http: /www. jsjkx. com

DOI:10. 11896/jsikx. 200400056

St A 2
COMPUTER SCIENCE

T (7] 5 = H R 1Y ) 4% it 208 i Tl A B

mER BEREN?

1 HEIEFRITENEAGE YR HH HE 411104

2 PEAFIHENFER K 410000
(13077331687@163. com)

H E HASRLATHRAGEARLEZTHERE.ABRAMLAZTAMNEESFEGREL  AXFIRGORNLATHMNE R,
BT ESNEETHBORNLAZTRAEAMNER, ZEBEGERADESHAARENLRAENAFIEFSRELE . FIRE
HAEG B REN T RGN MBRESZTHRABFERTON, > NBETEMFRANBEFI LS FTHORRF I NETHE
BE M, RE R DRI RERE S FGTANLERIAT R T2 R4 WL R 2B G TMAL, SF 47 M &R 2 A ey
GRS, FRERERA . TREDGME R TN EART 0%, RAUTAMAF ZE L REZZ AT LML R TN AR 692
R.mBAERBATRAMAGLERE AR B E —FALGMAERTEES TN T L,

KR DM MB R T RS T 47 AR E SR AL R T

hEESES TPISI

Chaotic Prediction Model of Network Traffic for Massive Data

XIANG Chang-sheng' and CHEN Zhi-gang®
1 School of Computer and Communication, Hunan Institute of Engineering, Xiangtan, Hunan 411104 ,China

2 School of Computer Science and Engineering,Central South University,Changsha 410000, China

Abstract Aiming at the chaotic and massive characteristics of network traffic,in order to make up for the shortcomings of net-
work traffic prediction model to obtain better network traffic prediction results,a chaotic network traffic prediction model for
massive data is proposed. First,wavelet analysis is used to deal with the original network traffic time series in multi-scale to ob-
tain network traffic components with different characteristics. Then,the chaotic characteristics of network traffic components are
analyzed and reconstructed respectively. The extreme learning machine in machine learning algorithm is used to model and pre-
dict. Finally, wavelet analysis is used to overlay the prediction results of network traffic components to get the original network
traffic data prediction value,and the network traffic prediction simulation experiment is carried out. Experimental results show
that,compared with other network traffic prediction models, the network traffic prediction accuracy of the proposed model is
more than 90% ,and the network traffic prediction results are more stable. It is an effective tool for network traffic modeling and
prediction.
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Fig. 1 Process of optimizing parameters of extreme learning

machine by particle swarm algorithm
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Fig. 2 Flow chart of chaotic network traffic prediction model

for massive data
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Fig. 3 Calculating the maximum Lyapunov exponent with small

amount of data
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Fig. 4 Determination of delay time of network traffic history data
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other extreme learning machines
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