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F SVDD i1k 2 ZREAS 51 ABER s BT AR A
J&FNMER EBIE S Bagging 52 U, A R 32
7 SVDD 532 EiE.

SURCES R R (e S D - 1€
(MR, Hao Peiyi 451 5] ABORI IS, 42—
FVRSRH BRAE 25 1 22 26 S8 ) L, A8 TR A s ) —
L e/ VR ERIE A A3 S A0 B 2 JEREA IR R 2 2K ()
B KA ARG 4512 7 8 TSR 43 A B R 1) Bty
KT b BRI R I L R R Bl &
D72V S AR ) B AL o3 2 A R B B A e A
A SRR ML E R 22 A R PR RE A BR A 10 R, $2
HH T AR 43 A R OE B A e P 2R A SR 1)
AL, AR SRR o A R A X 2 S 15
2. R. B. Khanjani 55" 7E C EIFEAR 53 A (115 10
Tal ANLES 25 4% m & Ml ( chance-constrained
support vector machine, CCSVM) , F F H| %2 1o I A
A9, T. Bahraini 251 F) FH 5 5515 404 4 G 1)
FEER IR, B2t — b TR A R RO S
i #& #L (fuzzy support vector machine based on prior
knowledge related to error distribution, PKED-FSVM).

WA ASER S AR 1] B HILAH DG AT 58 o A — 2L F
J e T A5 SRy T M R R Ry B SR Y
M, 45 HH Tl IAT 1] R AR P A B B A%
SCRF )AL 5 A5 R — Ty T PR AR AR AR B JL AT B
37 T s A TLAn] 2 S5 BT 32 F) M 7 a5 ] I
AR T AERRHEAZ b, P P ) SRR BRI A A5 A
X RGR 2R A S A 1] B LR A AT SR BURK R S i 5
DA BN BEAT RIIX 53 S A 1) 8 AR (L S8 [P R, 482
T IR A R OB 2 A S ) R AL 5 IR ST B
ROTBRTE T B btk (9 & 240 SR B R A5ORn 56 T2
PR T ) SR S R RS S M T — AR
SR J PR B /I S B R R IR R R S 1T I
SRR R R A Z W T REA Y EAR O A R TR AR
FEHEEE BRI Do B (8], $2 T — T A
PRI S BB S35 1] S LT 7.

T PR ST SE A b, 52 WER ROV I K, 12 Sk
FICHR 19 ] B2 Rl R A% R8N A 73 A1 4R E Y
e RE] P27 > HL ( maximum margin learning machine
based on magnetic pole effect and data distribution
characteristics, MMLM ) .72 #5878 2% 38U 0L RE A %00,
A3 14 73S - T P B — 28 AT BT, T g 5 —

FIL AT, R 2 ZERR . 5 SR 19 ] AH I,
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RIRY 43S PERE.

KT FRITE A S PL T E x, (i=1,2, -+,
N) FIRFEAR N TR Ko x,(i=1,2, -,
m, ) R 1 AR vy = L, (i=m +1, -,
N)FoReR 2 28 HIGIhR% v, =~ 1.
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1.2 ZHEEN

SRR AL %) B A JELAEL I KR T 4 XU B
AR FEREAR 23 R 3R B 1 A0 S8 P, B 2
KRB K. & y = Wx+b R4 IS8 1
rRIERRFRAR N 2/ || W, SCRp 1) i ML A A )
TN

min | W */2+C 36,

sy (Wx, +b) =1-¢,6£,=0,i=1,2,--- N,
Hrp w R m i, ¢ BT 5 L€,
SRl R HORIE A A — A
1.3 ZMEHIBISH

28 1k ) 5 4> #7 ( linear discriminant analysis,
LDA) 51 A2 P &5 1R R 28 [) 2 0 B 1 ME &, 7E
Fisher WAL EEE 7 U0 b0 T 2 2[R 8, 2
KB E T

KN R

SW= i 2 (xij - Ei)(xg,' - ';i )T/N,
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Hh x RoRFTA A A,

LDA B 7 ] Wi 2 R SRR A BE B S
AJREIT , T SR AR IR B X ] BEAC. 7F Fisher ¥E | &
it b S R Ak )

J(W,,)= mvax( W'S, W)/ (W'S,W).

IR ) R SR A T AL SR SR AR S Sy W=

AW FFAE ] 5 2H R L W

2 HEKERFEIY(MMLM)

2.1 fRiiE

HRE AR A58, AT A, — AR AR A2 B N B 51, ol
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AR [6] R R B — A WG K 2 REEA IR IT,
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A RERY X I — AT, W 2 35 s I nl fig
Mz < R B A MMM #4) 15 F) 43 2888 - 1hi. 3
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Wmi?bWT(SW_SB) W/2-vp+ Zf;si/(yl’m) +
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2 'fjsj/(Vzmz) ’ (1)

stWix+b<é | 1<i<m,, (2)
W'x+b=p-£ ,m +1<j<N, (3)
£=0,p=0,0<s<1.
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(3) RIS FEREAAE “ WEAR” (RO 7p 2858 F- 1) A H]
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AT BN REART W) 2 B 2 1A B B I 5 5 (3) &
NG B AR R B REAS 52 3 AR HEFR i 2
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ARl X X
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Hr o, AHitg I HFET H o, =0.
iE ARPERIAS BA B e B, SRR ] R
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2.3 RREEL

FIWT— N FRFIFEAS x (28 )8, 75 2008 it
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24 EHiEfk

MMLM (5L R T.

B INRFEALE X,

g o AEMNAREA AR X, TR T TR 25001

TR KRR E D INGEA L X,
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3.1 EWig

SEE R H R 5 AL G SR m = AL SVM LA

Fe 4 9 7 s I, W APG _ SVM'® | SCH-
SVM'" ZJZ B HIHL ( Multilayer Perceptron, MLP) |

SCHKL 19 ] Irf@ i iy | LS AIE A $2 75 12 MMLM f45 2%
PE. APG_SVM R & &0 1 iy JEAE UKL B2 1T B8, 1l
1T A AL B AT R b 4 R Y o 2R A B AT
SVM lIZk.SCH-SVM Z e AL A% 25 1] JLAn] 42 5T 4
b B R  FEAT B I ZRAE A 1 [R] B RE RS PR 15
B 3 SR E MLP d i A JZ BEORUZ it = 41
T, S P 3 A R A B S5 O R R
ReLU( - ).SZE3R55 K 2.90 GHz Pentium CPU,2 G
RAM, Redhat Enterprise Linux Server 6.0 M matlab
2013a.36 BUAE UCT JF 5 24 £ P AY liver | breast |
glass  balance-scale . monks  heart 545 54 hy 5256 4%
B LR SR A 2k 1 PR, o SR 40% . 60%
80% 1452 55 45 4R A N ke A, HoAR &8 43 HIAE
s

A e o F1k S -

LB FEAR AL - - S
liver 345 145 200 6
breast 569 212 357 30
glass 146 70 76 9

balance-scale 576 288 288 4
monks 432 216 216 6
heart 267 212 55 44

T S 50 v e T B 2 ok ARV S SR SR i B PR R

HoE L .
s(x)=1-[lx,~x || /R,

Hr x FoRZEbul R FoRJekEH. R=max [ x,~x | .

FUFH 10 H7 58 S UE T 18 28 0 A o2 S 40
T SE I MMLM FISCHR[ 19 ] BRER R 1) 244
v ZERIHS 1 1,5,10,15,20,25,30 ] 8% v, v, 4503
TEM#% 10.001,0.010,0,050,0.100,0.500 | H138 %,
£ SVM TS5 C #E 4% 10.01,0.05,0.10,0. 50,
1.00,5.00,10. 00| FFHHE; 7E APG_SVM 1 IS %L
CTERIA% {1,5,10,50,100,500,1 000,5 000 | H1{%
R PSS p, TEMH%10.1,0.2,0.3,0.4,0.5} Hi
F;7E SCH-SVM H 43 S50 P ALV 43 B HE A%
110*,5x10*,10° | A1{10°,2x10*,3x10°,4%x10*,5x
10° | R LS HINALK 2, L5 RIC R TF
3~ 5, HhRNEE R /3 K EE .
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£2 TREH

SR SVM APG_SVM SCH-SVM SCHRL 19 ] B MMLM
liver C=0.01 €C=1000,p,=0.2 p=1x10*,V=2x10° »=5,r,=0.10,»,=0.001 »=5,r,=0.10,»,=0.01
breast C=0.10 C=1000,p,=0.3 P=1><104, V=3%x10> v»=5,r,=0.01,r,=0.010 v=5,r,=0.01,r,=0.01
glass C=0.05 €=500,p,=0.1 P=1x10°,V=1x10* »=15,r,=0.05,,=0.010 »=20,r,=0.10,7,=0.01

balance-scale C=0.50 C=500,p“ =0.2 P:S)(lo4 ’Vz 2)(103 V= 10,1!] =0.10,V2 =0.500 V=5,V] =0.01 WV, =0.10
monks €=5.00 C=1000,p,=0.2 P=5x10°,V=4x10’ »=5,»,=0.05,1,=0.010 »=1,»,=0.01,»,=0.01

heart C=1.00 €C=1000,p,=0.1 p=1x10*,V=1x10° »=1,r,=0.50,»,=0.500 »=1,r,=0.10,r,=0.10

£33 WRNEHESHLEER

SIS RS SVM SCH-SVM APG_SVM  SCHA[19]#5i%! MLP MMLM
liver 0.608 7 0.715 0 0.768 1 0.758 5 0.584 5 0.801 9
breast 0.756 6 0.806 5 0.852 9 0.862 2 0.700 9 0.879 8
glass 0.715 9 0.784 1 0.806 8 0.818 2 0.724 1 0.852 3

balance-scale 0.780 3 0.861 3 0.878 6 0.878 6 0.780 3 0.890 2
monks 0.602 3 0.664 1 0.664 1 0.683 4 0.598 5 0.702 7
heart 0.687 5 0.768 8 0.787 5 0.818 8 0.700 0 0.837 5

- Rk 0.691 9 0.766 6 0.793 0 0.803 3 0.681 4 0.827 4

x4 60%YGEHAMNLIWER

SRR SVM SCH-SVM APG_SVM  SCHK[ 19] 45 MLP MMLM
liver 0.681 6 0.768 1 0.811 6 0.787 8 0.644 9 0.862 3
breast 0.828 9 0.894 7 0.934 2 0.933 9 0.801 8 0.916 7
glass 0.775 9 0.844 8 0.879 3 0.879 3 0.793 1 0.896 6

balance-scale 0.839 1 0.917 4 0.947 8 0.947 8 0.813 0 0.947 8
monks 0.659 0 0.739 9 0.728 3 0.739 9 0.659 0 0.774 6
heart 0.738 3 0.803 7 0.831 8 0.850 5 0.717 0 0.878 7

S A 0.753 8 0.828 1 0.855 5 0.856 5 0.737 8 0.879 5

RS S0%IIGHAMIEER

SRR AR SVM SCH-SVM APG_SVM  3CHR[19]#57 MLP MMLM
liver 0.710 1 0.782 6 0.833 3 0.822'5 0.710 1 0.840 6

breast 0.841 8 0.909 9 0.947 3 0.951 6 0.805 3 0.960 4

glass 0.794 8 0.871 8 0.888 9 0.906 0 0.827 6 0.923 1
balance-scale 0.846 0 0.930 6 0.958 8 0.961 0 0.834 8 0.974 0
monks 0.699 4 0.760 1 0.760 1 0.783 2 0.709 3 0.823 7

heart 0.752 3 0.836 4 0.859 8 0.873 8 0.735 8 0.897 2

- A4 0.774 1 0.848 6 0.874 7 0.883 0 0.770 5 0.903 2

32 WA B WA VIR BB K, P20 i Bt T

3 3 5 L e B g TS SRRV VIR A A T R
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FROIEAR S, 5 2 2] B R R P VN R e A | R g T
U 3th S BRREAS (R TR A6 R AE , A7 B T 2 R A R A 43 2
K RE AL 2 R E A R R 4 R SEae g SR 3
— S RYRLEEE  LAANEE 4 FTR IGSE B0 2 S i), Hpdk
MR L BR breast (445D, MMLM 7E liver ,glass |
balance-scale .monks  heart ZF 50355 ¥ B A &
) 2RHE B AE liver UG 4E |, MMLM 73 28 P fiE i
5, APG_SVM X Z , MLP #5 2% ; MMLM 432585 B 4
L SVM SCH-SVM ,APG_SVM MLP SCHk[ 19 ] 4%
R 3205 ¥R 0.180 7.,0.094 2.0.050 7.0.217 4,
0.074 5.7F glass #¥64E L, MMLM 4328 g i,
APG_SVM FISCHR[ 19 BRI 2, MLP #5% 2% ; MMLM
Ay 205 B 43 ] e SVM  SCH-SVM . APG_SVM MLP
SCHRT 19 B 43 2K B 5 0.120 7.,0. 051 8.,0.017
3.0.103 5.0.017 3.7F heart 54 =, MMLM 4324
REIR DL, SCHR[ 19 BRI 2, MLP fiz 22 ; MMLM 732§
K524 W SVM SCH-SVM . APG_SVM  MLP _ (it
[ 19 ) BEHY () 43 2KE BE 155 0.140 4.0. 075 0.,0.046 9 0.
161 7.0.028 2.7E balance-scale Z{#E 4 I, MMLM ,
APG_SVM SCHK[ 19 ] #5432 B H41 e e, 14 31 0.
947 8, MLP 5 22 ; ‘EAITHY 73 24 i 43 ) L SVM |
SCH-SVM MLP 143 250K £ /& 0. 108 7.,0.030 4 0.
134 8.7F monks FUHE4E [, MMLM 2 J: R B It , 5C
B[ 19]#ERIYK 2 ,SVM Hil MLP 1% 2% ; MMLM 432645
JE 53 9 Hb SVM, SCH-SVM | APG _SVM . MLP | 3C ik
[ 19 BRI 43SORE 15 0. 115 6,0.034 7.,0.046 3 .,0.
115 6.0.034 7.7F breast #(#f5 4 I, APG_SVM 432
PERERAL, SCHR[ 19 ] BRI 2, MLP f 2% ; MMLM 43
JERGRE L APG_SVM FISCHK[ 19 ] BEAY 1 43 280G B 4
K 0.017 5.0.017 2. )\ EAE EER  MMLM f4 -1
IyEVERE R AL, 5 F 0.879 5, 42 B e SVM | SCH-
SVM APG_SVM  SCHK[ 19 ] #550 MLP {43 2K i
55 0.125 7.0.051 4.0.024 0.,0.023 0.0.141 7.MMLM
FERTRBARAR 1 US T e o etbng, R 2
JRH 5 SVM F1 APG_SVM A ., MMLM 5| A T
BRI S pR A, o Ry SRR AR TR S R A R R
TEAS[RVREAS KT 43 25 25 S 1 5 o, DT ELAT SR AR 19 43
Z5MERE. MMLM | SCHK[ 19 ] #27  SCH-SVM  MLP £
Gy PRI 15 25 AN TR AR AR Xof 43 2 25 R s i), A
530k [ 19 ] #5# SCH-SVM  MLP A [, MMLM 5|

NZETH] Y TRBE A2 A T R SR AR I R AR 114 73
AR, XA E—E R LR T 2R

4 BL
B RINEAET R P R Z A, HEH
TIIEAEAE Z W B B A VAR, B 5 B A R R

ARSI REE R TR KT I, SRR BON IR K, $2
HH ol 7 850 ) il 5 S 2550 L RS o A R A £ e
RIAIRG 7 I B AR AT v | MR 0 531 2 B v
(24 PR RE R I ] g B0 A R AE 0l 1) 20 A 1
AR, P PSS RY S5 i J8E o R AE A [R]BE AR Xof 73 26 45 2R 19
SO AE UCT ARiERdiedie LAY LB s ge 2 W, BT P A
BUAE 53 NG BE T T A — B U SR 2R 2
BEES, — A EA R S Mok 5Ok i — A0
BT R B T — 2 TAE.
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The Maximum Margin Learning Machine Based on Magnetic Pole Effect and

Data Distribution Characteristics

LIU Zhongbao'**, ZHANG Xingqgin', WANG Wenli'

(1.School of Information Engineering,Shandong Vocational and Technical University of International Studies,Rizhao Shandong
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3.School of software , Quanzhou University of Information Engineering, Quanzhou Fujian 362000, China)

Abstract; The geometric boundary based classification method is one of typical classification methods. The existed

methods often neglect the data distribution and influence of different samples to the classification result, therefore,

their classification accuracies can’t be greatly improved.In view of this, inspired by magnetic pole effect theory,a

novel classification method named maximum margin learning machine based on magnetic pole effect and data distri-

bution characteristics (MMLM) is proposed in this paper.In this model,the hyperplane is close to one class and far

away from another.The within-class scatter and between-class scatter is introduced to describe the data distribution

characteristics. Meanwhile , the fuzzy membership function is used to reflect the importance of different samples.The

comparative experiments on the UCI standard datasets verify the effectiveness of the proposed method.

Key words : classification ;magnetic pole effect;data distribution ;within-class scatter; between-class scatter
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