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Real-time Network Traffic Prediction Model Based on EMD and Clustering

YAO Li-shuang, LIU Dan,PEI Zuo-fei and WANG Yun-feng

School of Communication and Information Engineering,Chongqing University of Posts and Telecommunications,Chongqing 400065, China
Abstract Based on the multiple characteristics of complex network traffic, the traditional single model has poor prediction re-
sults. In order to improve the accuracy and real-time performance of traffic prediction,a network traffic prediction model based on
EMD and clustering is proposed. First, the network traffic is decomposed into IMFs through EMD. IMFs are on different time
scales and their frequencies are relatively single. Secondly,IMFs are clustered by an improved K-means clustering algorithm, and
IMFs with similar complexity are gathered. Then the clustered IMFs are predicted using the ARMA model. Finally, the predicted
values of each IMF are summed to obtain the predicted value of overall network traffic. Experimental results show that,compared
with the EMD-ARMA model, the model not only reduces the training time,and its MSE and MAE reduce by 3. 8% and 7. 6% re-

spectively, APT improves by 6 percentage. The model achieves higher prediction accuracy of network traffic and can be used for

real-time traffic prediction.
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Fig. 1 Real-time network traffic prediction model based on EMD

and clustering
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Table 2 Comprehensive evaluation index of different models

Method of prediction MSE MAE APT/%
ARIMA 0.02928 0.13467 42
EMD-ARMA 0.01654 0.10344 64
EMD-Elman 0.01908 0.11337 60
Method of this article 0.01425 0.09550 70
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