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[ Abstract] Primary cracks and new cracks develop within the engineering rock mass, leading to the formation of macroscopic
cracks. The hollow cylindrical discrete element simulation test enables the emulation of complex stress paths. In order to solve the
problems existing in the simulation test of hollow cylindrical discrete element, such as numerous influencing factors and lengthy meso-
parameter calibration, a method of mesoscale parameter calibration of hollow cylindrical sandstone discrete element based on machine
learning algorithm was proposed. Through variations in input variables within the discrete element model, 210 sets of simulation data
were obtained. A mesoscopic parameter calibration model based on random forest algorithm and extreme gradient boosting ( XGBoost )
algorithm was established, the prediction accuracy of the model was compared, the parameter sensitivity was analyzed, and the contri-
bution of input parameters to the overall mechanical properties of the rock was quantified. Combined with the indoor triaxial test of hol-
low cylinder, the calibration results show that the XGBoost algorithm has the advantages of computing speed, and can quickly locate the
range of discrete element mesoscopic parameters, which provides a new idea for the calibration of discrete element mesoscopic parame-
ters of hollow cylinder, and has the value of engineering application.
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Fig. 2 Discrete element model

2.2 BHHE

U AT 6 4 AR (0 40 5 BT LAYy
IS5 T84 JHC v TR 240 W 2 5504 0 A3 2003 i
Wil B, PURCE/NRAR R, BB R w0 UKL R
Pk /k, ORISR p WURERIAE L R /R, 36 4
SATRRAE MR N S B AT R S5 U B,
SEATRREERIBE I &/ k. SCRORE o, NES ¢ T
FFRkLE MBS N w0 VAT B BRI A @ P AT
LT AL INE 1R,

SATREAE R A R B 0 AU S R, X
S SR — B , LR AT S R B

F1 AUSHEHER

Table 1 Microscopic parameter classification table
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Table 2 Assumed values for parameters
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Fig. 3 Correlation graph between input and output variables
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Table 4 Random forest algorithm model
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Table 6 Comparison of machine learning prediction results
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