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The rolling prediction model research of deep foundation pit wall
skew based on GA-LSSVM
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2.Architectural Engineering College North China Institute of Science and Technology, Beijing 101601)

Abstract: According to the small sample and nonlinear characteristics of the slope measurement data of
foundation pit, a rolling prediction method of time series based on GA-LSSVM model for foundation
pit wall measurement was presented.The cubic spline interpolation method was used to pretreat the time
series of the foundation pit.Genetic algorithm (GA) was used to optimize the parameters in least squares
support vector machine (LSSVM).The optimal parameter model was found out, and the GA-LSSVM
time series rolling prediction model was established.The prediction results were evaluated by correlation
coefficient R and the mean square error (Mean Squared Error, MSE).The method was applied to the
prediction and analysis of the pit excavation of a subway station in Guangzhou, and it was compared
with the least squares support vector machine (LSSVM) model without parameter optimization.The
results showed that the correlation coefficient of the prediction model was high, the mean square error
was small, the prediction result was more accurate.It is of great significance to improve the safety of the
construction of the foundation pit and similar projects.
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Fig.1 Measured data and interpolated data curve graph
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Fig.2 Measured data curve graph
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Tab.2 Mean Square Error and Correlation Coefficient of Two Predictive Models

R /d GA-LSSVM fE#Y LSSVM fx#d
MSE RI% MSE RI%
223 0.000 100 767 99.985 8 0.001 003 392 92.606 3
226 0.000 106 669 98.889 1 0.001 058 430 89.306 3
229 0.000 108 185 96.197 2 0.001 070 887 87.0143
232 0.000 110 149 95.207 6 0.001 112 166 86.1197
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