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Abstract: To solve the problems of too long compressive strength test cycle and too much material of cementitious
sand and gravel (CSG) consumed, the model of extreme gradient boosting tree combined with long short-term
memory network (XGBoost-LSTM ) was used to predict the compressive strength of CSG. Firstly, the two input
variables of “cement content” and “sand ratio” with strong correlation were selected into the XGBoost model for
prediction, and the results were substituted into the LSTM model together with the original features. Another 94
sets of compressive strength data were used for training and validation. The results show that compared with the basic
models XGBoost and LSTM, the coefficient of determination of the XGBoost-LSTM combined model is increased
by 5.6% and 3.5% respectively. It has shown to be feasible to construct new features by the XGBoost model, and
the XGBoost-LSTM combined model can accurately predict the compressive strength of CSG.
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Physical properties of cement

Specific surface area/

Setting time/min

Compressive strength/MPa Flexural strength/MPa

Apparent density/(kg-m )

2,001
(m’-kg ) Initial Final 3d 28d 3d 28d
382.00 3 035.00 143.00 191. 00 30. 40 49.60 6.30 8. 60
F2 BERPOBEARIER
Table 2 Technical indicators of fly ash
Chemical composition(by mass)/ %
Specific surface area/(m”-kg ") Density/(g+em ™)
Fe,0, Ca0 MgO ALO, Si0, I
420 2.42 3.87 2.27 0.81 29.09 53. 36 2.48

®3 HEMHEXSFERE

Table 3 Basic mechanical properties of coarse aggregate

Moisture content ~ Water absorption(by

Particle size/mm

Crush value(by

Bulk density/(kg-m ) Apparent density/(kg-m °)

(by mass)/ % mass)/ % mass)/ %
5-40 0.43 0.68 2.74 1669.3 2350
F4 WHBMRE
Table 4 Particle gradation of sand
Sieve size/mm 4.75 2.36 .18 0.6 0.3 0.15 0.075 <0.075
Cumulative sieve residue(by mass)/ % 6.20 25.49 .55 70.88 88.10 96. 37 98.48 100. 00
®5 CSGEAL
Table 5 Mix proportion of CSG
Cement content/(kg+-m *) Sand ratio Water-binder ratio Fly ash content/(kg+m )
40 0.1 1.0 20
50 0.2 1.2 30
60 0.3 1.4 40
70 0.4 50

Note: Sand ratio and water-binder ratio are all mass fraction or mass ratio.
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Table 6 Sample data

Serial number ~ Cement content/(kgem *) Sand ratio Water-binder ratio Fly ash content/(kgem *)  Compressive strength/MPa
1 40 0.2 1.2 40 5.35
10 40 0.3 1.2 50 4,.76
20 5:0 0.3 1.2 30 ‘3.:26
94 7'0 0.4 1.4 30 5.:92
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Table 7 Statistical description of overall data 1

Category Cement content/(kgem °) Sand ratio Water-binder ratio Fly ash content/(kgem *)
Mean 55. 96 0.28 1.19 34.57
Median 60. 00 0.30 1.20 30. 00
F8 BEBEMNSITHEIA2
Table 8 Statistical description of overall data 2
Category Cement content/(kgem ") Sand ratio Water-binder ratio Fly ash content/(kgem %)
Standard deviation 9.82 0.098 0 0. 160 10. 38
Variance 96.42 0.009 6 0.027 107. 80
Range 30 0.30 0. 40 30
Minimum 40 0.10 1.00 20
Maximum 70 0.40 1.40 50
Sum 5260 26. 50 111.6 3250
Count 94 94 94 94
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Table 9 Correlation between output variable and input variables

Input variable o Correlation
Cement content 0.70 Positive correlation
Sand ratio —0.53 Negative correlation
Water-binder ratio —0.51 Negative correlation
Fly ash content —0.38 Negative correlation
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Fig. 2 Comparison of predicted and experimental values of CSG
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Table 10 Comparison of model prediction results

Model R* RMSE MAE
XGBoost-LSTM 0.987 0. 200 0.159
XGBoost 0.935 0.408 0.353
LSTM 0.954 0. 344 0. 287

XGBoost-LSTM . XGBoost #1 LSTM # A ) Fiii
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Fig.3 Comparison of predicted values and experimental
values of different models
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