Vol.22 No.6

iféiiiﬁ; & L SOFTWARE ENGINEERING o 2019

XEHS: 2096-1472(2019)-06-33-05 DOI:10.19644/j.cnki.issn2096-1472.2019.06.009

EFEFATEBEMEREE RN MEN BRNBLHR

4= R
CARIARLFRTIMEALREZ, & ER 526020)

i E. R RGN CIIE R I M % A RSB AR A, B 5 i BUR AR E R I, 2
H T — AT R AN TR MBI R TR, A A B AR LB AN B R MR T R AR B 28 A RS
AR, B AR B Jy S T RO CIE R B B AR ek %L, Bboh, 456 TR T AN TR IR B
BRBEFNERRMMEE, ERTHATHATYN, FEKDD Cup 99 45 ARG N BE L1 f ESe i 4t Sk m], Mt T
FTFCMAMPSO—F CMIY ARAG IR, DAREET U Hh i) R ARG BA S A A IR

KRR F%Ls, ARG, BT ATER; BB, CHEER

FESHES: TP393.8 MNERIAMG: A

Research on Network Intrusion Detection Model Based on Quantum Artificial
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Abstract:Aiming at the problem that the network intrusion detection model based on traditional fuzzy C-means
clustering has poor classification effect and the local extremum is easy to occur,the paper proposes a semi-supervised fuzzy
kernel clustering algorithm based on quantum artificial fish school optimization.The algorithm uses a small amount of tag
data and a large amount of unknown tag data to generate the classification of network intrusion detection,and constructs a
new objective function of fuzzy C-means clustering algorithm by means of kernel distance.In addition,it is combined with
quantum artificial fish school optimization algorithm to solve the global optimal problem of the fuzzy kernel clustering
algorithm,which is applicable to the parallel execution architecture.The simulation results on the KDD Cup 99 network
intrusion detection data show that the intrusion detection model based on the proposed algorithm has better detection rate
than that based on FCM and PSO-FCM.
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6 Z5it(Conclusion)
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