BioH BAM it OE BB %

Vol. 39 No. 4
201244 B Computer Science

Apr 2012

ET KHEERMSVM i) P2P HiZiB 3R

MN=R" mEEe JRB
(ZBIBAFHEANLEEEFR  XH 241000
(FEMEMRAFETENNFSHRER ¥ X 210016)°
(ERW A FITENBE AL 8K 210003)°
(EREAFHHNKGFHARAEIRELERE  H ¥ 210093)
(RMIRAFERTRER  HH 241000)°

B E RUEATKHAEARALIBOINAELY PP AFRAIEAE, AREATRAKEAB T, SBREL
PARBE P LABMAEEARE LR BF &S, FVEREFARREMEF SO KA NEAR LS B8
KEBRMESREFE, ARERASAREERE—IGRBENHNEREFENARERL, AL OREEHA
Wk XL HATNRANEA, FHAHNATERFIARERA SVMA DKL LS BITS LM, BibsFftr
FRERIERAT HFREGTHHE,

XREBH AT AHOTNKHME.EXFT

REESHE TP393 XRkERIRES A

Research on P2P Traffic Identification Based on K-means Ensemble and SVM
LIU San-min’? SUN Zhi-xin*%* LIU Yuxia®
(College of Computer and Information, Anhui Polytechnic Untversity, Wuhu 241000, China)?
(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016 ,China)?
(College of Computer, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)3
(State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210093 ,China)*
(College of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China)*5

Abstract A P2P traffic identification model was constructed by the combination of K-means ensemble and support vec-
tor machine, It owns high accuracy, stability and overcomes complexity of cluster model. Firstly, the three base clusterer
was formed by few labeled sample,and then the each cluster’s label was assigned by MAP. The unlabeled sample’s la-
bel is the same with the closest cluster, Identification model based on SVM was built by new sample set. The model

makes the best of ensemble learning’s stability and SYM’ s generalization ability, theoretical analysis and result demon-

strate its feasibility.
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