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Applications of Support Vector Machines in Classification
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Abstract This paper introduces the theory and training algorithm of the support vector machine which is applied in
nonlinear classification and recognition by the way of bringing in the concept such as structural risk minimization principle
and optimal hyperplane, then a set of nonlinear binary samples are successfully classified by using different kernel

functions, followed by discussion to the results. After that current multi-class classification algorithms and application areas

are reviewed. Finally future developments are prospected.
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Fig.3 Structure of nonlinear support vector machines
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Fig.4 Classification results of overlapping data

1 ARIFOARVETASENILER
Tab.1 Classification results

XFREN BERTH X#mE WidRE
31 £34 ¢ (%)
E2E: P=3,C=Inf 28 3.66
o=1,C=Inf 28 0.04
R %
7=0.5,C=10 21 0.90

HFCHERLEMNEBEZRXNRKS VC 45 (BI#H
B8 ) Z BB ALE , T 24 C BUE S5 (Inf) B, 46 24 L
ZRHETRES. NRPALUESN, MR AEN
CHERT.RRMERBREFETFNSLLERNEE
W, ERE RN SR ERER TR
TR, B EEFARANSEEERBOXEE
MAR, X TS %EET &% Cross-validation J5

w0 2R o
3 EHEEE

B F B 5E 57 P 18 B A (5] B & Ok 2 2K 1), T
BHRTFIEHREI RSN 4R MBERITHEE,
B ot G e 4 5 288 31 16 R A Ak R R — 43 8 4 6 R B
BB BB A RN
3.1 —XNEBEAIHEOBRINAZ

WHET=1{(x,,5,),(x,5%), -, (x,y) 1
Fx,eR",y ef{l,2,,kl,i=1,,n,BEE#HARN
Tk AREE,BUEE y =0 y#i BYIGRREART]
UMBEM=C, =k MIGFET, Si=1, kN
B i ERER (M - 1) KRB HEE T ZRK(8)



E8M

i EE - XBARESILFHNE 1033

B B YEE, o E A SVM ZH 2 BB B3t X
M AYIGEH#ITHES ETUME M A58

Wi B, B ARG AR M AR &
LB RRERE lg(0) MANREE
fg(x) b, i=1, b, UK H TR TR g, (x) &
KB BT X R B 2 B 48 R 1
3.2 —N—BEAIHEABNFZE

Xt F koK BTE y =i My =j B9YI Gk
AMBM=C MIGTET,, di=1, kj=i+
Uye kU E 58 0 2EANSE 2B I 2 B 8 18 VT Il 5
ZEARS, AHMEM SVM ZHEXEEXNX M
MNGEFTES BT LINE M A 588E, 1
i B #4 3) 1) R P 48 SR R R ¥k ( Voting strategy ) , I B
HEM A RKBEXTMEREA x FTHEEFH X
M j R Z DA, IE o, WEERE,HXNER
FIbTx BT i 28, i REHON 1, BN RXWREK
1, BERKNEES x TABERRELZHET,
3.3 DDAG HE XXFHmBIAE

MF—Xt—H ¥k, Plat 5 AR T —FMHFH 2%
I ER . k% T 17 T FF B ( decision directed acyclic
graph, DDAG ), Xt F k 4> 28 |a] f, DDAG B & &
k(k-1)24 4R, MAEN AN —X—2%
BATHEOLRED,5IATER A LIFE
(DAG) W B8, NGBS - —FEEAREMY,
Wt 6t #% R DDAG E#H 715
3.4 KESZHERIEZ

KEXHHMBVIERES-XMNEHFELEMU, EH
RWE NI RAEBERRE, AFRMREIA X
Fem B A 2 $0OR 8 o R A — > Z R R ) R 3K
.

3.5 LS-SVM B AT RHERIAZ

Suykens 1§ — 4328 LSSVM Jr g HE) B T £ 5
[} R, A< BT b 3 2 — YR AL ) Y SR g T R A A B A
LR HL R 1) A8
3.6 ECOCHIBAXRKaBISE

ECOC %45 & i1 Bose #1 Chaudhuri 7 1960 4&
B B —Fp 434 X $ 55, 1963 4R, Duba K H R A
FRAHJISA B A, 1995 4E Dietterich F1 Bakiri ¥
ECOC 5| A B 2R AR BRI,

Wid—E A RE, REH - KT E
ZHAERNE, RO UETHRAEFERESR
(+1),BEBREERBE(-1), HERARLM
W8 15 B L bR 4 2 ) RE K L 3 B, X RE R AT

AR B —RFI PSR AR, B3EPT LA B L D RE
B S, ot o B BRE B X R AL, BT LA KE
B—RE5-RIIKERN LA +1 RE -1 H&RE
XN , #2 BE 28 50 B9 00 /7 8 AT LAAR B — A & 4T L 5
HmBE,

B+l 8HE -1 AR RBERCAM,, K
B,k HRMNELL A EHKEDRE D RFH T
Hmy=+1(-1)0, RRBEAMENFE i XN F
RAERIE (5) BN j oK fo ZHEBTL
BERFRIE f(x) = i (2) /o(x), . fu(2)},
M B, TR EEA x, REEITEE N
KBHBMH MBS RN BKOERS, FHBNK
KBRBEATREIK,

4 ETEHEAENSENEA

4.1 5FBLHEENA

BEE R M DU B IS R R
BE-HINOERERONE, XA BILEE
ENASRPUHRAT —EHNERBE

(1) 5iR M it M £R-& R

RARME SR E BRI T THESR, M A
RESESREFSENTMBEWH, REELT
T 4 A7 B AR T RIF AR

(2) 5/ BB KL A B

BT /NN 3R ) BB 7R 3h Rl AR CR A M T 07
® RN ERERRERESRE, AR ARARRE
PLEEIT A BB TRIWENSERY

(3) SHR R I 426 L

R — 3 £ 07 B AR — X — T 3, B ML
BRTATAR BHFBRETERIFEEIY
SFRER

(4) SHKe £ HIL K 4R-& N A

RAEREHTHREREABNS R I FHE
BB, I AR H K EE X BB TH
MR FFRA—EHAERE™
4.2 NEGE

Bk BEE SRR BIESHTEMRERE,
LREBIEAZAHEBR T ZHEA, HWF
SIS ARASSRN, HENREARK
W e G2, E B AR AT, EE R, BRa
%, ML %,



1034

FEEREEER

10 %

5 XHEOEBIMNEARESR

NEXFFRBEVEE BN FEFERER
BREE, EEAUTIIL T AFEERERR:

(HEHER BNFENMNETHEEN T ®
BB b, g HE S EWE R X EBILE
BHEELFERRENFERNSE, XTXREELH
BWEBWAREZXMAT ISR, Khx#k(24]F
BHEHBITA,

()2 (ZR) EMHR HEox FEXSS
REEEHE L EEA  — X —F % (one-against-
one) ,— Xt £ J5 & (one-against-all ) | B XF 43 25 % (pair
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