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AN’-SVM DR 98.23% 94.73% 97.48% 98.31% 96.82%
FPR 1.225% 4.48% 3.67% 1.71% 3.11%
BVA-IDS DR 9839% 95.51% 97.60% 98.57% 97.51%

FPR 1.09% 3.71% 3.57% 1.46% 2.93%

& 3 MR 4 v, fEREmillRgd,
BVA-IDS A=A AU R4S < 55 T Crisp Data
Mining ¥4l Fuzzy Data Mining #5574 7E 15 H 46
MRS, Mg T HA AR JF A
BVA-IDS A A2 AGr A5 714 (10 5% o 2 Rt o = 2441
T W& I E HAIE I BVA-IDS AfR
o 0B Y AT v A U R I ) R A

HHEE 5 WA, AERAR IR R 48, BVA-IDS
AT AR URSE 28 PR G N 22 A AN [R) Al R RS 38— 5
PR EART ANP-SVM AL, HAT ARG DR

TEANFIRBIE 24T, 193] BVA-IDS 24!,
Crisp Data Mining #: %4 fl Fuzzy Data Mining 1574
IF AR 2R (receiver operating characteris-
tic, ROC), W5 PR,
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BVA-IDS Fif. f% )5, wbxf e SEg i ir 7
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