9 —CIMS Vol.9 Yecid Magazine
2003 12 Computer Integrated Manufacturing Systems Dec. 2003

:1006 - 5911(2003) 0 - 0144 - 05

1 2
(1. , 361005 ;
2. , 310037)
Top - Hat
:TP181 A
0
V. Vapnik (Satis ,
ticsLearning Theory ,<9. T) , ,
[1 3]
IS_ T t
(Empirica Risk Minimization,
ERM) (Structure Risk Mini-
mization ,SRM) , )
N (Support Vector Machines, , ,
SYM) SVM , ) )
SRM
SVM T , )
SVM SVM KKT
SVM
(K01001)
(1964- ) ,

E- mal :whzeng @xmu. edu. cn



, SVM
1 SVM
1.1
, { Xi,vi},
I, X Rn,yi {il} .
wX+ b=20

f(x) = sgn(wX + b)

(a1 .

|
min‘Jz‘| w2+ CiZEi
s.t. yi(WXi+b) Zl‘zi

Xi Rn,yi {il},izl, ,|

maxi_IZO(i - ivlziyiygajxixj

s.t. 0<a;<C
|
iy =0,i =1,

a L agrange
a, SVM

f(x) = Sgn(bZGiyi(X- Xi) + b)

(kernel function) ,

maXiIZO(i - Jz‘ivlziyiygolj K(Xi, X))

f(X) = Sgn(_Z(XiyiK(Xi,X) + b)

D K()
1.2 KKT
a=[0;0, 0],
X KKT 51

(OfF :0:>yif(Xi) >1
0<a; < C:ylf(X,) =1

i=1,

(1)

(2)

(3

(4)

()

(6)

(7)

(8)
(9)

a; = C=yf(X) <1
a
f(X) =h, f(X) =0
f(X)==1
1 SVM
a  Lagrange a=0
0<a <C
a=c (5]
O, =0=] f(X) |21
0<d; < C=>| f(X)]| =1
a; = C=>] f(Xp) | <1
1.3

?
2 f(X) SVM
KKT
; KKT
KKT

(1) :
, 0<yif (X)) <1;
2 :
: - 1<yif (Xi) <0;
(3 :
, yif (X)) <-1
1, Cy=+1;
y=-1;A1,A2 A3
2 ;
, KKT
KKT
KKT ,

(11)
(12)
(13)

4 Xi, i}



146

—CIMS 9

=01 (x) =

1 BiMkER SKKTRUMXER

KKT KKT
3 KKT )
(5]
3 2
S1 S5 ,Al A3
, 2
S1,A3 N1
2, 3 ,
2 S1 S5 ,Al A3
S1, A3

N1

1.4

N1

T =LA 0 —

B2 P A G 0 B T B R A I AL

SVM '
SVM KKT ,

KKT

’ ’ S\/M,
KKT
. , SVM
SVM
SVM  KKT ,
, KKT
’ S\/My
KKT SVM
fOX),yi {1} , KKT
yif (X)) <1
b
Xo SVM
Q% x3¥ QP ' X
b :
(1) Xi Q%  KKT
QO
1 ,X| XY Xl
XY Q%  KKT XF
Q%  KKT
2 X SVM Q' xY
QI
(3) Xo Q'  KKT
QI
, Xo Xg X3 XS
Q' KKT X5 Q'
KKT
(4) Xy XY xyxg Yxy, Xu
SVM Q , Xu = X5
Y XP
2
2.1
BMP , ,

256 x 256 256



147

2.2

a ¥% b E8
Bls FERIFHEMGE RILKBME

o EDg PR TR WM 2.3

b - #5503 gy e 0 R P
P PR F AL o A

(2)

Top - Hat ’ '
Top - Hat , ' '
Top - Hat , ' '
.4 ’
ST

.
/'t"
.~ = S~
el -

a FUSNE b RS 3 SVM
B4 BEARBHR
Top - Hat ,

2

© 1994-2010 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



148

—CIMS 9

(1)

(2)

(3)

(4)

(5)

guaranteed.

, SVM ML P
[1]

[3]

[4]

, [5]

(6]

KKT ,

RATSABY J. Incrementd learning with sample queries[J]. |EEE
Transactions on Pattern Anayds and Machine Intdligence,1998 ,
20(8) :883 - 888.
WANG E H C,KUH A. A smart dgorithm for incrementd learn-
ing[J]. Internationa Joint Conference on Neura Networks,1992 ,
3:121- 126.
VAPNIK V. The nature of satisticad learning theory[ M]. New
York : Springer - Verlag ,1995.
CHRISTOPHER J BURGES C. A tutorid on support vector ma
chinesfor pattern recognition[ M ] . Boston : Kluwer Academic Pub-
lishers,1998.
ZHOU Weida,et d. An andyds of SVMs generdization perfor-
mance[J]. Acta Hectronica Snca,2001,29 (5) :590 - 594 (in
Chiness) . [ . [J31.

,2001 ,29(5) :590 - 594. ]
CHANG Chihchung,L IN Chihjen. LIBSVM: alibrary for sup-
port vector machines[ DB/ OL ]. http://citeseer. nj. nec. com/
chang01libsvm. html ,2001 - 09 - 07.

An Incremental Learning Algorithm for Support Vector Machine and its Application
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Abstract :In this paper we present a learning agorithm for incrementa support vector machine (SVM). We
anays s the possble changesof support vector set ater new samples are added to training set. Based on the anal-
ydsresult , an algorithm is presented. This agorithm is applied for the image recognition of two ecia animal
fibers. With the algorithm, the useless sample is discarded and knowledge is accumulated. The experiment re-
sult shows that this algorithm is more effective than the traditional SV M while the clasdfication precisonisa
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