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Abstract

Predicting the compressive strength of high-performance concrete (HPC) is challenging because of the use of additional cementitious
materials; thus, the development of improved predictive models is essential. The purpose of this study was to develop an HPC
compressive-strength prediction model using an ensemble machine-learning method of combined bagging and stacking techniques. The result
is a new ensemble technique that integrates the existing ensemble methods of bagging and stacking to solve the problems of a single
machine-learning model and improve the prediction performance of the model. The nonlinear regression, support vector machine, artificial
neural network, and Gaussian process regression approaches were used as single machine-learning methods and bagging and stacking
techniques as ensemble machine-learning methods. As a result, the model of the proposed method showed improved accuracy results
compared with single machine-learning models, an individual bagging technique model, and a stacking technique model. This was confirmed
through a comparison of four representative performance indicators, verifying the effectiveness of the method.
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Table 1 Descriptive statistics of the input and output parameters

used for predicting HPC CS
Variable Statistics
Min | Average | Max | STDEV
Cement(kg/m’) 102.0 281.2 540.0 104.5
Blast Furnace Slag(kg/m’) 0.0 73.9 359.4 86.3
Fly Ash(kg/m’) 0.0 54.3 200.1 64.0
Water(kg/m®) 121.8 181.6 | 247.0 21.4
Superplasticizer(kg/m’) 0.0 6.2 322 6.0

Coarse Aggregate(kg/m’) | 801.0 972.9 1145.0 77.8

Fine Aggregate(kg/m’) 594.0 773.6 992.6 80.2

Age(days) 1.0 457 | 3650 | 632
HPC Compressive

23 35.8 82.6 16.8
Strength(MPa)
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Model Phase R? RMSE | MAPE | VAF
Train | 0.6217 | 103108 | 31.8897 | 62.1667
MLR
Test | 0.5871 | 10.5387 | 27.6473 | 59.1458
NR Train | 0.8177 | 7.1577 | 20.0210 | 81.7680
Test | 0.7708 | 7.8522 | 18.6949 | 77.3002
ANN Train | 0.9020 | 52475 | 13.5474 | 90.2033
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Table 4 The R? values and their means and standard deviations of each model for validation data in five different datasets(5-fold format)

Proposed Model MLR NR SVM ANN GPR Bagging(ANN) | Stacking(ANN)
Dataset #1 0.8936 0.5871 0.7708 0.7718 0.8480 0.8888 0.8820 0.8813
Dataset #2 0.9373 0.6709 0.8527 0.7795 0.9097 0.9310 09131 0.9026
Dataset #3 0.9095 0.6103 0.8700 0.7297 0.8898 0.9088 0.8851 0.8913
Dataset #4 0.9164 0.5961 0.7634 0.8163 0.8811 0.9072 0.8814 0.9061
Dataset #5 0.9284 0.5282 0.7629 0.8499 0.8907 0.9243 0.8946 0.9122
Average 0.9200 0.6000 0.8040 0.7900 0.8840 0.9100 0.8910 0.9000
Standard deviation 0.0169 0.0457 0.0473 0.0409 0.0202 0.0147 0.0133 0.0110
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