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Abstract: It is anticipated that global cement based mortars production is set to achieve an annual growth rate of 5.1% for the
years to come. An estimated 2 to 3% of the world's yearly energy use and 9 to 10% of industrial water are used by the concrete
industry. It is this ever growing need of water that can be a problem for the forthcoming generations which is why nowadays
superplasticizers are used highly in the construction field, these are water reducing admixtures that are capable of reducing
water content hence lowering the water cement ratio without compromising the workability of end products.

The study focuses on predicting the behavior concrete using machine learning approaches. The performance measure Mean
Squared Error (MSE) used to assess many machine learning models. Precise prediction of superplasticizers has advantages like
less wastage of water leading to conservation of it, improving the strength of concrete and reduces the need for energy intensive
mixing and placement methods. This can lead to energy saving and reduced carbon footprint. The training and testing data used
in his study was divided into a 70% training set and a 30 % testing set. The RMSE value of predicted and actual values had a
range between 2% to 6% for testing performed on various days.

L. INTRODUCTION
The design of concrete mixes is an important step in getting the required qualities and performance of concrete. It entails the precise
selection and proportioning of ingredients like cement, water, aggregates, and admixtures to satisfy the needs of a given
project.[5][8][12] Superplasticizers are the high range water reducers that are used for making high strength concrete. They also
retard the setting and hardening of concrete without negatively affecting the workability of mixtures.[1] When well-dispersed
cement particle suspensions are needed to enhance the flow properties of concrete, superplasticizers are employed. By adding them ,
the water-to-cement ratio of mortar or concrete can be lowered without impairing the mixtures workability. It makes it possible to
produce high-performing and self-consolidating concrete. The primary determinant of concrete strength and durability is the water-
to-cement ratio.[2] Superplasticizers significantly enhance the rheology and fluidity of newly mixed concrete. When the water-to-
cement ratio drops, the strength of the concrete increases because less water is added into the hardened concrete, which improves its
resistance to compression by lowering its porosity. This is done solely to keep fresh concrete more workable. [1]
Machine learning techniques have become important resources for optimizing the design of concrete compositions.[7] Large
volumes of data from previous mixes may be analyzed by machine learning algorithms to forecast concrete qualities, optimize
material proportions, improve quality control, and forecast long-term performance.[30][31][24] These algorithms discover patterns
and links in the data, enabling more precise forecasts and better concrete mix design decisions.[27][7][29] Also, machine learning
usage has the potential to improve concrete mix design's sustainability.[23][30][31] Machine learning algorithms may find ideal
material combinations that minimize waste, reduce carbon footprint, and enhance the entire lifespan performance of concrete
buildings by taking into account aspects like cost, availability, and environmental effect.[2][7][6]
A quantitative and statistical framework that mimics the network of neurons found in the human brain is called an artificial neural
network, or ANN. It has the potential to be widely applied in engineering technologies to solve extremely challenging
issues.[24][25][23] Recent research indicates that the neural network is also capable of effectively estimating the strength
characteristics of construction materials.[24][29][12][15] Neural network models can predict many important parameters, including
compressive strength and other important parameters like design mix, cement quantity, amount of recycled coarse aggregate
substituted, drying shrinkage of concrete, and strength characteristics of geopolymer composite containing various
sources.[14][10][8][5]However in his study we are going to predict the compressive strength of concrete taking input parameters as
cement, water, blast furnace, fly ash and superplasticizer dosage for 3 days, 7 days, 14 days, 28 days, 56 days, 90 days and 100
days.[26] This study also aims at predicting the amount of superplasticizers taking input quantity as water, cement, aggregates, blast
furnace, fly ash and compressive strength for 3 days, 7 days, 14 days, 28 days, 56 days and 100 days.
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1. METHODOLOGY

A. Literature Review

In the research paper authored by Safaa M.A. an observation on what happens when LS or NSF based superplasticizers were added
to OPC pastes. Additionally, the effectiveness of LS and NSF water-reducing agents in PPC-based mortar mixes were formulated
using varying ratios of LS and SNF-based superplasticizers. In this investigation, the ANN model was found to be suitable for
assessing the properties of mortar mixes' compressive strength and workability. The paper recorded by Joaquin Abellan-Gracia and
their team suggested a two-layered neural network-based technique for predicting the CS of concrete that contains SCMs and/or
RCA. K-fold cross-validation was used to keep the model from overfitting to the training set of data. Paper penned by Saumya
Srivastva provided an insight on how machine learning tools are used for the prediction of various properties of concrete and
quantities used.

B. Data Collection

The 1030 observations and 9 variables that make up the dataset used in this study were acquired from Kaggle. The dataset includes
concrete compressive strength (in MPa), age (in days), fly ash, blast furnace slag, water, superplasticizer, coarse aggregate, and fine
aggregate quantitative measurements. The objective is to forecast the compressive strength of concrete and the quantity of
superplasticizers used by analyzing the relationship between these variables.

C. Experimental Program

The dataset obtained from the source was in raw form and was varied according to the number of days on which the tests for
compressive strength were performed. The values were separated and then using the MATLAB software a neural network is first
created with the desired number of hidden layers, number of iteration and other properties for which the data is to be feed forwarded
and back propagated into the network for its training, the parameters like cement, water, fine aggregate, coarse aggregate, blast
furnace, fly ash along with the superplasticizer dosage are provided as an input while the compressive strength is provided as an
output for pattern recognition and training of the neural network. The regression or R values in the form of graphs are obtained after
the training ,one must ensure that ideal R value is 1, however in practical situations it may not be possible to get the same, therefore
it should be brought as close to 1 as possible to ensure the network is properly trained. After the training part of the network add the
remaining 30% data for the testing part. The ‘sim’ function is used to simulate the network created before to make the new
predictions. After the predictions are made the mean squared error is found between the predicted value and actual value and then
the root mean squared error is also calculated. The root mean squared error is a measure of how accurately can our neural network
predict the desired quantity.

name of network =feedforward(no of neurons);

%The above line of code is for creating a network where the name of the network lets say is ‘net” and no of neurons can be decided
accordingly for hit and trial. Let's say it is 14 .

name of network.trainParam.epochs=1000;

% no of iterations to be performed for training the network.

name of network.trainParam.lr=0.01;

% learning rate of the parameters for training the network.

[name of network, tr]=train(name of network, input,output);

%training the network named net.

predictions= sim(name of network, inn);

%simulating the network and making predictions for the same network.

mse= mean ((predictions - target)."2);

%find the mean squared error.

rmse=sqrt(mse);

%find the root mean squared error between the predicted and actual values.

disp([‘Root Mean Squared Error:” , num2str(rmse)];

%display the root mean squared error.

plot (target, predictions, ‘bo’);

%plot the predicted and target data in form of the graph

xlabel(“target’);
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Y%setting the x axis for the target variable

y label(*predictions’);

Y%setting the y axis for predicted variable.

title(“target vs predictions’);
%provide the title for the graph
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1. RESULTS
The following graph figures of the “targeted vs predicted’ value obtained as a result for the prediction of the —
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The RMSE values are as below-
No. of 3 days 7days 14 days 28 days 56 days 90 days 100 days

days

RMSE 5.9311 4.8498 7.3959 9.5598 9.2535 5.2864 7.9935
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The RMSE values are as follows-

No. of days | 3 days 7 days 14 days 28 days 56 days 100 days

RMSE 5.5872 2.0226 3.0069 5.8878 4.8523 3.7194

V. DISCUSSION

The current study suggests an approach based on neural networks with generally one hidden layer for predicting both the
superplasticizers and the compressive strength of the concrete, however certain exceptions with more than one hidden layer were
also made depending on the dataset available. For the training if the dataset available is large then multiple rounds of training were
performed until the error in training, validation and testing data’s R value has a value near to 1. The highest RMSE value permitted
was up to 10%. The graph obtained for the “prediction vs target” value has four types of line in it. The gray line represents the line of
best fit which implies the ideal value of data. The line of best fit which relates the dependent and independent variables with each
other. For the ideal training processes the data point must lie on the line of best fit after successful training completion.The dotted
line indicates the value where predicted and target value both move equally to form a straight line. The black dot represents the
trained set of data , more the distance of these dots from the gray line less will be the R value and poor will be the training of the
neural network. The blue dots represent the predicted set of data that are forecasted by the ANN and using these values and the
targeted value the RMSE value is calculated.
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