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A Study on the Estimation Method of Concrete Compressive Strength Based on
Machine Learning Algorithm Considering Mixture Factor

o] & & o] 8t &~
Lee, Seung—Jun Lee, Han—Seung

Abstract

In the construction site, it is necessary to estimate the compressive strength of concrete in order to adjust the
demolding time of the form, and establish and adjust the construction schedule, The compressive strength of concrete
is determined by various influencing factors, However, the conventional method for estimating the compressive strength
of concrete has been suggested by considering only 1 to 3 specific influential factors as variables, In this study, six
influential factors (Water, Cement, Fly ash, Blast furnace slag, Curing temperature, and humidity) of papers opened for
10 years were collected at three conferences in order to know the various correlations among data and the tendency of
data, After using algorithm of various methods of machine learning techniques, we selected the most suitable
regression analysis model for estimating the compressive strength,
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2.1 Machine Learning Algorithm

2.1.1 Linear Regression

Linear Regression< gt 7l o}de] IR Z3b6l= H1 B x(WS Aw)2} ofol] % W y(Fak gh71e] A9 AiAE wde
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2.1.2 Support Vector Machine (SVM)

Support Vector Machine (SVM)} oJ2{712] A g5 Zao] B ARgslo] il Hofels aatel £ 3710 & AP Mapping)
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2.1.3 Artificial Neural Networks (ANN)
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