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Abstract: Chaotic theory feature recognition is the premise of chaotic time series analysis and prediction. Common linear mathematical algo-

rithms have failed to solve the problems encountered in the foundation pit deformation. In order to study the nonlinear and complex problems of

foundation pit deformation monitoring data, weused the chaotic nonlinear theory method. Firstly, we obtained the delay time and embedding di-

mension of time series of foundation pit deformation, and then carried out the phase space reconstruction of foundation pit monitoring data. Final-

ly, we compared and analyzed the prediction results of the weighted first-order local prediction model and the chaotic prediction model of RBF

neural network. The experimental result shows that the chaotic prediction model of RBF neural network has the highest prediction accuracy, and

the chaotic prediction model is more suitable for short-term prediction, which can prove the feasibility and effectiveness of RBF neural network

chaotic prediction model in monitoring foundation pit deformation.

Key words: the phase space reconstruction, chaotic recognition, chaotic time series, the weighted first-order local prediction, the chaotic predic-

tion model of RBF neural network
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