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Traffic Prediction Based on Modified Deep Learning

ZHU Jiang,SONG Yonghui, LIU Yali

( Chongging Key Laboratory of Mobile Communications Technology , Chongqing University of
Posts and Telecommunications , Chongqing 400065 , China )

Abstract; To solve the problem of low traffic prediction accuracy in wireless networks, a method based on
the adaptive grouping stacked auto—encoders( AG-SAEs) deep learning is proposed. In data preprocess-
ing ,the maximum and minimum method is used to normalize the data,and a novel adaptive grouping meth-
od is adopted to divide the normalized data into different groups adaptively. Then,a multi—input multi—out-
put prediction model based on the deep learning model is established. All the groups are input to the
stacked auto—encoder model to train the model and map the relationship between input and output traffic.
Finally ,in order to further improve the prediction accuracy,the modified Newton method is used to update
the weight parameters in the model training section. The simulation experiment and comparison with other
methods show that the proposed method processes a smaller prediction relative error.
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LR 5.36 5.23 4.99 14.01 13.72 12.91 6.65 6.51 6.28
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