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Abstract

During the underground cavern blasting construction, the physical parameters of the blasting dam-
aged zone have an important impact on the stability and safety of the structure. The traditional
method of determining physical parameters relies on a large number of field tests and empirical
formulas, which has certain limitations. In order to improve the prediction accuracy of the physical
parameters of the damaged zone, this paper proposes a neural network prediction model for the
physical parameters of the damaged zone based on Latin hypercube sampling. A large number of
finite element models are calculated using the Latin hypercube sampling method, and an input fea-
ture set including multiple measurement points such as vertex displacement and face displacement
is established. The neural network model is used for training and prediction. The experimental re-
sults show that this method can effectively predict the change of the elastic modulus of the rock
mass in the damaged zone during the underground cavern blasting construction, and has a high
prediction accuracy. Compared with the traditional method, the neural network method not only
reduces human intervention, but also can quickly adapt to different construction environments,
and has strong application potential. Finally, this paper discusses the engineering application pro-
spects of this method and proposes the direction of further research.
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Figure 1. Schematic diagram of the finite element model
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Figure 2. Relationship between the reduction of elastic modulus of the front arch wall and
the deformation of the cave monitoring point
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Figure 3. Relationship between the reduction of elastic modulus of rear arch wall and
deformation of cave monitoring point
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Figure 4. Relationship between reduction of elastic modulus of front vault and
deformation of cave monitoring points
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Figure 5. Relationship between the reduction of elastic modulus of rear vault
and deformation of cave monitoring points
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Figure 6. Relationship between elastic modulus reduction in the back area of
the tunnel face and deformation of monitoring points in the cavern
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Figure 7. Schematic diagram of neural network structure
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Figure 8. Training results of the neural network prediction model
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Figure 9. Test results of the neural network prediction model
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Figure 10. Error distribution of the prediction model
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Figure 11. The training results of the prediction model after re-
moving the rear arch wall and the front arch
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Figure 12. Test results of the prediction model after removing the rear arch wall and the front arch
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Figure 13. SHAP analysis results of the neural network model
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