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Abstract—Prediction of compressive strength of concreteisvery useful for economic constructions. The
compressive strength can be estimated after 28 days of casting the specimen cubes or may be predicted
based on the quantum and quality of ingredients used in making the concrete. When thefirst onerequires
a 28-day time, the second one does have problem of accuracy. Hence, a hybrid model is proposed in which
the concrete cube is cured using the microwave based accelerated curing procedure and the early
strength is used to predict the 28-day strength. Feed-forward neural network model was used to predict
compressive strength of the concrete after the microwave curing to ascertain the predictability of neural
network models. Theresultsindicate that the neural network models have a good scope for further study
and implementations.
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I. INTRODUCTION

The strength estimated on the 28-day is used as an important strength characteristics to evaluate. However, it
requires waiting period of 28 days which is not convenient in many cases and hence a precise concrete mix
design is not possible. Any corrective measure after 28 days is not preferable asis very difficult, costly and time
consuming. If the waiting time reduced it will be economically good as optimal mix is possible. Three different
types of models can be contemplated to estimate the concrete strength as follows. (1) Using only the physical
and chemical properties of varies ingredients of the concrete, the strength may be estimated. (2) As in the
conventional practice, a compression test can be performed after moulding a cube and 28-day curing. (3) A
hybrid procedure in which, the cube can be moulded, cured for a shorter duration and early strength is estimated
using a compression testing and the early strength is to predict the 28-day strength. The first method may be too
approximate as (@) estimating the physical and chemical properties are precisely, (b) identifying the properties
which influence the strength and (c) the identifying the inter-relationship among these properties in influencing
the strength are difficult. Obvioudly the second method requires more time. Hence, the hybrid method is
preferred and being explored by many researchers.

The concrete usually gets about 90% of its strength in about 28 days in ambient atmospheric conditions.
When the concrete is not yet attained sufficient strength, fast drying and shrinkage due loss of water results in
the development of tensile stresses and thus causes formation of shrinkage cracks. Thus, concrete is kept damp
during the curing process. Usually the hydration process is faster at higher temperatures. When the hydration
process is faster, the concrete gains the strength faster. However, if the water in the concrete is evaporated due
to higher temperature, it will build vapour pressure inside the concrete and will lead to cracks when water
vapour escapes from the concrete. Ultimately, the strength of the concrete will get affected due to overheating.
Hence, the temperature of curing should be well below the water evaporation temperature. This method by
which high early strength is achieved in concrete is called accelerated curing. The accelerated curing techniques
are useful in the prefabrication industry, which enables the removal of the reusable formwork earlier which
makes business economical. Further, the accelerated curing is useful in special situations like repairing a busy
road bridge where the detouring time can be minimized to a great extent by accelerated curing. There are many
methods of accelerated curing being practiced. Some of the methods are (1) steam curing at atmospheric
pressure, (2) warm water curing, (3) curing in boiling water and (4) autoclaving. Tokyay [1] attempted to find
regression relationships for predicting compressive strengths at 7, 28, and 90 days using early strength attained
by different accelerated curing methods.

Il1. THERMAL CURING WITH MICROWAVE RADIATION

The usual thermal curing in cement mortar or concrete is due to the application of conductive heat through
the surface of the material either in steam, hot-water bath or in autoclaves. Accelerated curing using boiling
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water or warm water has been investigated and standard codes are available [2], [3]. In conduction, the heat is
transferred from water or steam or air to the exterior surface of the cement or concrete block. Due to conduction,
atemperature gradient exists in the concrete between surface and central core and this non-uniform heating may
cause stress. However, this can be avoided if radiation is used for heating. Microwave heating is due to radiation
and further internal energy dissipation associated with the excitation of molecular dipoles in an electromagnetic
field causes the heating. Compared to conductive heating, microwave heating is more uniform, that is, the
surface and inner core both exist at the same temperature. Since the heating is uniform, a lesser heating duration
may also be sufficient.

Materials which have a small but finite electrical conductivity are called dielectric materials. When these
dielectric materials are placed in a high frequency electric field, they absorb energy. Consequently, electrically
dipole polarization and conduction is generated within dielectric materials, which are composed of polar
molecules with positive and negative poles. These orderly dispersed polar molecules vibrate instantaneously and
violently in correspondence to the aternative high frequency electric field of microwaves. The friction
generated to overcome the resistance of molecular attraction and motion results in the increase of temperature of
the material.

The use of microwave energy for curing of concrete or cement mortar has been investigated by few
researchers in the last 20 years [4]. However, there have been relatively few new innovations in rapid heat
curing technologies over the last few decades [5]. Wu et a [6] and Hutchison et al [7] studied mortar specimens.
After casting, Wu et al, [6] applied microwave energy to mortar specimens (made with type | cement) for
duration between 15 and 30 min. With this microwave heating, at the end of 3 days, the compressive strength
was increased by about 50% and at the end of 28 days, the compressive strength was 5% higher. Initial
microwave heating increases the hydration rate and hence there is a strength improvement at the early age of 3
days. The dslightly higher strength at 28 days is attributed to the removal of water from the freshly concrete and
thus densification of the concrete. This was also verified with the lower permeability of concrete subjected to
microwave curing. Hutchison et a [7] measured the degree of hydration at different times with and without
initial microwave curing and found that microwave heating significantly increases the hydration in the first day,
and later both the microwave curing and conventional curing attain similar degrees of hydration They also
reported that the strength of initial microwave cured specimens were more than the conventionally cured control
specimen at 1, 7 and 28 days.

Leung and Pheeraphan [8] studied the effect of microwave curing of mortar at very early stage of 3 to 4.5
hours of casting and found that the strength increases with microwave curing. Lee [9] investigated the effects of
steam and microwave curing on the strength development of concrete and found that microwave heating
increases the early strength of concrete. Study indicated that a 40-min microwave heating duration was optimal
curing time. Recently Chindaprasirt et a [10] studied the effect of microwave radiation on the strength and
resistance to acid and sulfate solutions of fly ash geopolymer. Microwave radiation was applied along with the
convection heat to accelerate the geopolymer formation. This method reduced the curing time, enhanced the
geopolymerization, and provided a strong and durable geopolymer leading to a low strength loss under the acid
and sulfate attacks.

The broad aim of the present research is to develop a laboratory test procedure for testing concrete cubes by
reducing the time required by accelerated curing with the help of microwave energy. However, in this study,
only M30 concrete is studied. While the real concrete construction is being cured in a conventional manner, the
cube is given the accelerated curing treatment just to identify the 28-day strength in advance. The objective of
the study is to identify the predictability of 28-day strength of M30 grade concrete in about a day by microwave
heating based accelerated curing procedure.

I1l. NEURAL NETWORK MODELS

In the last two decades, many Artificial Neural Network (ANN) applications were reported for civil and
environmental engineering problems as they provide more promising results compared to the other conventional
tools [11], [12], [13], 14]. In this line, prediction the compressive strength of the concrete was also attempted
using ANNs. The drawbacks of conventional models in terms of accuracy, speed and using more input
parameters can be overcome by a great extent by the ANN models.

The popular feedforward neural network model with a error back propagation training algorithm was used to
predict the compressive strength of concrete by many researchers [15], [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25], [26]. The application of recent information technology tools such as simulation models,
decision support systems, artificial intelligence, and fuzzy logic on concrete mix design is reviewed in detail by
Boukhatem et al. [27] and felt the scope for further developments.

Recently, Zarandi et al. [28] used six different fuzzy polynomial neural network models to predict the 28-day
compressive strength of concrete. Six input parameters of concrete, namely, the amount of coarse aggregate,
fine aggregate, super plasticizer, silica fume, water and cement were considered from 492 records. Root mean
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square and correlations factors were used as performance indicators. The authors concluded that the results
indicated that further studies can be conducted to improve the stability and convergence. Prasad et a. [29] used
an ANN model to predict 28-day compressive strength and slump flow of a normal and high-strength self-
compacting concrete and high-performance and high-volume-fly-ash concrete. Compressive strength prediction
of high performance concrete was analysed by Chou et al. [30] using different techniques such as ANN models,
support vector machines, multiple regression, metaclassifier models for the performances of accuracy, training
time and overfitting aversion index. Cross-validation was used to avoid biased estimates. Chou and Tsai [31]
further used hierarchical classification and regression approach with ANNs and found that the new approach
outperforms the other methods. Il paragraphs must be indented. All paragraphs must be justified, i.e. both left-
justified and right-justified.

IV.METHODOLOGY

In this study, M 30 grade concrete was used. Mix design is made as per the ACI method [32]. Nine numbers
of cubes were casted as control cubes. To estimate 7-day, 14-day and 28-day strengths, three cubes each were
tested in the compression testing machine. The cubes meant for microwave curing, needs to get a minimum
strength before microwave curing. Thus for a period of less than 24 hours, these cubes were left in the mould at
a moist environment at room temperature (28°C) and pressure. This period is called delay period. After the
delay period, the cubes were cured in the microwave oven and this time is called microwave curing duration.
After microwave curing the strength of the cube was tested in the compressive testing machine. The
compressive strength was compared with the control strengths. Portland- Pozzolana Cement of 43 grade
confirming to 1S:1489-1991 [33] was used in the study. The estimated properties of the cement as per 1S:4031-
1988 [34] arereported in Table .

TABLEI.

Physical properties of the cement used
Property Value
Normal Consistency (%) 32
Specific Gravity 3.18
Initial and final setting time (min) | 28 and 360
Fineness (%) 9

The physical properties specific gravity, fineness modulus, porosity, void ratio of river sand which was used
as fine aggregate and the course aggregate were determined in accordance with 1S:2386-1963 [35] and shown
shown in Table 2. Potable water was used in the investigations for both mixing the concrete and curing.

TABLEII.
Properties of fine and course aggregates

Property Fine Aggregate Course Aggregate
Specific Gravity 2.69 294
Fineness modulus 24 72
Porosity (%) 415 40.0
Void Ratio 0.8 0.4

Concrete mix was designed as per ACI method [32] for M30 grade concrete and the mix used was 1 : 2.16 :
2.52 with a water-cement ratio of 0.46. The workability of the concrete was estimated using slump test and
compaction factor tests as per 1S:1199-1959 [36] and identified as 86 mm and 0.87 respectively. M30 grade
concrete cubes of size 100 x 100 x 100 mm size were cast and the cast specimens were removed from moulds at
the end of delay period.

To perform microwave heating, a commercial kitchen microwave oven (IFB K024) with interna cavity
dimensions of 390 (width) x 268 (height) x 400 mm (depth) was used. Its output power could be adjusted from
20% to 100% of full output power in steps of 20%. The 100% full output refers to 900 W. After microwave
curing, the cube was allowed to cool for about 30 min before subjecting it to the compression test. The
compression strength of the specimen cubes were found in the laboratory using a digital compression testing
machine of 3000 kN capacity as per 1S:516-1969 [37] .

The popular backpropagation network [38], [39] which maps the input vectors to output vectors was used in
this study with architecture as shown in Fig. 1. Data from input vector provided at the input layer nodes were
processed using the weights associated with the connection links and forwarded to the output layer nodes. Errors
at the output layer were back-propagated to adjust connection weights. Through an iterative process, weight
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adjusting and recalculating the outputs were repeated until the errors at the output nodes fall below a desired
level. For training of the network (adjusting the weights) the gradient descent search technique was used. In the
iterative steps, scaling of the updates to weights was controlled by a learning rate parameter. A momentum
parameter was used to add a part of the weight corrections of a previous iteration to weight corrections in the
present iteration.

V. RESULTSAND DISCUSSIONS

While curing the cube with microwave energy, the cube was placed in a water bath and kept inside the
microwave oven. In al the experiments conducted, the accelerated curing never exceeded 80% of the 7-day
compressive strength by regular curing. The experiments were conducted for about 6 hr, 18 hr and 24 hr delay
periods.

A back-propagation neural network model was built using the 108 records (Table 3) generated through
microwave curing. All the concrete mixes were made using the same material and same mix proportions were
used and hence the variables are (1) the delay duration (DD), (2) the microwave curing duration (MD) and (3)
Watts (W) set for the microwave curing. These three variables produce compressive strengths varying between
5.68 MPato 17.50 MPa. Thus, the three inputs are to be mapped to an output which is the compressive strength.
Hence, an error back-propagation neura network model was built with an input, a hidden and an output layers.
The input layer was formed with three inputs nodes and a bias node. A bias node was aso provided along with
the hidden layer nodes. The output layer was set with one node, which provides the compressive strength as the
output (Fig. 1). The number of nodes in the hidden layer was varied in this study and the kept as minimum as
possible while providing reasonable performance. The network was always set fully connected between layers.
In table 3, the column titles DD, MD, W and CS represent Delay Duration, Microwave Duration, Microwave
oven Watts, and Compressive Strength respectively.

Out of the 108 records, 72 records were used for testing and the remaining records were used for testing.
Before splitting the data into training group and testing group, the sequence of records were jumbled so as to
avoid clustering and to have fair diversity of records in both the training and testing groups. Initially datain the
records were normalized by dividing the by the maximum of the field and thus the data range was rescaled to
make all the data lie between 0 and 1. This has been done make the training faster and to avoid getting stuck in
local optima.

Output Layer

Hidden
Layer

Input
Layer

DD

Fig. 1 Feed-forward Neural Network Architecture
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TABLEIII
Database used for neural network modeling

MD W cs MD W cs MD [W S
DD (hr) [(min) [(Watts) |(MPa) DD (hr) [(min) |[(Watts) |(MPa) DD (hr) [(min) [(Watts)|(MPa)
1783 | 20 | 900 | 11.43 2417| 30 360 1129 19.17| 40| 900| 1350
1800 | 20 | 900 | 11.98 2433 30 360  10.95 19.33] 40| 900 1352
1816 | 20 | 900 | 11.95 2450, 30 360, 1121 2383 50| 540, 17.42
1825 | 20 | 900 | 1282 24.75| 40 360, 1241 2400, 50| 540, 15.39
1842 | 20 | 900 | 1252 2492 40 360 1259 2417 50| 540 13.24
1858 | 20 | 900 | 1279 25.08| 40 360 1245 2433 50| 900 17.50
1867 | 20 | 900 | 1241 24.00 30 900|  14.95 2442 50 900 17.04
1883 | 20 | 900 | 1231 2417| 30 900 15.14 2458 50| 900  17.09
19.00 | 20 | 900 | 1201 2433 30 900|  15.08 2483 50| 360, 13.87
6.50 | 20 | 900 6.49 2475 40 900| 1656 2500 50| 360 13.99
6.67 20 | 900 6.11 17.83| 20 7200 1182 2517| 50| 360 13.72
6.83 20 | 900 6.38 1800, 20 7200 12.04 2558 60| 360] 14.95
6.92 20 | 900 5.68 1817| 20 7200 1196 2575 60| 360 15.16
708 | 20 | 900 6.11 18.25| 30 720 11.99 2592 60| 360 15.01
7.25 20 | 900 6.25 1842 30 7200 12.20 17.83] 20| 360 10.32
2442 | 20 | 900 | 1528 1858 30 720 1217 18.000 20| 360 10.32
2458 | 20 | 900 | 1587 18.83| 40 720  13.00 18.17| 20| 360 10.32
2467 | 20 | 900 | 1542 19.00] 40 7200 1248 1842| 30| 360 10.97
2458 | 40 | 540 | 14.78 19.17| 40 720, 1253 1858 30| 360 10.97
2475 | 40 | 540 | 1465 2383 20 720  15.20 18.83| 30| 360 10.97
2492 | 40 | 540 | 1485 24.00 20 720, 1531 18.83| 40| 360 11.25
2533 | 30 | 540 | 1507 2417 20 7200 1524 19.00] 40| 360  11.09
2550 | 30 | 540 | 1471 2425 30 720 1496 19.17| 40| 360 11.32
2567 | 30 | 540 14.89 2442| 30 720  15.01 17.83] 50| 360| 12.90
2592 | 20 | 540 | 1464 2458 30 720 1478 18.00] 50| 360 1258
2608 | 20 | 540 | 1442 24.83| 40 720,  16.29 18.17| 50| 360 1274
2625 | 20 | 540 | 1453 25.00, 40 720  16.02 18.83] 50| 540 12.95
2000 | 40 | 540 | 1129 25.17| 40 720  16.08 19.00{ 50| 540 13.28
1983 | 40 | 540 | 1161 2558 50 7200 1634 19.17| 50| 540 13.25
1967 | 40 | 540 | 11.39 25.75| 50 7200 1672 17.83] 50| 720 13.83
2108 | 20 | 540 | 1161 2592 50 7200 1641 18.00] 50| 720 1358
2125 | 20 | 540 | 11.78 18.000 30 540, 1173 18.17| 50| 720 1345
2142 | 20 | 540 | 11.32 18.75] 30 900] 1329 18.83| 50| 900| 14.42
2383 | 20 | 360 | 10.66 1858 30 900  13.01 19.00| 50| 900|  14.64
2400 | 20 | 360 | 11.78 1842 30 900|  13.06 19.17| 50| 900| 14.38
2417 | 20 | 360 10.66 19.00 40 900 13.72 18.00, 35 540 11.25

The number of nodes in the hidden layer was varied from 2 to 4 and no significant improvement was
observed when the hidden nodes were increased. Hence, the hidden layer was fixed with 2 nodes. Thus the
configuration was set as 3 nodes in the input layer and 2 nodes in the hidden layer and one node in the output
layer along with a bias node contributing to hidden layer nodes and another bias node contributing to the output
layer node. The initial weights were assumed randomly and simple sigmoid activation function was used. The

ISSN : 0975-4024 Vol 5No 1 Feb-Mar 2013 161



T.R. Neelakantan et al. / International Journal of Engineering and Technology (1JET)

learning rate and momentum parameters were set to 0.5. Batch learning, which updates the weights after
processing al data, was used in this study. A maximum of 100,000 epochs or an average of squared error less
than 0.00005 (of the normalized data) was used for stopping the training process. Attempts were made to
improve the training by starting from different starting weights. Irrespective of the different starting weights, the
training converges to the same weights in many cases, which indicate the response surface is not having many
optimal solutions.

TABLEIV
Summary of performance of neural network model

Item Training set Test set
Number of records 72 36
Maximum error 1.99 1.48
Minimum error -2.37 -1.53
Standard deviation of 0.62 0.64
error

Table 4 presents the summary of neural network predictions. Fig. 2 and Fig. 3 present the graphs between
actual compressive strength and predicted compressive strength in training group and testing group respectively.
In each of the cases, the R2 is more than 0.85 and hence the prediction accuracy is good. In the training set, out
of the 72 records, 38 records gave error less than 0.3 MPain prediction. In the test set, out of the 36 records, 17
records gave error less than 0.3 MPa in prediction. In the training set, out of the 72 records, 64 records gave
error less than 0.9 MPa in prediction. In the test set, out of the 36 records, 29 records gave error less than 0.9
MPain prediction. Hence, it can be concluded that the neural network model performance is good.
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Fig. 2 Relationship between actual and predicted compressive strengths in the case of training records
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VI.CONCLUSION

The microwave curing accelerates the curing process significantly and hence the error in predicting the 28-
day strength using the ingredient parameters can be avoided. The improvement in accuracy is at the cost for
casting, curing to a short duration (delay time), microwave curing and testing for compression. The high R?
values clearly indicate that the neural network modeling is well suited. The present neural network model
indicates that it captured the process of curing and thus able to predict the strength. In the future research, more
data is to be generated for varying 28-day strengths and the neural network model is to be extended. The non-
linear neural network model can be better than the simple regression to predict 28-day strength. Hence, the is
scope for extending the neural network modeling to capture the microwave curing process; however, it isto be
further analyzed with more data so that earlier identification of 28-day compressive strength through microwave
curing is possible.

REFERENCES

M. Tokyay, “ Strength prediction of fly ash concretes by accelerated testing,” Cement and Concrete Research, 29, 1737-1741, 1999.
1S.9013-1978 "Methods of Making, Curing and Determining Compressive strength of Accelerated-Cured Concrete Test Specimens’,
Bureau of Indian Standards, New Delhi.

ASTM. (2003), “ASTM C684-99(2003), Standard Test Method for Making, Accelerated Curing, and Testing Concrete Compression
Test Specimens’, ASTM, USA.

N. Makul, B. Chatveera, and Ratanadecho, “Use of microwave energy for accelerated curing of concrete: A review,” Songklanakarin
Journal of Science and Technology, 31(1), 1-13, 2009.

P, Rattanadecho, N. Suwannapum, B. Chatveera, D. Atong, and N. Makul, Development of compressive strength of cement paste under
accelerated curing by using continuous microwave thermal processor, Material Science and Engineering A, 472, 299-307, 2008.

X. Wu, J. Dong, and M. Tang, “Microwave Curing Technique in Concrete Manufacture,” Cement and Concrete Research, Vol. 17, pp.
205-210, 1987.

R.G. Hutchison, JT. Chang, H.M. Jennings, M.E. Brodwin, “Thermal Acceleration of Portland Cement Mortars with Microwave
Energy,” Cement and Concrete Research, Vol. 21, pp. 795-799, 1991.

C.K.Y. Leung, T. Pheeraphan, “Very high early strength of microwave cured concrete,” Cement and Concrete Research, 25(1), 136-146,
1995.

M-G, Lee, “Preliminary study for strength and freeze-thaw durability of microwave and steam-cured concrete,” Journal of Materialsin
Civil Engineering, 19(11), 972-976, 2007.

P. Chindaprasirt, U. Rattanasak, S. Taebuanhuad, “Resistance to acid and sul phate solutions of microwave-assisted high calcium fly ask
geopolymer,” Materials and Sructures, DOI 10.1617/s11527-012-9907-1, 2012.

G. Brion, C. Viswanathan, T.R. Neelakantan, S. Lingireddy, R. Girones, D. Lees, A. Allard, A. Vantarakis, (2005). “Artificial neural
network prediction of virusesin shellfish.”, Applied and Environmental Microbiology, 71 (9), 5244-5253.

V. Chandramouli, G. Brion, T.R. Neelakantan, S. Lingireddy, “Backfilling missing microbial concentrationsin ariverine database using
artificial neural networks,.” Water Research, 41 (1), 217-227, 2007.

T.R. Neelakantan, S. Lingireddy, G.M. Brion, “Effectiveness of different artificial neural network training algorithms in predicting
protozoarisksin surface waters,” Journal of Environmental Engineering, 128 (6), 533-542, 2002.

K.P. Sudheer, K. Srinivasan, T.R. Neelakantan, V.V. Srinivas, “A nonlinear data-driven model for synthetic generation of annual
streamflows,” Hydrological Processes, 22 (12), 1831-1845, 2008.

J. Kasperkiewicz, A. Dubrawski, “HPC strength prediction using artificial neural network,” Journal of Computing in Civil Engineering,
9 (4) 279284, 1995.

L. Sergio, S. Mauro, “Concrete strength prediction by means of neural network,” Construction and Building Materials, 11(2), 93-98,
1997.

S. Lai, S, M. Serra, “Concrete strength prediction by means of neural network,” Construction and Building Materials, 11(2), 93-98,
1997.

ISSN : 0975-4024 Vol 5No 1 Feb-Mar 2013 163



(18]
(19]

[20]
(21]

[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]
%9
[36]
[38]

(39]

T.R. Neelakantan et al. / International Journal of Engineering and Technology (1JET)

1.-C. Yeh, “Modeling of strength of high-performance concrete using artificial neural networks,” Cement and Concrete Research,
28(12), 1797-1808, 1998.

H.G. Ni, J.Z. Wang, “Prediction of compressive strength of concrete by neural networks,” Cement Concrete Research, 30, 1245-1250,
2000.

S.C. Lee, “Prediction of concrete strength using artificial neural networks,” Engineering Structures, 25, 849-857, 2003.

S. Rajasekaran, S.C. Lee, “Prediction of concrete strength using seria functional network model,” Structural Engineering Mechanics,
16(1) 8399, 2003.

JI. Kim, D.K. Kim, M.Q. Feng, F. Yazdani, “Application of neural networks for estimation of concrete strength,” Journal of Materials
in Civil Engineering, 16(3), 257264, 2004.

S. Akkurt, G. Tayfur, S. Can, “Fuzzy logic model for the prediction of cement compressive strength,” Cement and Concrete Research,
34, 1429-1433, 2004.

D.K. Kim, J.J. Lee, JH. Lee, SK. Chang, “Application of Probabilistic Neural Networks for Prediction of Concrete Strength,” Journal
of Materialsin Civil Engineering, 17(3), 353-362, 2005.

A. Oztas, M. Pala, E. Ozbay, K. Kanca, N. Caglar, M.A. Bhatti, “Predicting the compressive strength and slump of high strength
concrete using neural network,” Construction and Building Materials, 20 (2006) 769—775, 2006.

R. Gupta, M.A. Kewalramani, A. Goel, “Prediction of concrete strength using neural-expert system,” Journal of Materetials in Civil
Engineering, 18(3), 462—466, 2006.

B. Boukhatem, S. Kenai, A. Tagnit-Hamou, M. Ghrici, “Application of new information technology on concrete: An overview,”
Journal of Civil Engineering and Management, 17 (2) (2011) 248-258, 2011.

M.H.F. Zarandi, 1.B. Turksen, J. Sobhani, A.A. Ramezanianpour, “Fuzzy polynomial neural networks for approximation of the
compressive strength of concrete,” Applied Soft Computing Journal, 8 (1), 488-498, 2008.

B.K.R. Prasad, H, Eskandari, B.V.V. Reddy, “Prediction of compressive strength of SCC and HPC with high volume fly ash using
ANN?", Construction and Building Materials, 23, 117128, 2009.

J.S. Chou, C.K. Chiu, M. Farfoura, |. Al-Taharwa, “Optimizing the prediction accuracy of concrete compressive strength based on a
comparison of data-mining techniques,” Journal of Computing in Civil Engineering, 25 (3), 242-253, 2011.

J.S. Chou, C.F. Tsai, “Concrete compressive strength analysis using a combined classification and regression technique,” Automation in
Construction, 24, 52-60, 2012.

ACI-211.1-1991 Standard Practice for Selecting Proportions for Normal, Heavyweight, and Mass Concrete, Part 1, ACl Manual of
Concrete Practice, 1994

1S:1489-1991 “ Portland-Pozzolana Cement — Specifications’ , Bureau of Indian Standards, New Delhi.

1S:4031-1988, Indian Standard Method for Physical Tests for Hydraulic Cement, Bureau of Indian Standards, New Delhi.

1S:2386-1963 "Methods of Test for Aggregate for Concrete”, Bureau of Indian Standards, New Delhi.

1S:1199-1959 "Methods of Sampling and Analysis of Concrete", Bureau of Indian Standards, New Delhi.

1S:516-1959 "Methods of Tests for Srength of Concrete”, Bureau of Indian Standards, New Delhi.

T.R. Neelakantan, N.V. Pundarikanthan, “Neural network-based simulation-optimization model for reservoir operation,” Journal of
Water Resources Planning and Management, 126(2), 57-64, 2000.

JA. Freeman, D.M. Skapura, “Neural networks: Algorithms, applications and programming techniques.”, Addison-Wesley, New Y ork.,
1991.

ISSN : 0975-4024 Vol 5No 1 Feb-Mar 2013 164



	Prediction of Concrete Strength UsingMicrowave Based Accelerated CuringParameters by Neural Network
	Abstract
	Keyword
	I. INTRODUCTION
	II. THERMAL CURING WITH MICROWAVE RADIATION
	III. NEURAL NETWORK MODELS
	IV.METHODOLOGY
	V. RESULTS AND DISCUSSIONS
	VI.CONCLUSION
	REFERENCES




