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The Semi-Supervised SVM Classification Algorithm Based on Two-Stage Learning

TAO Xinmin , CAO Pandong , SONG Shaoyu , FU Dandan

(College of Information and Communication Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: A semi-supervised support vector machine (semi-supervised SVM) classification algorithm is proposed based
on two-stage learning. A graph-based label propagation algorithm is used to provide initial pseudo labels for the unlabeled
samples. And k-nearest graph is applied to distinguishing and removing the possible noisy samples. Then the denoised
samples are inputted into the support vector machine (SVM) as labeled samples, so that the global information of the whole
samples can be utilized by SVM when it is used in the training to improve the classification accuracy. The experiment
results show that compared with other semi-supervised learning algorithms, the proposed method improves classification

performance and is of higher robustness in the case of fewer labeled training samples.
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Fig.1 The classification interface with 10 (6:4) labeled samples

3 ETAMBEFEIMNEEE SVM 2EE
7% (Semi-supervised SVM classification al-
gorithm based on two-stage learning)

SVM & —NH B 22 ) Bk, W % AR AR

WA RRGE R, R ZE. AT &

SVM 2 g it SVM HE AL e& ok i A Kb

PREASE B, (2 R s imnim AE N pe A 5 1E 2

PEACHE . 11 25 T P 1 o B B ARk LR T AR b IR

ABAT I, FHRIIFEAR (out-of-sample FEA) i

JCVEAT AL BE, AU S5 R 1) 43 2R A Bk = SR Y

Re i, AT o K E S, AR AT Y

BUE IR SVM 73 K EE, a0 R AN

AR AR E D, AR 7 28 0

31 ETERFEEBMIRREREE

BT B o) Sk T D AR TR A e 1S

FIECR I o NG RE, I AR LA ) B2 21 T

Rl TAEE IR, R L% 76, |



134 B RS T DI B 2 1 B SCRF 1 AL R A 9

A2 B B SR T 20 e 1 B o M vk
PRGBS, T e BT B RE AR (R
B, e R A Y ) 2 O LU e s T
LB A B A A S O R e
A LE AR > RAR PEABEATAR I, L s 1 BEAE
AR T RARREA IO . 5 T8I 2% 2 5
VESCHLR L By TR, AR SRR SAAE ok
B Sk BT I R AR B Al T — A SeE
PRURBRE I ELAE I ok 06 200006 A2 2 AN 1O
FECARRFEA R, e TF A ks R 20 Bk
FLSE: AR REALSL LSO, M ES
1B 2 B i S i U PR A A Al 2
e PRI, MR RS b i B v SAT DL A
B IR G 00 JSor MR R B s A A B e A e A
JlAAARIRAE 12,

(1) 58 ATLLEE R

E SCHFEARBR R4S S = {X,Y
(i, y0) b FEHHTT LA CARFEAR BN ZAEA S &
Ls J5 u DARARRFEA R BN LE S U, BAFE
AKx;e X hd 4, y Y IREAR x; ARZEAE. Al
JH 2 WG B 1 ) e 34 R MR S AR DU R R W7,
AL B pR RS VORI bR YU ) R R, ok 7 (i
WIS, R W IR 4 A THIFE, WA 3),
Ferb, Wy, O CARTRFEAS ] (ARLEE, W, b Eb N
FEARFRAR FEA TR FIARLLEE, W, 0 AR bs A
MEARRFEA T AALRE, W, A ARFRPEATA

HILLEE.
W:(lem> 2
Wul Wuu
(2) DOhRE LR
SRR Ty, FRbR BN j 2 i H
B, HLB R Lt (@):
T =P(j— i) = 7 )
IR
k=1

Hor wy RRAHUERE W AR 55 i AMFEARFRIEE j A
IHu
FEATRIRAHALE, Y wiy RoR 3 A REAR A K

K AR R A

2 SUBRAHE ¥ € ROWIV, 30 v fe i)
S, ¥ BT RRE A x BT R R, Kb
VAR T4 2K HUMIHA R 5 4 1 /N, 267 BT
B

AR ANy s AEATAS Y  YT, 47
L Y [ bR, AT (R, HE Y

SRR YA

() ()
T, Tu Y
A R BR VR A TR D b 28 B Ay
Yo=I—=Tuw) 'Tuy, (5)
U T R B0 B O BRBEREAS R T 2R N

Cjy = argmaxy,, (6)
/]

A o AOARBEREAE T B @ A FEAS T 11 2K
Wy, HOIFREEREAT SR § AFEA R T4 j R
K, Hhi=I1+1,0142,---,I+u, j=1,2,---,N.
A SCI 27 S ke HEF TERE AR T Dy b
PURTHI I 2K 5 i 2 frok. B 2 \TLLE
Db iR ot B wT DL AR O, AR IRFEA AR IR L
W 1 T 2 G 30 8 BB 4 0, o B B b U 5

N

1t
0.8 |
0.6 |
0.4+t
0.2}
0t
0.2+
04+
-0.6 +
-0.8 +
1t

-2 -15 -1 =05 0 05 1 15 2
2 BEAR G 7 RS

Fig.2 The classification interface after pseudo labels are set
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Tab.1 The description of the test data sets

FEAE JEE REARS
two-spirals 2 299 2
two-moons 2 200 2
two-circles 2 500 2
two-smiles 2 266 2
two-Gauss P! 400 3

Pendigits 16 7494 10

WDBC 30 569 2

IRIS 4 150 3
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Tab.2 Accuracy comparison of classification when L = 5
Dataset TSLSVM SVM BoostSVM TSVM LapSVM
two-spirals 1.000£0.0 0.5653+0.0347 0.583740.0278 0.5158+0.0665 0.6592+0.094 8
two-moons 1.000+0.0 0.6357+0.0828 0.6857£0.0725 0.7507£0.1154 1.000+0.0
two-circles 1.000£0.0 0.601940.0897 0.7820£ 0.0657 0.7203+0.0880 0.927 1+0.089 3
two-smiles 1.000+0.0 0.7363£0.1664 0.8576£0.1930 0.8446+0.1088 0.9756+0.0489
two-Gauss | 0.9955+0.0242 0.8631+0.0051 0.8812+0.0065 0.7346+0.0486 0.996 6+-0.018 1
Pendigits | 0.9371£0.0909 0.6504£0.0924 0.7805+0.0412 0.8347+0.0945 0.947 3+0.0794
WDBC 0.8125+0.1782 0.6924+0.1472 0.7518+0.1134 0.6928+0.1621 0.7891+0.1204
IRIS 0.7936£0.1157 0.7440+0.1093 0.7780+£0.1213 0.7796+£0.1278 0.7842+0.1089
K3 L=10 M5 FAER A TR
Tab.3  Accuracy comparison of classification when L = 10
Dataset TSLSVM SVM BoostSVM TSVM LapSVM
two-spirals 1.000£0.0 0.6093£0.0477 0.6578£0.0321 0.6025+0.0637 0.7484+0.0820
two-moons 1.000+0.0 0.768 7£0.1082 0.8356+0.1227 0.8420+0.1015 1.000+0.0
two-circles 1.000+0.0 0.6389+£0.0933 0.8910+£0.0453 0.8145+0.0959 0.9854+0.0423
two-smiles 1.000-£0.0 0.9257£0.0827 0.9557+0.076 1 0.8983£0.0885 0.9993+0.0029
two-Gauss | 0.9953+0.0253 0.8654+0.0058 0.8654+0.0058 0.8510+0.1188 0.996 6+0.018 3
Pendigits | 0.9718+£0.0733 0.7313-£0.1083 0.8327+0.1211 0.850740.0854 0.982 0+0.0520
WDBC 0.8851+0.1073 0.8694+0.0469 0.8728+0.0313 0.8815+0.0565 0.8716£0.0962
IRIS 0.9062+0.0730 0.8498+0.0589 0.88114+0.0313 0.8722+0.0569 0.8949+0.0825
K4 L=15 I3 RUER 5 L
Tab.4 Accuracy comparison of classification when L = 15
Dataset TSLSVM SVM BoostSVM TSVM LapSVM
two-spirals 1.000+0.0 0.6814+£0.0425 0.7151+£0.0321 0.6667+0.0534 0.8182+0.0625
two-moons 1.000£0.0 0.8600£0.0829 0.8800£0.0578 0.8787+0.0827 1.000£0.0
two-circles 1.000+0.0 0.7384£0.0872 0.7896+0.0723 0.8774+0.0674 0.994 8+0.0262
two-smiles 1.000+0.0 0.9565+0.0540 0.9665+0.0312 0.8777£0.0798 0.9978+0.012 1
two-Gauss | 0.9955+0.0242 0.868 0+£0.0080 0.9160+0.0120 0.8948+0.0943  0.9955+0.0239
Pendigits | 0.9993+0.0000 0.8540+0.0945 0.9031+0.0165 0.896140.0695 0.999 3+0.000 0
WDBC 0.89754+0.0615 0.8882+0.0393 0.8895+0.0176  0.8963+0.0374  0.8948+0.0750
IRIS 0.9360+0.0509  0.8978+0.0357 0.9091+0.0155 0.88444+0.0612 0.9316+0.0421
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Fig.3 The classification results of outer ring fault samples
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Fig.4 The classification results of inner ring fault samples
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Fig.6 The effects of different k values on our algorithm

5 &5t (Conclusion)
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