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Abstract: Concrete compressive strength prediction is a key part of batching ratio design, the traditional concrete cube
compressive strength standard test method is vulnerable to external influences, a random forest algorithm is proposed to
predict the compressive strength of concrete, by optimizing the data of cement, blast furnace slag mixing, fly ash mixing,
water content, high efficiency water reducer dosage, coarse aggregates, fine aggregates content, and age, etc., as raw
material indicators. The optimized data set is used as the input data set, and the data set is divided to construct the model,
and then the model parameters are optimized by defining the parameter network and performing the grid search
cross-validation to construct the perfect models. The results show that the prediction accuracy of the prediction model
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based on the random forest algorithm (R=0.91547) is much higher than that of the support vector regression model
(R=0.76802) and the decision tree model (R=0.87539) and the error is small (RMSE=5.24087), which is of great
significance for the research of compressive strength prediction model.
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Figure 1 Random Forest Modeling Diagram
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Figure 2 Histogram of major components
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Figure 3 Relationship diagram of the main components
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Figure 4 Correlation coefficients between major components
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