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I. INTRODUCTION 

HE actual concrete market is highly competitive these 

days. The companies are saving the budget, so they 

need to enter technology and their tests in concrete 

industry. There are empirical equations for estimating the 

characteristic strength of concrete based only on concrete tests 

for normal concrete, so it is important to find out the 

relationship between concrete and how to predict the strength 

from concrete mixture in this study.  
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An ANN is an artificial intelligence program, which has 

been used widely in many engineering fields. ANN has the 

ability to learn to improve its efficiency from inputs and 

outputs, and to gain knowledge by learning. Hidden layer is 

connected by weights to other layers, allowing neural network 

to be trained to perform a specific task by changing the weight 

values. 

ANN requires three distinct steps: preparation, validation 

and testing. In the training step: the epochs are repeated as 

long as they do not get into the precision of the desired 

performance. During the training step the validation step 

errors are monitored. The test set error is the one that used to 

compare various models, ANN used in different engineering 

applications because it establishes relationships between 

parameters of input and output to give approximate results, 

[1] . A total of 90 mix of concrete were built using the 

principle of central composite design (CCD) and tested 

experimentally using MATLAB, the artificial neural network 

(ANN). Variance test study (ANOVA) was used to evaluate 

the mathematical models. Analysis indicate that with the rise 
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in FA percentage, new SCC features improve while the 28-day 

strength reduces. [2] 

This has been carried out today in many civil engineering 

problems with some degree of success, such as structural 

damage determination, structural system determination, 

material behavior modeling, structural optimization, structural 

control, groundwater monitoring, prediction of shallow 

foundation settlement, concrete mixing components, and 

prediction of typical concrete properties and high performance 

[3],[4]. Ozcan et al. [5] predicted long-term characteristic 

strength of silica fume concrete using neural networks. Topcu 

and Saridemir[3] estimated aerated concrete aggregate 

properties of autoclaved waste by artificial neural networks. 

Saridemir[6] investigated the use of neural networks to 

develop a methodology for predicting concrete characteristic 

strength with different water -to- cement ratios. Authors put 

the data used in the model of the neural network into a format 

of five input parameters covering water-to-cementing ratio, 

binder sand ratio, percentage of metakaolin, percentage of 

superplasticizers and age.[7], Three equations were structured 

to join three known parameters using the multi regression 

analysis program (Graph pad): (characteristic strength, cement 

content and workability) with three key unknown ingredients 

(water , cement and aggregates). [8] 

Supplementary cementing materials (SCMs) in the 

concrete practice is raised nowadays, either in blended cement 

or as separate supplements into the concrete mixture. 

Extensive data shows that using pozzolanic materials, 

reducing the carbon dioxide emissions, which resulted from 

Portland clinker production. Also, provides a means to 

become a more sustainable binder for the building industry. 

Moreover, the utilization of by-product materials involves 

advantages identified with costs and sustainability aspects. In 

the last decade, several studies carried out on the SCM effect 

on microstructure and strength [9]. The SCMs identified 

include the most commonly used ones, like silica fume, slag 

cement, fly ash and metakaolin, but also others that may not 

have attracted as much attention but nevertheless show 

promise for use in concrete.  

Most of the previous published papers discussed prediction 

of characteristic strength for normal concrete, but in this study 

the characteristic strength of sustainable concrete containing 

minerals additives was estimated. 

II. EXPERIMENTAL PROGRAM:  

The experiments were applied using ready-mix concrete in 

the Egyptian market, designing mix proportion in cubic 

samples of dimensions 150 x 150 x 150 mm in laboratory. The 

characteristics of materials used as follows: 

Cement: Portland cement with grade 42.5 manufactured in 

the suez cement factories in Egypt. Cement has a specific 

gravity of 3.15. 

The blaine specific surface area was 3500 cm
2
 / gm, with 

110 and 280 min for the initial and final setting times. The 

cement follows Egyptian requirements (ES 4756:1-2013). 

Fine aggregate:  In this research, natural fine and clean 

sand with a modulus of fineness of 2.88 and specific gravity of 

2.56 was used. The sand used follows Egyptian standard (ES 

1109:2008). 

Coarse aggregate: Local crushed dolomite 4/20 mm was 

used in this study, obtained from Ataka quarry in Suez. The 

dolomite used is given a specific gravity of 2.63. It conforms 

to Egyptian standard (ES 1109:2008). 

Superplasticizer:  A superplasticizer based on 

polycarboxylate, which is commercially available was used in 

the mixtures.   

Blast furnace slag (BFS): BFS is a by-product made in 

iron manufacturing. BFS is used to substitute a portion of 

cement in the mixture and to improve concrete characteristics. 

The average area of the blaine surface was 5000 cm
2
 / gm, and 

its specific gravity was 2.9. 

Steel fiber: Added to improve the structural properties, 

especially tensile, and help to control cracking 

flexural resistance, with discrete lengths of steel fibers with an 

aspect ratio (Length to diameter ratio) of about 10 to 100.Steel 

fibers are fabricated from a low carbon steel and conformance 

physical property requirements of ASTM A820. 

Water: Water is clean, free of any harmful matter, and 

taken out of a public use. 

Fly ash: This is a waste material from a thermal power 

plant with a fixed gravity of 2.3 t / m
3
. According to ASTM 

C618 the used FA was class C and F. Used in concrete 

mixtures as a mineral additive and usually graded in Class C 

and F. 

Silica fume: This is an ultrafine powder obtained as a by-

product and waste material for the manufacture of silicone and 

ferrosilicone. It was purchased from Ferro Alloys Company of 

Egypt (EFACO). Silica is made up of spherical particles with 

a mean particle diameter of 120 nm and a specific gravity of 

2.25 t / m
3
. 

A. Layout research: 

1. Part one: a total of 1410 data sets were gathered from 

experiments performed from published papers, then by 

Matlab software made a model on neural networks.  

2. Part two: perform an experimental characteristic strength 

test on concrete cubes to allow validation and test on the 

model. 

B. Specimen production: 

1. The specimens were casted in high quality concrete lab . 

2. The concrete came from ready-mix concrete stations with 

various designs for mixing and already used in the field . 

3. The molds were used 150 x 150 x 150 mm cubes and 

casted in 3 layers, each layer compacted twenty-five times 

according to standard ASTM C31, then held in the air for 

a day to be set properly and then put concrete out of the 

mold and healing water tank at the correct temperature . 

4. The samples are taken out of the curing tank after the 

specific healing time and sometimes kept in the air so that 

the surface is dried. 
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 The curing was carried out by immersing the samples in 

the water tank according to ASTM C31 with temperature 

in the field according to ASTM C1064. 

III. DATA PREPARATION 

In this study, a total of 1410 data sets were collected from 

experiments performed from published papers [10-32].   

The data were divided into ten inputs and one outputs as 

following:  

Inputs are: The concrete components (cement, fine 

aggregate, coarse aggregate, fly ash, silica fume, blast furnace 

slag, steel fiber, water and superplasticizer) and age of 

concrete specimens. 

Outputs are: The concrete characteristic strength. 

These data are divided into 70% for training, 15% for 

validation and 15% for testing. 
 

TABLE 1 
A SAMPLE FROM THE COLLECTED DATA 

 

Inputs Outputs 

Components (Kg) Age 

(day) 

Fcu 

(MPa) PC Fagg Cagg FA SF BFS St W SP 

240 681 1021 30 0 30 0 90 0 3 15 

210 681 1021 60 0 30 0 90 0 3 16 

180 681 1021 90 0 30 0 90 0 3 13 

150 681 1021 120 0 30 0 90 0 3 16 

450 582 1163 0 27 0 0 158 8 7 41 

800 1050 0 0 800 0 80 170 40 28 19 

240 681 1021 0 0 60 0 90 0 3 11 

350 665 1332 0 0 0 0 175 0 7 16 

425 606 1211 0 0 0 0 157 0 28 43 

350 610 1240 0 0 0 0 220 0 28 24 

300 511 1191 0 0 0 0 75 0 3 7 

300 681 1021 0 0 0 0 90 0 3 30 

200 511 1191 0 0 0 0 60 0 7 9 

300 340 1362 0 0 0 0 90 0 90 18 

400 511 1191 0 0 0 0 120 0 180 21 
 

Where: PC: cement, Fagg: fine aggregate, Cagg: course aggregate, FA: 

fly ash, SF: silica fume, BFS: blast furnace slag, St: steel fiber, W: water, SP: 

superplasticizer, Fcu: characteristic strength. 
 

TABLE 2 

 THE RANGES AND AVERAGE VALUES FOR DATA SETS 
 

Where: Xn: is the inputs, Yn: is the outputs 

 
After gathered the data, all input data have been 

normalized to be in the range (0-1) using this formula: 

                          

 
                     

                          
 

Where: the feature is the data before normalization. 

IV. MODEL APPLICATION 

The network contains inputs, hidden layers and outputs. 

Characteristic strength is the output while the input layer 

contains 10 nodes representing the age of concrete specimens 

and concrete components (cement, fine agg, coarse agg, fly 

ash, silica fume, blast furnace slag, steel fiber, water and 

superplasticizer). The hidden layer included 6 nodes, and a full 

connection between the nodes in the adjacent layers. 

1. Type of neural network: Multilayer perceptron feed-

forward was trained through the error back-propagation 

algorithm. 

2. Neurons in the input layer: ten neurons. 

3. Hidden layers: it has been found that a single hidden layer 

presents satisfactory results for many problems.[5] 

4. Neurons in hidden layer: Six neurons were specified from 

empirical criteria. 

5. Neurons in the output layer: one neurons. 

6.  

 

Fig 1: Structure of ANN model.  
 

The model passes with three phases: training, validation 

and testing. In the training procedure we calculate the mean 

square error (MSE) and then back propagated to the network. 

Biases and weights of the connection strength between nodes 

are modified during the back-propagation phase such that the 

(MSE) are reduced, [33]  
 

TABLE 3 

MODEL COMPONENTS 
 

Neurons in the input layer: 10 neurons 

Neurons in the hidden layer: 6  neurons 

Neurons in the output layer: 1  neurons 

Activation function used: tansig  

Type of backpropagation algorithm: trainlm 

 

As shown in table 3: we choose Levenberg–Marquardt 

(trainlm) because Levenberg–Marquardt showed the capability 

of achieving the most optimum prediction. 

V. RESULTS AND DISCUSSION 

 Many iterations have had and chosen the best iteration 

using the least MSE. 

 The iterations were done using various inputs of layers 

and neurons, and the best values is 2 layers and 6 neurons. 

Variables Range (Min-Max) Average 

X1 (Cement) kg 120-800 283 

X2 (Fine aggregate) kg 222-1000 669 

X3 (Coarse aggregate) kg 0-1916 1081 

X4 (Fly ash) kg 0-180 32 

X5 (Silica fume) kg 0-200 2 

X6 (BFS) kg 0-180 23 

X7 (St) kg 0-80 1 

X8 (Water) kg 60-269 115 

X9 (Superplasticizer) kg 0-40 1 

X10 (Age) day 1-180 53 

Y1 (characteristic strength) MPa 7-68 26 
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Fig 2  : Creating ANN network 
 

Figure 2 presents the training state for ANN model and 

shows the errors are repeated 6 after epoch 0 And the test 

stopped at epoch 6. 

The epoch 0 is selected as the base and its weights are 

chosen as the final weights. So the validation check is equal to 

6, due to the fact that the errors are repeated 6 times before 

stopping the process. 

 

 

Fig. 3: The training state for ANN model.  

 

Figure 4 provids the best validation performance and mean 

square error (MSE) of the network start at a large value and 

then reducing to a small value. The chart consists of three 

lines for training, validation, and test. Training continues until 

the model gets to the point that the training reduces the error 

of network on the validation. As shown in figure, the best 

validation performance is happened at epoch 0 after 6 error 

repeated. 

 

 

Fig. 4: The best validation performance and mean square error (MSE).  
 

Figures 5, 6, 7 show the coincidence between the output 

and target variables for training, validation and test steps. The 

output values imply the predicted characteristic strength by 

matlab software and the target values imply the measured 

characteristic strength. The term "R
2
 " is calculated by matlab 

software which demonstrates the model efficiency and so the 

R
2
 values in the three figures confirms acceptable accuracies 

of the model in the training, validation and test. 

 

 

Fig. 5: The coincidence between the output and target variables for 

training for model 1.  
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Fig. 6: The coincidence between the output and target variables for 
validation for model 1.  

 

As shown in the test figure, the term R
2
 =0.9 which implies 

efficiency of the model in predicting (the characteristic 

strength, RN, UPV) and contain the nonlinear relation 

between the input variables. 
 

 

Fig. 7: The coincidence between the output and target 
variables for test steps. 

 

To test the ANN model accuracy, a total of 13 concrete 

mixtures were made with minerals additives of  FA, SF and 

BFS and presented from actual ready-mix concrete and tested 

in the concrete lab and entered the results to the ANN model 

and the network predict characteristic strength for each 

mixture. The inputs (mix components and the age) are listed in 

table 4, and the measured and predicted output values are 

listed in table 5. 
 

TABLE 4 

THE TESTED INPUTS (CONCRETE COMPONENT AND AGE). 

 Inputs Mix 

No. Age 

(day) 

 Components (Kg) 

SP W St BFS SF FA Cagg Fagg PC 

28 9 160 0 0 0 0 1150 650 450 1 

28 9 160 0 112.5 0 112.5 1150 650 225 2 

28 9 160 0 22.5 67.5 135 1150 650 225 3 

28 9 160 0 135 67.5 22.5 1150 650 225 4 

28 9 160 0 67.5 67.5 90 1150 650 225 5 
28 9 160 0 90 67.5 67.5 1150 650 225 6 

28 9 160 0 22.5 0 135 1150 717.5 225 7 

28 9 160 0 135 0 22.5 1150 717.5 225 8 

28 9 160 0 67.5 0 90 1150 717.5 225 9 

28 9 160 0 90 0 67.5 1150 717.5 225 10 
28 9 160 0 67.5 67.5 67.5 1150 672.5 225 11 

28 9 160 0 67.5 22.5 67.5 1150 717.5 225 12 

28 9 160 0 67.5 45 67.5 1150 695 225 13 
 

 
Where: PC: cement, Fagg: fine aggregate, Cagg: coarse aggregate, FA: 

fly ash, SF: silica fume, BFS: blast furnace slag, St: steel fiber, W: 

water, SP: superplasticizer. 
 

 
 

 

 
 

 

 
 

 

 
 

 

 

 

Table 5 

The experimental and predicted results for each tested mix. 

Predicted results Experimental 

results 

 

Fcu 

(MPa) 

Fcu 

(MPa) 

Mix No. 

52.3 80 1 

64.8 70 2 

33.9 75 3 

65.5 66 4 

50.5 77 5 

58 73 6 

35 55 7 

65.9 55 8 

55.8 57 9 

61.8 65 10 

46.53 85 11 

50.8 73 12 

48.1 78 13 

Where: Fcu: characteristic strength. 
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Fig. 8: Chart between Fcu experimental and Fcu predicted with the same 

concrete mix 

VI. CONCLUSION AND RECOMENDATIONS 

A total of 1410 data set were gathered for concrete mixtures 

from previous published papers at various curing times and 

test ages are 3, 7, 28,90,180 days and develop  

 a model on neural networks by MATLAB program with ten 

inputs and one output, then make an experimental test on 

concrete and get cubes characteristic strength to make 

validation and testing on the model. 

1. ANN model is an accuracy computational model to 

predict characteristic strength of sustainable concrete 

(green concrete) which contains pozzolanic materials. 

2. ANN model indicates reliable correlation between input 

and output variables, the parameter statistics R
2
 is 0.888, 

0.93, 0.9 for training, validation and test steps, which 

imply good accuracy and efficiency use of ANN model, 

in predicting characteristic strength and demonstrates the 

capability of a feed-forward back propagation neural 

network to predict characteristic strength. 

3. It is recommended to build new models to decrease zero 

values of fly ash, silica fume, BFS, steel fiber and 

superplasticizer to adjust the model and agree with Jain et 

al.[12] 
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Title Arabic:  

اضافاث معدنيت التنبؤ بالمقاومت المميزة للخرسانت المستدامت المحتويت على 

 باستخدام الشبكاث العصبيت.

Arabic Abstract: 

، ٌخى انخُبؤ بانًقأيت ANN))فً ْزِ انذساست: بئسخخذاو انشبكاث انعصبٍت

انشياد انًًٍضة نهخشساَت انًسخذايت ٔانخً ححخٕي عهى كًٍاث يخخهفت يٍ 

انًًكٍ فًٍ  ANN. بئسخخذاو ًَٕرس أنٍاف انصهب، سٍهٍكافٍٕو، انخبذ، انًخطاٌش

ذخلاث )يزم يكَٕاث انخشساَت(  ًُ إَشاء علاقاث خطٍت أٔ غٍش خطٍت بٍٍ ان

ًُخشجاث كـ انًقأيت انًًٍضة، ٔرنك لأٌ انشبكاث انعصبٍت ًْ آداة يًخاصة  ٔان

 نخحذٌذ خٕاص انخشساَت.

ت خهط 1111: حى حجًٍع قاعذة بٍاَاث حجشٌبٍت )ANNنخذسٌب ًَارس 

. ٔيٍ رى حى إجشاء إخخباساث يعًهٍت عهى خشساٍَت يٍ أبحاد يُشٕسة سابقا(

. انًعايلاث الإحصائٍت نًُٕرس ANNبعض خهطاث انخشساَت لإخخباس ًَٕرس 

ANN  ًْٔR
2

 

نخذسٌب انًُٕرس ٔانخحقق يٍ صحخّ  ..1، 0..1، 1.000كاَج َخائجٓا 

حقُذو حُبؤ فعال نهًقأيت انًًٍضة نهخشساَت  ANNٔحشٍش أٌ ًَٕرس ٔاخخباسِ، 

فً انخُبؤ بانًقأيت انًًٍضة ْٕٔ آداة نضًاٌ جٕدة  ANNانًسخذايت. حطبٍق 

 صُاعت انخشساَت.

 

 


