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Application of KPCA-LSSVM in Video Trace
and Time Series Prediction

ZHANG Guandong, LI Jun

(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: A prediction method based on kernel principal component analysis (KPCA) and least squares sup-
port vector machine (LSSVM) is proposed for the prediction of time series that increasing prediction precision
and decreasing the computing complexity. Firstly, the input data will be mapped to high-dimensional feature
space through kernel method, then the effective nonlinear principal element can be extracted in the feature
space, and finally the time series model is established by LSSVM. In order to verify the validity of KPCA-
LSSVM method, it is used in traffic flow and video flow prediction, and compared with single LSSVM and
neural network in the same condition. The experimental results show that the model based on KPCA-LSSVM
has good generalization and high identification accuracy compared with other methods.
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Fig. 1 Traffic flow trace sequence Fig. 2 Traffic flow prediction results in different methods
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Tab.1 Prediction accuracy of different methods
. . TR T
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RBF ELM SVM LSSVM KPCA-LSSVM
MAE 0.007 4 0.006 2 0.004 1 0.002 9 0.001 7
RMSE 0.093 7 0.082 1 0.024 2 0.015 3 0.009 4
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Fig. 3 Different video trace sequences
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Fig. 4 Prediction results of different video trace sequences
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Tab. 2 Prediction accuracy of different video trace sequences with different methods
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