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Abstract; For that the employment of the semi-supervised learning based approach decreases the cost of manually-marking,and the employ-
ment of the incremental learning method gain the learning speed , which avoid the long-time learning when the number of the data is too large.
a semi-supervised incremental learning SVM ( Support Vector Machine) algorithm is proposed. In this algorithm, the initial classifier is ob-
tained by training the pre-labeled samples. Then the new samples are labeled by this classifier. At last, KKT constraint is used for the selec-
tion of the proper samples which are employed for the updating of classifier. The classifier is renewed by new samples in this process. In the
last, this algorithm is applied into the fault diagnosis of the 6135D diesel engine. A performance comparison between the conventional SVM al-

gorithm and semi-supervised incremental learning SVM algorithm are also made. The experiment results demonstrate the effectiveness of the
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algorithm.
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Results comparison

VIR REASE 83 89.50 83 89.50 80 89.50
WA SE 1 73 89.25 39 89.50 41 88.50
A 2 93 90.25 27 91.25 22 89.75
AL 3 95 88.75 24 89.00 21 90. 00
W REALE 4 109 89.75 24 90.25 23 90.00
W REALES 115 90.50 22 91.00 22 89.75
W FEARLE 6 134 89.50 24 89.75 20 89.50
W REARSE T 167 89.75 22 89.50 19 89.75
A REAEE 8 171 90. 00 21 89.50 21 89.50
W REARLE 9 183 90.75 24 88.75 20 89.75
WAEREARZE 10 199 90.75 24 89.75 23 89.50

200
160 |-
£ 0l
=
E L
& 20 —*— SVM
= —— ISVM
- —+— SSISVM
40 |
— ~
O | | | | | | | | |
500 600 700 800 900 1000

YIAGREAA S/

L YNGR E] % ]

Figure 1

HiBE AT, A58 SVM BETE RIS I ZhmE A i 38, 11 2k

R TR]ZE B8 5 1T ISVM. 5303 Al SSISVM. 5332 9 )1 5 10k ] A

e B VI 0 A B3R 1O 388 0 T 3% O, i s T AR E . T HL

SSISVM B3k F Il 2Rt ] /T ISVM 3% S IER] 1A SCHR
PISEEAE YNGR R] AR T2 G300k i DB

H1PE 2 Al X R A I A A 4R, =Rl Rk A8 20 26

5 BEZE AR R AE AT LU SZ B B N o AR TS h 46 R %

HORGE BB A 2 AR 22 bR 0 Y, SSISVM B33 % T+ 501 £

Trainging time comparison

www. globesci. com

B3 ItENEAR

100
= 90 YA =%
:‘t-.*: -
2 —*— SVM
& 80 —%— ISVM

N —+— SSISVM
70 1 1 1 1 1 1
500 600 700 800 900 1000

IGRSEREAAN B/ A
B2 PR R
Figure 2 Test accurary comparison
1 0003 500 LAEA AT UIZRIZ AR BAMN TR RARICFEARY
FBA R FMATHI 23 BRAE, th T DL SSISVM. /] DAY 240F
FARPRICHA

5 HRIE

ARSCHE S T B B 20 SVM B I R R LAk R
TR AR DU R ) Rk i B i H v i e
1185 AL o SR B 55 R B S AL iz v, O
54t SVM Fisg it SVM FE AT X ELSe g . SEgal Rk
Bl B A AT, OF HE 15 i R A RO IR G 4t
SVM B BT A VN 2R A FUe R0 LA S BId ot A Rt 3
SR IR A5l A

S 3Lk

[1] ISERMANN R. Supervision, fault-detection and fault - diagnosis
methods-An introduction[ J ]. Control Engineering Practice, 1997 ,5
(5) :639-652.

(270 SR . FE TR IR 3 A S R 2 W7 sk [T ] #) 5 ok
%,2011,26(1) :1-9.

(3D, RIS AT Rtk , 45 JET° DE-SVM [y 5 pL < T e i2
Wi Be i LT A #2441, 2011 ,32(2) :323-328.

[4] HUANG Jian, HU Xiaoguang, YANG Fan. Support vector machine
with genetic algorithm for machinery fault diagnosis of high voltage
circuit breaker[ J]. Measurement,2011,44(6) :1 018-1 027.

[5TBAE. f WB SR i AL I BIE DT [ D . iR R /R I LA
K2£,2010.

[ 61 FE /Nl FET AU Bt Y SR ) LA JEBE LT L D ] AN - i
VT.K2,2008.

[7 V55088, T4k, FMNE 2. —F svm 22 3 Bk o — ISVM[J]. %K
44,2001 ,12(12) .1 818-1 823.

(8T, X = B0, 4 BH . — R0 G A Sf5 1w S B 32 o) B0k
[J]. &ML TR 55,2008 44 (10) ;142-143 ,187.

[9 JCRISTIANINI N,SHAWE T J. An introduction to support vector ma-
chines and other kernel-based learing methods [ M ]. Cambridge:
Cambridge University Press,2000.

[10] VAPNIK V N. The nature of statistical learning theory [ M |. New
York ; Springer-Verlag, 1995.

[11JPRONOBIS A, LUO J, Caputo B. The more you learn, the less you
store ; Memory-controlled incremental SVM for visual place recogni-
tion[ J]. Image and Vision Computing,2010,28(7) ;1 080-1 097.

[12]SHI Lei,MA Xinming, XI Lei, et al. Rough set and ensemble learn-
ing based semi-supervised algorithm for text classification[ J]. Expert

Systems with Applications,2011,38(5) :6 300-6 306.

55461 7T



