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Abstract: The compressive strength of concrete is one of the main factors affecting the quality of construction, and it is
also a key parameter for concrete design, so it is necessary to predict it. However, most of the early empirical formulas
for predicting the compressive strength of concrete are for specific concretes, which can not be universally promoted,
while other prediction methods such as physical testing method, finite element analysis method, etc. are cumbersome in
terms of steps, and can not be formed into a generalized prediction model under the harsh conditions of applicability. In
recent years, the concrete compressive strength prediction model based on machine learning has become a hot research
topic at home and abroad. In this paper, firstly, by comparing the application of various machine learning methods,
including regression model, support vector regression machine model, tree model, neural network and integrated
learning in concrete compressive strength, it is concluded that the support vector regression machine model and
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integrated learning have higher effectiveness in the prediction of compressive strength. Finally, the article discusses the
shortcomings of the widely used concrete compressive strength prediction methods and gives the future research
direction of machine learning based concrete compressive strength prediction model.
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