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Fig.2 Curve of maximum vertical displacement

simulated by RBF neural network
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Fig.3 Curve of maximum horizontal displacement

simulated by RBF neural network
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Table 1

deformation using RBF neural network

Forecast results of surrounding rock
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/m /m /% /m /m /%

41 0.082 0.0826 0.73
55 0.089 0.0832 6.52

0.078 0.078 8 1.03
0.083 0.0790 4.82
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Fig.4 Curve of maximum horizontal displacement

simulated by MVR
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simulated by MVR
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A Forecasting Method for Tunnel Surrounding Rock
Deformation Using RBF Neural Networks

Zhang Junyan', Feng Shouzhong®, Liu Donghai?
(1. Management School , Tianjin University, Tianjin 300072, China ;
. 2.School of Civil Engineering , Tianjin University, Tianjin 300072, China)

[ Abstract] Owing to the difficulty of traditional multi-variable regression methods to represent the surrounding
rock deformation curve with inflexion points, a method for forecasting tunnel surrounding rock deformation
using radial basis function neural networks is presented. This method not only can be utilized to approximate the
complex deformation curves, but also has higher convergence speed and better globally-searching ability than
those using BP neural networks. An example is given to show the effectiveness and practicability of this method.

[Key words] RBF neural networks; tunnel construction; surrounding rock deformation; forecasting
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