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Abstract Network traffic prediction is an important problem of network congestion control and
network management. Network traffic time series have time-varying and nonlinear characteristics, So
the prediction accuracy of traditional time series prediction method is relatively low and it is unable to
establish accurate prediction model. Echo state network (ESN) has good performance in prediction
and modeling of nonlinear chaotic system and is very suitable for network traffic time series prediction
problem. In order to improve the prediction accuracy of network traffic, the network traffic nonlinear
prediction method based on genetic algorithm optimized echo state network is proposed. Firstly, echo
state network is used for network traffic predicton, then the genetic algorithm is used to optimize the
parameters of the reservoir of the echo state network prediction model. Finally, the prediction
accuracy of the prediction model is improved. The actual network traffic data from China Unicom in
Liaoning Province is used for simulation verification. Three common prediction models including auto
regressive integrated moving average (ARIMA) prediction model, Elman neural network prediction
model and least square support vector machine (LSSVM) prediction model are compared, and the
simulation results show that the proposed method has higher prediction accuracy with smaller

prediction error and it can describe the network traffic characteristics of complex changes.
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Fig. 1 Echo state network structure.
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Fig. 2 The individual structure of ESN parameters.
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Fig. 3 The flow chart of GA optimized ESN network

traffic prediction model.
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Fig. 10 The comparison of network traffic prediction

and actual value in proposed method.
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Fig. 11 The comparison of network traffic prediction

and actual value of Elman neural network.
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Fig. 12 The comparison of network traffic prediction
and actual value of LSSVM.
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Fig. 13 The comparison of network traffic prediction
and actual value of ARIMA.
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