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Research on in-situ rock stress prediction based on particle
swarm combined artificial neural network

GAO Feng' , WANG Lian-guo®

(1 Engineering School s Shanxi Datong University » Datong . Shanxi 037003 ,China;2 State Key Laboratory for
Geo-Mechanics and Deep Underground Engineering »China University of Mining and Technology . Xuzhou, Jiangsu 221008, China)

Abstract: [Objective] The method to predict the in-situ rock stress is built to provide reference for
rock mechanics research and underground geotechnical excavation engineering design and construction.
[Method] The factors of rock burial depth and rock category etc. are selected as the judging indexes,and
the measured rock stress data are used for the researched area. On the basis of the Particle Swarm Optimi-
zation (PSO) algorithm based on Group Intelligence (GI) and the standard Back Propagation (BP) artifi-
cial neural network method,a new type of combined training method is put forward,and PSO-BP combined
artificial neural network model is successfully built in the end. [Result] The combined artificial neural net-
work has good performance from the global aspect. The network output data and target output data of
maximum principal stress, minimum principal stress and vertical stress of the studying in-situ rock stress
field show closer relationship. The correlation coefficients are respectively equal to 0. 994 0,0. 997 0,0. 992
0,in the multivariate regression calculation results. The combined artificial neural network can predict
stress field distribution law in the studyed area rock. [Conclusion) The PSO-BP combined model can accu-

rately predict in-situ rock stress,and it has certain guiding significance to theoretical study of rock initial
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stress and underground engineering design.
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