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Abstract: [Objective] A KPCA-RVM based prediction model for settlement of earth-rockfill dam was
established aiming at the complex characteristics of multi variables, strong coupling and strong interference
in settlement of earth-rockfill dams. [Method) The kernel principal component analysis (KPCA) was used
to reduce the number of the input vectors. Then, the settlement of earth-rockfill dam was predicted using
the relevant vector machine (RVM) model,and the prediction accuracy was evaluated using average relative
error. [Result] The number of input vectors was reduced from 14 to 7 by KPCA-RVM model. The average
relative error of prediction results was only 0. 9% ,indicating the prediction was significantly improved.
[Conclusion) Using KPCA-RVM model to predict settlement of earth dam not only reduced the number of
input vectors,but also improved the prediction accuracy. The KPCA-RVM model has great application in
practical projects.
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Model KPCA SVM or RVM parameter Ma.x1mum Average relative  Mean absolute

parameter C g relative error error error
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