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Network Flow Prediction Based on Optimization Combined Kernel
Extreme Learning Machine

LIU Yue, WANG Fang
(College of Information Engineering, Kaifeng University , Kaifeng 475004 , China)

Abstract: In order to improve precision of network flow prediction,a prediction model is proposed in this paper based on Empirical Mode
Decomposition (EMD) and chaos particle swarm optimization combined kernel extreme learning machine aiming at the features of non—
linear and non-stationary for network flow data. Unit flow is obtained through EMD on the network flow in time sequence, then each unit
data is predicted with kernel extreme learning machine. Finally, the prediction result is reconstructed. In view of the inadequate fitting ca-
pacity of traditional kernel extreme learning machine,a machine combining Gaussian kernel and multinomial kernel is proposed and the
improved kernel parameter combination and penalty factor of chaos particle swarm optimization with combined kernel are applied in the
prediction of network flow. The experiment shows that this method can improve the accuracy of network prediction effectively,and help
guide the rational allocation and planning of network resources.
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