
3
) 

Quantity 

of water 

(litres) 

SPA 
W/C 

ratio 

20 25 237 79 736 1213 158 0.8 0.5 

20 35 205.4 110.6 734 1211 158 0.8 0.5 

20 45 173.8 142.2 733 1210 158 0.8 0.5 

25 25 246.75 82.25 722 1212 158 0.9 0.48 

25 35 213.85 115.15 721 1210 158 0.9 0.48 

25 45 180.95 148.05 720 1209 158 0.9 0.48 

30 25 263.25 87.75 703 1211 158 1 0.45 

30 35 228.15 122.85 702 1208 158 1 0.45 

30 45 193.05 157.95 699 1205 158 1 0.45 

35 25 282 94 683 1208 158 1.1 0.42 

35 35 244.4 131.6 682 1205 158 1.1 0.42 

35 45 206.8 169.2 680 1203 158 1.1 0.42 

40 25 296.25 98.75 670 1205 158 1.2 0.4 

40 35 256.75 138.25 668 1203 158 1.2 0.4 

40 45 217.25 177.75 667 1200 158 1.2 0.4 

50 25 312 104 656 1199 158 1.3 0.36 

50 35 270.4 145.6 654 1197 158 1.3 0.36 

50 45 228.8 187.2 652 1195 158 1.3 0.36 

45 0 406 0 664 1206 158 1.25 0.39 

45 5 385.7 20.3 665 1205 158 1.25 0.39 

45 10 365.4 40.6 664 1204 158 1.25 0.39 

45 20 324.8 81.2 663 1201 158 1.25 0.39 

45 30 284.2 121.8 662 1200 158 1.25 0.39 

45 40 243.6 162.4 660 1197 158 1.25 0.39 

45 50 203 203 658 1195 158 1.25 0.39 
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Table 7: Results obtained from validation through ANN  

Slump 

(mm) 

7 days of 

Normal Curing 

(N/mm
2
) 

28 days of 

Normal Curing 

(N/mm
2
) 

7 days of 

Membrane 

Curing 

(N/mm
2
) 

28 days of 

Membrane 

Curing 

(N/mm
2
) 

Accelerated 

Curing 

(N/mm
2
) 

88.1977 16.0572 26.4895 17.9926 26.1921 26.2362 

104.1372 15.4617 27.3878 16.6802 27.3583 27.4694 

121.5365 14.557 28.8212 16.8133 28.1245 27.007 

110.3226 20.1088 32.551 22.0116 31.8221 30.0541 

112.6613 19.8534 34.9541 21.7304 33.4465 31.194 

132.2955 18.7858 34.0154 21.3156 32.7685 30.9356 

102.9092 24.4931 39.0372 26.6852 37.8881 34.4913 

110.8868 23.1437 38.9171 24.0616 36.696 34.122 

120.8585 22.0881 38.3884 23.2542 35.9801 33.0162 

81.3785 26.706 40.1542 27.8334 38.176 38.4662 

89.0892 24.9582 39.5017 26.2354 37.6044 37.3435 

96.8864 23.8241 38.936 23.5693 37.0105 36.3816 

91.8408 32.1395 44.1515 34.3726 41.0723 38.6217 

94.1089 30.8463 43.1388 31.5032 40.2214 37.7768 

99.5642 28.5151 41.9959 31.2386 39.2732 36.7387 

105.4356 33.7613 52.2345 36.4215 50.3716 46.0125 

111.8308 32.9945 50.4346 33.5685 47.5625 44.1548 

112.6425 31.8654 48.7029 31.4562 45.6985 43.2654 

67.7191 35.6763 53.6645 41.5337 50.6582 46.6259 

72.506 34.4566 51.9531 39.8866 48.9548 45.3968 

82.0789 34.0795 50.7614 38.6038 47.4147 44.2287 

95.4487 32.1327 48.6328 36.5131 45.0797 42.0478 

92.945 32.5127 46.8518 35.6265 43.454 40.9057 

96.3894 31.0632 45.549 34.6839 42.3301 39.5902 

97.9884 30.3047 44.2498 33.7818 41.1723 38.5453 
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Table 8 : Comparison of predicted results with experimental results 

Correlation Co-efficient for Training and Testing in ANN 

Correlation Co-efficient  for training 0.9984 

Correlation Co-efficient  for testing 0.9770 

Comparison of manual training output from experiments and simulated training 

output from ANN 

The percentage error in slump 2.4 

The percentage error in 7 day compressive strength with normal curing 2.2 

The percentage error in 28 day compressive strength with normal curing 1.6 

The percentage error in 7 day compressive strength with membrane curing 1.4 

The percentage error in 28 day compressive strength with normal curing 2.1 

The percentage error in 28 day compressive strength  with accelerated curing 2.2 

Comparison of manual output from experiments and predicted output from ANN 

The percentage error in slump 12.8 

The percentage error in 7 day compressive strength with normal curing 2.5 

The percentage error in 28 day compressive strength with normal curing 2.6 

The percentage error in 7 day compressive strength with membrane curing 2.9 

The percentage error in 28 day compressive strength with normal curing 3.2 

The percentage error in 28 day compressive strength  with accelerated curing 4.7 

 

7. CONCLUSIONS:- 

Conclusion on experimental results 

 From the results it can be seen that as the percentage replacement of GGBS to cement 

increases there is a considerable drop in the 7 days strength compared to 100% OPC 

mix. The reason behind this is that the secondary reaction takes place very slowly i.e. 

pozzolanic action of the siliceous and aluminous constituents in GGBS are of slow 

reactivity and their contribution to the strength of concrete will increase with age of 

concrete 

 From the results obtained it can be concluded that an increase in the percentage 

replacement of GGBS to cement leads to a considerable increase in the workability of 

concrete which is expressed in terms of slump. This is because of the fact that GGBS 

has greater specific surface area hence GGBS absorbs less water compared to cement 

and also possesses cementitious properties which in turn helps in the increase of 

strength of concrete. 

 As the percentage replacement of GGBS increases, workability increases and the 

concrete strength reduces for higher grade of concrete i.e. from M35 grade onwards. 

In such cases by reducing the water cement ratio the reduction in concrete strength 

can be compensated when compared to 100% OPC mix up to a certain limit.  

 From the experimental investigation it can be concluded that the strength of concrete 

in case of membrane curing has an efficiency of 92 to 95% compared to conventional 

curing. Conventional water curing has more efficiency compared to membrane curing 

so it can be suggested that membrane curing compound can be used where water is 

scarce. 
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 It can be concluded that the results obtained from accelerated curing is the predicted 

28 day compressive strength. When compared to membrane and conventional curing 

it has less efficiency but 28 day strength can be obtained in 28 hours. In this type of 

curing, heat of hydration is very quick so the reaction takes place at a faster rate hence 

the strength achievement is quicker. The main disadvantage of this curing is that it 

cannot be used practically. This type of curing is used for only cubes which have to be 

casted to check the predicted 28 days strength when the time is limited.   

 From the above conclusions it can be seen that the conventional type of curing gives 

the best results. Membrane curing can be used only when there is scarcity of water 

and accelerated curing can be used when the time is limited. 

 

      Conclusions on results obtained from artificial neural network 

 ANN model was developed to predict the 7 as well as 28 days compressive strength 

for different curing conditions and workability in terms of slump, without 

experiments. The model developed in the study was trained by input and output data. 
The neuron model architecture was selected by trial and error method. Randomly 

selected experimental data sets were used for testing the trained ANN. It was found 

that when these testing data sets were applied to the trained ANN, the concrete 

strength and workability were very close to the experimental data. From this it can be 

concluded that using ANN to predict the concrete strength and workability in short 

time with minimum error. Prediction of concrete strength and workability using ANN 

has proved a practical and effective method. 

 The error occurred from the predicted outputs in case of slump when compared with 

experimental outputs is approximately 12.5% and in case of strength the maximum 

error obtained is 4.7% when compared with experimental results. This much of error 

is acceptable in the field of concrete technology. 

 The modelling of slump requires less parameter in neural network models, so the 

accuracy of prediction is markedly less compared to strength. 

  From the results obtained it can be concluded that the artificial neural networks are 

more suitable in modelling intricate problems and save a lot of computational effort 

compared to conventional methods appreciably. The use of these networks will help 

in solving complex problems. 

 The results prove that the ANNs can work satisfactorily to predict the compressive 

strength and workability of concrete and are more precise than conventional methods. 
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