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ABSTRACT

This study focuses on development of Artificial Neural Networks (ANNs) in prediction of initial
setting time of self compacting concrete (SCC). To predict the setting time of SCC six input
parameters are identified. A total of 250 different data sets of SCC was collected from the ready-mix
factory and concrete laboratory in Surabaya. Training data sets comprises 120 data entries, and the
remaining data entries (130) are divided between the testing and validation sets. Different combinations
of architecture, number of neurons in hidden layer, different coefficient for learning rate and momentum
were considered and the results were validated using an independent validation data set. A detailed
study was carried out, considering one hidden layer for the architecture of ANN. The performance of
the 6-3-1 architecture was the best possible architecture. The error for the training set was 4.32 percent
for the 120 training data points, at running time 41.765 seconds, 2.54 percent for the 80 testing data
points, and 3.12 percent for the 50 verification data points. The results of the present investigation
indicate that ANNs have strong potential as a feasible tool for predicting the setting time of concrete.
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Introduction

Conventional concrete that requires vibration or compaction has been used in Europe since the early
1970s but self-compacting concrete (SCC) was developed since the late 1980’s in Japan. SCC is an
innovative concrete that does not require vibration for placing and compaction. The fresh concrete of
SCC is able to flow under its own weight, completely filling formwork and achieving full compaction.
The hardened concrete is dense, homogeneous and has the same properties and durability as
conventional concrete. Setting time has become of great concern especially for ready-mixed industry
in Surabaya that has average 30 degree celsius of temperature. There are two main driving forces for
setting time: (1) evaporation due to loss of water from the fresh concrete, and (2) due to hydration
and chemical reactions of cement. However, temperature dilation may also contribute, as well as the
external suction of water (absorption) by the formwork material. The mix design principles of SCC,
compared to conventional concrete, contains: lower coarse aggregate content, increased paste content low
water-powder ratio, increased superplasticiser, and sometimes a viscosity modifying admixture. There is
no standard method for SCC mix design and many academic institutions, admixture, ready-mixed,
precast and contracting companies have developed their own mix proportioning methods (Efca, 2005).
Mix designs often use volume as a key parameter because of the importance of the need to over fill
the voids between the aggregate particles. Some methods try to fit available constituents to an
optimised grading envelope. Another method is to evaluate and optimise the flow and stability of first
the paste and then the mortar fractions before the coarse aggregate is added and the whole SCC mix
tested.
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Previous studies in predicting properties of concrete using ANNs are: Dias and Pooliyadda used
back propagation ANNs to predict the compressive strength and slump of ready mixed concrete, in
which chemical admixtures and/or mineral additives were used (Dias, 2001). According to the authors,
the ANN models also performed better than the multiple regression ones, especially in reducing the
scatter of predictions. Oztas et al. studied with the ANNs for developing a methodology for predicting
compressive strength of high strength concrete (HSC) with suitable workability (Oztas, 2006). They
arranged to the data used in ANNs model in a format of seven input parameters that cover the water-
to-binder ratio, water content, fine aggregate ratio, fly ash content, air entraining agent content, and
silica fume replacement. The proposed ANN model predicts the compressive strength and slump value
of HSCs. The ANN-based model was developed by (Lee, 2003) for predicting the concrete strength
development. According to conclusions of the study, ANN-based model was predicted well than
traditional maturity method within the cylinder test data used in this study. Studying the effects of fly
ash and silica fume replacement content on the strength of concrete cured for a long term period of
time by using ANNs  (Pala, 2005). The ANNs model arranged was composed of eight input
parameters that cover the fly ash (FA) replacement ratio, silica fume (SF) replacement ratio, and total
cementitious material, fine aggregate, coarse aggregate, water content, high rate water reducing agent
and age of samples and an output parameter that is compressive strength. The authors explained that
ANNs have strong potential as a feasible tool for evaluation of the effect of cementitious material on
the compressive strength of concrete. Kim et al. applied ANN-based system identification techniques
to predict the compressive strength of concrete based on concrete mix proportions (Kim, 2004). They
developed, trained, and tested the back-propagation ANNs using actual data sets of concrete mix
proportions provided by two ready-mixed concrete companies. According to this study, the artifial neural
network techniques are effective in estimating the compressive strength of concrete based on the mix
proportions. Some studies have been conducted on the relationship between concrete strength and the
chloride in concrete structures.

The purpose of this article is to provide a methodology for predicting the setting time of SCC.

Materials and methods

Predicting of initial setting time of SCC using ANNs is the aim of this study. For this aim, a
computer program was developed in Microsoft Visual C#. Using this program, an ANN model can be
constructed, trained and tested using the available test data of 250 different concrete mix-designs
gathered from the ready-mix industry in Surabaya and concrete laboratory of Sepuluh November Institute
of Technology (ITS) Surabaya. The proposed ANNs model predicts the initial setting time of SCC.

Artificial neural networks (ANNs) are information processing systems and since their inception they
have been used in several areas of engineering application including civil engineering. There has been
a great advancement in the field of ANNs, both from theoretical and applications points of view.
ANNs has been used in filtering, identification, prediction, classification, pattern matching, pattern
recognition, optimization and control-related problems. This makes ANNs a 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 behavior is to
train a neural network on the results of a series of experiments using that material. 

In civil engineering, neural networks have been used to solve a wide variety of civil engineering
problems. Most of the problems solved in civil engineering using ANNs are prediction of behaviour
based on given experimental results that are used as training, testing and validation data. Back-
propagation neural networks are the most commonly used type of networks in civil engineering
applications where a set of input parameters are mapped through single or several hidden layers, using
weights, into output parameters. The relationship between the input parameters and the output parameters
is usually nonlinear. Although several activation functions are used to accomplish the mapping process,
the sigmoid function and its variations are the most widely used activation function in solving civil
engineering problems (Hola J, Schabowicz K. 2004; Kim et al., 2004; Lai S, Serra M 1997; Lee SC
2003). The main benefits in using a neural network approach are that all of the behaviours of a
material can be represented within the unified environment of a neural network, and the neural
network-based model is built directly from experimental data using the learning capabilities of the
neural network Lee SC, (2003). 

Technology of ANNs brings completely different concepts to computing. ANNs computing is a non-
algorithmic method of computing which is able to take full advantage of massive parallel computer
architectures.
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ANNs learn an application, they are trained through examples rather than programmed by software.
ANNs distribute abstract forms of information throughout a neural network in the form of
interconnected weights, rather than storing specific information in specific locations like computer
memory (Mansour, 2004). ANNs possess some distinctive properties not found in conventional
computational models. Traditional computing models are based on predefined rules (such as: equations,
formulas, etc.) that clearly specify the problem. The program follows an explicit step-by-step procedure
to compute desired outputs. This is feasible when the rules defining the problem are known in
advance. In most cases, however, there are only observational data of the problem, while the
underlying rules relating the input variables to the output variables are either unknown or extremely
difficult to discover. Under these circumstances, ANNs exhibit their superiorities over conventional
computational techniques (Hola, 2004). The ANN architecture is illustrated in Figure 1, and comprises
many simple processing neurons organized in a sequence of layers: input, hidden and output layers.
The simulation problem consists of finding a satisfactory relationship between a set of neurons
representing the input data and associated known output (Lai, 1997).

Fig. 1: Architecture of ANNs model.

Results and discussion 

ANNs for Modeling the Tetting Time of SCC:

To efficiently generate response surfaces of the setting time of SCC, instead of commercially
available artificial neural network software, the program adopted in this study was written in Microsoft
Visual C#. The ANN architecture developed in the investigation had six neurons, represented as :
cement (kg/m3), fine aggregate (kg/m3), coarse aggregate (kg/m3), fly ash (kg/m3), super plasticizer
(kg/m3) and water-cement ratio (percent) in the input layer and one unit represented as setting time
(minute) in the output layer. To develop ANN architecture, 250 samples of concrete data on setting
time of SCC were collected. In the present work, training data set comprises 120 data entries, and
the remaining data entries (130) are divided between the testing and  validation sets. To test the
reliability of the neural network model, 80 samples were randomly selected as the test set and 50
samples as the validation set. After a number of trials, the best ANNs architecture and parameters that
minimize the error and running time of the testing data were selected as follows: number of hidden
layers = 1; number of hidden neurons = 5; learning rate = 0.1; momentum = 0.01 and number of
iterations (epochs) = 10,000. Training time on a personal computer was 41.765 seconds. The error was
4.32 percent and 2.5 percent for training and testing data, respectively. Predictions of the setting time
using the neural network for training and testing data are shown in Figs. 2 and 3, respectively. The
best model of neural network architecture, in predicting the setting time of SCC that minimize the
error and running time, for training and testing data that shown in Figs. 4 and 5, is 6-3.    

Training Phases of ANN:

Training phase of the ANNs is carried out using 120 data sets. It is worth mentioning that in
this study, the training process was terminated when any of the following conditions are satisfied:
1. The maximum number of iterations (epoch) is reached to 10,000.
2. The error of the training set is reached to 1 percent.

Two variables in neural network design are the learning rate and momentum coefficient. Each time
a pattern is presented to the network, the weights leading to a neuron are modified slightly during
learning in the direction required to produce a smaller error at the outputs the next time the same
pattern is presented. 
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The amount of weight modification is proportional to the learning rate and momentum. The value
of learning rate and momentum ranges between 0.001 and 0.1. However, the learning rate in a
parameter that determines the size of the weights adjustment each time the weights are changed during
training. Small values for the learning rate cause small weight changes and large values cause large
changes. The best learning rate is not obvious. If the learning rate is zero coefficient, the network
will not learn. The learning rate is very important in identifying over-learning and when to stop
training (Al-khaleefi, 2002).

For preventing unstable and oscillation network, is added in back propagation algorithm of ANN
a value that is called momentum. The momentum term adds inertia to the training procedure, and helps
avoid oscillatory entrapment in local minima (Al-khaleefi, 2002). In this study, the neural network
checked for range of value 0.01-0.1. Variations of error versus the number of iterations with value
0.01 of momentum, is illustrated in Figure 6. Based on the results, value for momentum rate is
selected 0.1. It can be seen in this Figure 6 that value of error of training phase (red lie), in
momentum rate of 0.1, is greater than that value of testing phase (blue line) . 

Testing Phase of ANN:

After training process in the development of the ANN completed, next step is to test the
developed ANN model. After ANN was trained in the 120 training cases, is used the testing set to
avoid over-training and to evaluate the confidence in the performance of the trained network with a
training set for a 10,000 number of iterations (epoch). The testing process has been carried out for
a total 80 data sets. Figure 7 shows that the ANN was very successful in predicting of initial setting
time of SCC with error 3.17 percent at the end and 2.54 percent at the lowest point of iteration. Also
the ANN predicts the setting time of SCC in testing stage reasonably well the 6-3-1 neural models
in general performs better than the others and it is able to give accurate prediction of setting time
of SCC. 

Fig. 2: The result of training ANNs with various value of learning rate and momentum.

Fig. 3: The result of testing ANNs with various value of learning rate and momentum.
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Fig. 4: Architecture of traning ANNs with various value of learning rate and momentum.

Fig. 5: Architecture of testing ANNs with various value of learning rate and momentum.

Fig. 6: Comparation of training and testing phase in neural network process.

Validation Phase of ANN:

The validation set is used to as a further check for the generalization of the Neural Network, but
do not have any effect on the training and testing phase. In the validation phase, the ANN accuracy
is examined using the validation set. The plot of experimental data and predicted setting time of SCC
in validation sets (50) is shown in Figure 8. It is obvious from this plot that is reasonably good
agreement between the results predicted and target results. These results show that the ANN was
successful in training the relationship between the input and output data with the error of 3.12 percent
(error for validation set). 
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Fig. 7: The error at the end and the lowest point in of testing phase.

Fig. 8: Comparation between setting time laboratory and running ANNs.

Conclusion:

In this study, ANNs model for prediction of setting time of SCC was developed. The performance
of the 6-3-1 architecture was better than other architectures. That means, there are six neurons in the
input layer corresponding to the six factors, one hidden layers with three neurons one neuron in the
output layer corresponding to setting time of SCC. The learning parameters as 0.1 and momentum
parameter as 0.01 gave a best possible results for training phase of ANN. The error for the training
set was 4.32% for the 120 training data points, at running time 41.765 seconds, 2.54 % for the 80
testing data points, and  3.12% for the 50 verification data points. The results obtained from the
developed computer program were compared with results from experimental studies. The comparisons
of results indicate good agreements. The study suggests that the use of ANNs has several significant
advantages over other conventional methods. 
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