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Abstract: The traditional one-class support vector machines are sensitive to noise data and not suitable for large-scale
classification. In order to solve the problem,a novel one-class fuzzy support vector machine based on reduced convex hull
called OC-FSVM-RCH is proposed for large-scale noise data classification. According to the reduced convex hull, OC-FS-
VM-RCH obtains the samples representing the geometric characteristics of normal class data in the kernel space. Then OC-
FSVM-RCH improves the fuzzy support vector domain description algorithm,in which normal class data is enclosed in the
smallest hypersphere,and the margin between abnormal class data and hypersphere is maximized. OC-FSVM-RCH can elim-
inate the noise at the edge of normal data contour and is insensitive to the noise inside the normal data. Experimental results
show that the proposed algorithm achieves good results in terms of performance and training time.
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JEEE KBS BUE N A = 10.2,0.4,0.6,0.8,1}. ZHF
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F1 HEENESEE

&S AL HEAEL
Seizure detection ( DET) 3 10000
Forest cover type( FOR) 53 20000
Kdd99 (KDD) 41 310000
Localization ( LOC) 7 164860
Moore-WWW ( MOO) 24 245000
Porker( POR) 10 10810
ncRNA(RNA) 8 486201
Seismic ( SEI) 60 18686

5.2 HESHIERE
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K2 AESEPMVIIBMNE L -2 REEETHE (BA.s) MHUORER (BFSHER

AR 38 A 2R T 28 SR MR A5 21, A /1y
XY HSHP M ASE y AT SCH i 1 ik
OANTFI Y P ALy Bof 25 25000 4 ] 249 1™ 7 ) BB A A A
[], M o T MR AR 20 2 A O T Y SE IR 45 R A% 2
PR, 3R 2 B R AT LA
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S EE R AN [A). 2 rp R dl m R e g R AT T 4
TR TRT 2490 7 (1 RUASE. 3K — &5 SR ] LA B A O A LL Mg A
B RN SRS 25 P Ry B UIAR 5C. X
PR b 3l A8 4 1T 240 ™ e SO O 2% 23 LR 2 e B 2
A, 25 PAEBORI, 7 20D, g 29 FE AL o /)
2y BRI 187 241 58 B 1 09 DXCIUROR, ) 2490 7 9 L
18 F AR IR

(2) A5 Pl g 7 A A 3 5 i AN ) EL 1D o e 7
BT 1 4530 iz A7 B[R] 353 f) 24 0™ 52 14 B 1] i
& PALRSE g, o P SRR, B AP
BEARR Z | A~ o L33 18 2491T 578 1) 3 47 I 1) gl 8
Z , aiidide Bt R 24N s T A L. W
S 5T 2490 58 B I R By (6 A% 98 i 3 m. D
y (EHBORES 751 290™ e MR AR O X 8 2%, Ty {5
B TR 2 T AR AR O X D

(3) 2 1 Pff g 2 e USSR G& A A ], Je 252 1Y) 5%
Horp PEREE R 4 x 107, 5340, N h Bdii ol LA
ISR y B AEHUE L 0. 85,0.9,0. 95 HLAZ fk
I B3 BB AT I AR AR 2 1. [R5 08y AR 58 L |
a1 249 e BB RITZ A I [ 22 18] (4 56 &%, Ji 25 9 52 98 v
M PR 1y (L E R 0. 95, MRS R 2 1)  fH [ e
0.9.
)

Al

$fwdk : DET MR 1 WA 2
p Y 0.85 0.90 0.95 0.85 0.90 0.95
2x10° 0.68(145) 0.70(148) 0.72(155) 0.73(144) 0.77(152) 0.80(160)
4 x10° 0.71(142) 0.77(146) 0.78(151) 0.76(141) 0.80(150) 0.85(163)
6 x10° 0.75(140) 0.85(144) 0.82(150) 0.80(138) 0.90(148) 0.90(155)
Hymdk :FOR MR 1 WA 2
p Y 0.85 0.90 0.95 0.85 0.90 0.95
2x10° 3.36(2768) 3.40(2850) 3.46(2980) 3.39(2846) 3.43(2875) 3.46(2908)
4 x10° 3.58(2476) 3.60(2525) 3.64(2588) 3.53(2675) 3.58(2765) 3.60(2810)
6 x10° 3.76(2137) 3.80(2168) 3.86(2297) 3.70(2557) 3.74(2254) 3.82(2289)
HdidE . KDD LIl =N WA 2
p Y 0.85 0.90 0.95 0.85 0.90 0.95
2x10° 139. 61(6001) 148.33(6045) 159. 46(6100) 138.45(6078) 146. 67(6100) 150.99(6187)
4 x10° 168.20(5832) 185.43(5928) 197. 47(5977) 162.36(5813) 178.49(5903) 194.13(5932)
6 x10° 184. 63(5575) 203. 68(5618) 209.90(5703) 180. 53(5641) 210.50(5622) 218.43(5900)
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el . LOC MR 1 M7 2
P Y 0.85 0.90 0.95 0.85 0. 90 0.95
2 x103 15.14(3167) 15.19(3228) 15.26(3401) 15.06(3172) 15.18(3256) 15.23(3375)
4 %103 15.70(3105) 15.89(3211) 15.97(3269) 15.80(3134) 16.00(3211) 15.85(3304)
6 x 103 16.88(3013) 17.00(3133) 17.28(3178) 16. 67(3075) 16.79(3104) 17.21(3198)
Helin g :MOO WA 1 M 2
P Y 0.85 0.90 0.95 0.85 0.90 0.95
2 x103 176.36(12235) 177.01(12383) 178.00( 12402) 178.04(12278) 179.97(12351) 179.99(12438)
4 %103 178.41(11564) 178.76(11843) 178.99(11907) 178.79(11698) 180.31(11854) 182.65(11896)
6 x103 180.91(11069) 183.45(11000) 187.03(11000) 179.82(11103) 184.76(11007) 189.23(11000)
HOlfi4 - POR M7 gL 1 M 2
P Y 0.85 0.90 0.95 0.85 0.90 0.95
2 x103 0.84(245) 0.87(256) 0.90(260) 0.80(244) 0.83(257) 0.86(268)
4 %103 1.00(227) 1.12(249) 1.17(256) 0.96(236) 1.07(242) 1.08(249)
6 %103 1.16(223) 1.19(230) 1.26(248) 1.04(219) 1.08(237) 1.16(244)
B4 - RNA M7 AL 1 MR 2
p Y 0.85 0.90 0.95 0.85 0.90 0.95
2 %103 139.55(3024) 142.26(3149) 146.67(3212) 137.56(3028) 138.96(3123) 141.45(3205)
4x10° 143.65(2878) 150. 92(2900) 152.50(3044) 141.38(2954) 148.56(2964) 164.34(3021)
6 x 103 145.29(2809) 152. 64 (2866) 156.58(2906) 154.37(2802) 158.59(2877) 165.70(2899)
Kt - SE WAL 1 M 2
p Y 0.85 0.90 0.95 0.85 0.90 0.95
2 %103 1.25(356) 1.30(378) 1.35(388) 1.31(371) 1.33(390) 1.38(400)
4x10° 1.50(332) 1.54(356) 1.59(368) 1.48(347) 1.62(358) 1.66(382)
6 x10° 1.80(315) 1.89(320) 2.00(327) 1.70(312) 1.76(320) 1.89(328)
5.3 ItLbREE FEAA. 302 R 8 BORBOR S J8 B2 T LLE S A S50 Y
AN 4T T OC-FSVM-RCH,, ,OC-FSVM-RCH,, /R A (4 45048 SR Ja 52 R S A o 2R A58 781 14 3 k.

5 FSVDD, FOSVM, FD-SVM-FC F1 CH-FSVM {14 AE Lt
BT E X T EIATERR R B 1 R G-
mean {E 125 35035 (1 I 2R ], S 00 25 5 43 501 141 2 iR 3
FTs.

M 2 LB 45 ST LLE Y, OC-FSVM-RCH,, 1 OC-
FSVM-RCH,, 7E 8 > K AR P B0 48 B IAs 174 A
W B G-mean 25 5. OC-FSVM-RCH,, 7 SEI ¥4 I
i, OC-FSVM-RCH, 7 HE 7 N ElE 5 IS 1 i

FOSVM J&PRGH —2% SVM 73258000, AT Ab 3R 75 5B
fIBE J1, 4 25 8% 5 HH X 3¢ 25, FSVDD, FD-SVM-FC Al
CH-FSVM ¥ J& T8 SVM, fiff FIASOR SR I B2 It 7 A A
AN ASCER , BB 55 T M S R AR X A s i VR . R
3 ANEEY G-mean 25 R HLF OC-FSVM-RCH,, Fl OC-
FSVM-RCH,,,. 3% /& K2« (1) R 29 5¢ R 6% 3 I I 75 BR
B2 BRAEAZ S [ ) 43 A1 5 (2) i FH T 290 5e 48 il
FEAKT 2348 0KG B 42 T+ A/ . W 75 e JLART 43 A

100
ElrsvDD

95 - IlFOSVM

o0 | EEJFD-SVM-FC

[ ICH-FSVM

35 - llOC-FSVM-RCH,,

| B OC-FSVM-RCH,,,

80

75

G-means(%)

70
65

60

55

DET FOR KDD LOC
Datasets

MOO POR RNA SEI

E2 AR RSO T 1 G-meanfi L (%)
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Ao 2 A O A FEREAS 30 2% @ 43 A AEREA B N
P IX 3. OC-FSVM-RCH,, fil OC-FSVM-RCH, 57 i
T 2 ST BRAEAS T 25 i) MR 75 0l , [R] I 4k 7K T FSVM
Y PLFA, A X W P T3 58 /0 ) AR S s 8 T ) 5 G
432 4E 5 (3) OC-FSVM-RCH,, fl OC-FSVM-RCH, %
L UGHE FSVDD #EAY K TE A 1 7 24 1 e AR 2D
) 5 R AR e ) 2 5 B BOM) i Bk 3 R AL g A g o
SEPEIE R B 5 5 R RO 22 1] 1 R) B R R Ak TR
OC-FSVM-RCH,, il OC-FSVM-RCH, #¥kLt 4 Fpxf L&
BN .

MR 3 g 45 LA LLE i, OC-FSVM-RCH,, FlI
OC-FSVM-RCH, iy Il 25 B[] B & F & 5 k.
4 OC-FSVM-RCH,, fl OC-FSVM-RCH,_ % ¥ {2 155 #]
S JE R HOAS [, PR O T 5 I 5 i [R] AH . FSVDD
SR AE T A BE 4R B I gt [a] 2 K i FOSVM
TE R KA — 28 73 28 0] J b o A B AT {4+, CH-FSVM
REREE L BB 3 B Be 5 AR SCRT S S VE A I

P L ok A 4 3k 14 1 5 B ) 2 A LAY . FD-SVM-FC
6 FH 38 28 T SR A 1) Jr 32 % T 28 i N R AR itk AT
i , e LY G oy 23 25 10 550HE /N T D 4k B ) RS
It CH-FSVM ,FD-SVM-FC ,OC-FSVM-RCH, FI OC-
FSVM-RCH_ Y6832 FH T RIS I 75 30 8% 1) — 2 4k
5 4324 [n)

HR, L Se X b T A SR A R R 2
LR 1 G-mean B AT 5 B[], 5256 285 2 43 51 181 3 A0
F 4 R, MR 2 e R TR RS 1, H A
K3 Sean 2 JnT LUA Y, Bl & MR 75 5 B A 2 =, OC-
FSVM-RCH, il OC-FSVM-RCH,_ Y G-mean ff T [ 15
&=, OC-FSVM-RCH,,, i G-mean {H & 5 T OC-FS-
VM-RCH, . FOSVM f#j G-mean i F &%, AN
FOSVM i I 7 AR 0%, R 1) J2 B0 00 L o A i M s
Xof 43 2 45 T {5 W 45 . FSVDD  FD-SVM-FC il CH-
FSVM 5 o 508 S8 J& B 3 A A A 5] 1 AL TR, X Mg
AR B AN R

£33 BREZERSEX 1ER TG BREZR S (BA:s)

FSVDD FD-SVM-FC FOSVM CH-FSVM OC-FSVM-RCH,,, ~ OC-FSVM-RCH,,,
DET 12.80 £0. 19 2.27+0.16 1.96 +0.05 1.08 £0.05 1.04 +0.03 1.05+0.02
FOR 50.15 £0. 64 18.36 £0. 17 10.52 £0.07 6.64 +0.07 5.72 +0.05 5.75+0.04
KDD 2078.36 £2.36 276.32 +1.97 294.17 +1.13 236.54 £0.70 232.17 £0.80 229.32 +0.72
LOC 1007.27 £5.69 118.30 +1.35 89.05 +0.67 20.32+0.49 20.32 +£0.47 20.39 £0.78
MOO 1270.34 £4.45 540.15 £2.09 570.71 £2.11 254.54 +1.89 238.25 +1.38 236.72 +1.37
POR 36.97 £0.43 2.67 £0.08 3.54 +0.06 2.14 £0.08 1.89 +0.05 1.93 £0.06
RNA 2008. 18 +5.44 210.58 +2.05 288.09 =1. 16 204.11 +0.69 192.35 +0.46 194.18 £0.49
SEI 27.71 £0.39 9.69 +0.09 8.59 £0.09 2.22£0.07 2.02 +0.06 2.04 +0.05
100
Il ESVDD
95" ElFosvM
90| EJFD-SVM-FC
[ICH-FSVM
__ 8STEEIOC-FSVM-RCH,,
< g0 EMOC-FSVM-RCH,,,
=}
E 75
© 70
65
60
53 DET FOR KDD LOC MOO  POR RNA SEI

Datasets

3 AR A2 0L T 1) G-meanfi LLEL (%)

2 4 SR LR A A B U SR ] 5 o 3
B8 SRR, 15 7 ) 8 7 T 0k 1 9 R ) 2
B 0, L 2 U 7 0725 A1 5 9 ] S R

K. 6 > I # % v H OC-FSVM-RCH,, #I OC-FSVM-
RCH,, W 2R I 18] 2 30T, #R AL 75 4 B HE 580k . FS-
VDD [A] Sy i 17 53 2% B e DI R ) de <
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FOR 52.34 £0.30 18.46 £0.27 10.90 £0.07 5.90 +0.08 5.81+0.07 5.80 +0.08
KDD 1950.79 +2.45 279.62 +1.60 285.41 +1.48 245.24 +0.25 232.25+0.54 233.01 +0.24
LOC 1018.65 +4.67 117.98 £1.51 87.01 £0.66 20.39 +0.53 20.71 £0.48 20.68 +0.49
MOO 1259.29 £4.51 546.46 +2.45 550.23 +2.37 245.71 +1.69 240.22 +1.37 239.12 +1.32
POR 38.25+£0.76 3.01 £0.17 3.64 +0.07 1.74 £0.05 1.82 +0.04 1.80 +0.03
RNA 2077.49 +6.04 204.28 +0.80 303.11 £1.40 206.27 +0.75 198.99 £0.72 201.43 +0.70
SEI 28.89 £0.51 9.91 +0.08 8.28 +0.07 2.32+0.09 2.10 £0.08 2.11 £0.07
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