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Imbalanced fuzzy multiclass support vector machine algorithm
based on class-overlap degree undersampling

WU Yuanyuan, SHEN Liyong
(School of Mathematical Sciences, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract Undersampling is a commonly-used method for data reconstruction. This method is used
to solve the problem of imbalanced data classification. However, the traditional undersampling
method often loses important sample information, and lacks stabilities of experimental results. To
settle these two problems, this paper proposes an imbalanced fuzzy multiclass support vector machine
algorithm based on class-overlap degree undersampling. This algorithm combines LOF local outlier
factor and box-whisker plot to delete noise samples in the training datasets, then extracts support
vectors based on class-overlap degree. Finally, the class-overlap degree of each sample is set as the
membership value of this sample, and the fuzzy multiclass support vector machine is constructed.
Experimental results show that our algorithm overcomes the disadvantages that the support vector
machine with random undersampling often loses the important sample information and the
unstabilities of experimental results. In addition, our algorithm improves the classification accuracy

of support vector machine in imbalanced and noisy datasets.

s WAL A D I) B3 Hr O R ABE(TD20150402 ) ¥ B
+ A E/FE# , E-mail ; lyshen@ ucas. ac. cn



541 S bl , 37 B8 R T R e B R AN A AR 22288 S 1) B AL 537
Keywords support vector machine; fuzzy multiclass support vector machine; noise; imbalanced

datasets; class-overlap degree

SCHF AU — A I 7320575, 18 20
tt£g 90 4EARH I i Cortes Al Vapnik'' 745 112
B REAL LRI o SCRp AR AR R )2
PERETT , BT oA DR SR il /N (i = >) AR
MESFAL G A2 > 7 ik P AR AE W 1) J) L R
TEARZ T3 T, SCf 1) S HLAR B A Hol 5 > 7k A
A ECA B AE R e A AR R R, Bl an s s
0 AT HPHR S SR 5 A5 S R 1)
LA RIS 15 BT A IR A A5, JE IR T B A TAH
(] AR, L LS R v 28 S A Wt AN TR Y
YNZRBEAS KO0 73 28 A9 VR T L2 AN TR B9, s A
W EEYNZRAE A 5 e D Ik, ) B 2445 31 1Y
IR R AE TR A S B IR A SR I o 28 T, i B i
) TG B XX AR B, BF T P RO 52
FEEHLFSVM) 7 AR A IR A X 432
T A, T3 HCAS [ g 080 SR i 32 ( RIVASLAED)
J E 20 T A AR T R Y SR L, 70 P 4 MR AR
ANBY SR FEARL , DL A E AT S 245 R AR, 3
INFL BT BE T

R IRASORN SR ) B AL RAARG T IR 50 7 62
SN ARG P s 1 0 28 AR B PERE , (H X A
ARSI 3 S TR A AR BURR . e AN P A
SCHFI N 73 RBOR A, 2 5 1 4 R Z2 50
DRI Z S, T BUL Ry IR AR
o SRT, AEVFZSE PR R P A T 28028, D
BEEPLHE RS BAETE N B2, Lende By P AR I
LUE S e N PN RIS 35 NN AP R PN
LS I ), )2 S EOARH A E AR R, Wik, A
BRI PPN AR ARA PAR A 45 2R . ik
— [, A A E B AT TR, Hod, R
PE SRR — ol i RS S A 80 3 2 1) L 1 A K
Jridio SR, W B BEAL R RAE T LM TH A S
AIBERLYERTE H 1, 28 5 & i 2R A B &

MR, Hr A e vz

BERS S AL E A Rl 5 L0 Rk
AN BRAR AL 5 S R B v B M 7 S 45
IR, AR S ) — ol Jk T I H B B ORI AN
WM 228 SR AL, Bt LOF Jayiff g
BE AU AR R PR 1 v o DN 2 00 4
KR P AR, SR B SE MRAE R H AR
ST B JBE X 2% B R A RE A S 1) Bl 4R R

B AIBON 73 2 SRR F I SRR ) 2, e R PR
MR AT BB A A5 B O ELRR AR 4 1Y
AT LA, d J R AR SR A REAS s E R Y
K Z A SR m B, A1 O] 22 28 38 ) &
Blo SRz R, IZBIL R e (RIIE R 4 19 7y
G P RIS, Zaelas 47 A ], HO SO iR T ALK
RAE T 45 ) T R R AT BRI R R
E R
1 EFERENANEEEIREESTE

I, SRS K8k 3 2R 19 77 100 L3R
il HEPAZm, FEREnEEEN AR
DL TR SR T EE X DR R U 3,
BN Ok A UG A . BE 2 T
SE A FORAEHOR , FR A 1 I ZRAE 5, M
IR AR A

HRAEROR 295 R 3 RAEHAR TN KR4
ARo i RAEFARTE T — & B I7 ER A EEE R
ARECH , Hb He R B 2 B AL R AR T i
SMOTE 753" o i FHRVEZREA, 3 RBE
AREE Ty i B TCR AR G S . K
SRAFLAK R AL 5 55358 73 22 BOERAEA, (il
2R AR H BIE T BCRHEAH . Iew
R 7 2 WAL R R A K el 9 R R AR D
¥, 10 Kubat F1 Matwin' ™! fy 8501 g6 #5607 45, i 40
RIFISE I 2 4 BRI Fisher 28 1830 515 5
REEBARH T MER T 7387 ZHEEFEAR, v i S 2L
SrSEIEEER B R BRI, DT XS 73 2 45 R 3 i —
E Y5

Bt R HOR B DG AE TR AT 2R
FET5 %, RERE B B B2 b £ B D 5000 4R 1 o3 A 15
B8 B B AR X2 28R SR T R AR
o ARSCER I — P TE E S T 1 JORMEROR,
TIOR3 e e VAR FH 00 S Hp 1), 00 Ml 24
R 15 BRI o3 A, TEORIIE R 1 73 28RS B2 1Y)
BLfils b, v/ R BB AT I ]

2 EFLOF XRMXBEERR
R TR R %

2.1 BiERBE
FESCR AL 02K, FFAE B AT IAEA



538 T ERREBER 4l

035 %

HEAE R AVEH , SZRFm S AL ) 45325
W B AR AR () S Fp Il R g 1 o S HF I
FEREAYNGAEARLE DT 5 B9 LR R /N 7 S8
] AL I Zrad B vp , A6 2% K BB ) R 2Rk
S ) P REAS B R R G IS8k S AT AR
U5 SR ) B ML e 2 2 SRR ) R R Y, FE AR
PEFAL B 3 A2 b, AU ZRAE AR 4 v il B S2 4
] i, MU BRAE SR ) AR AR, X e i B AR AR
AN B2, Q0 1t AT LA MR AR 4 o i) 55 K o
I TCHREAS , AR EREA M Bk 1 TReRm
[, AT 5 8 e 4 1) AN - A EL 8

AT SR AU R B DL s, Ho SR
AR PR B, B A5 2R R B S X,
B R B YRR AR, iR S 1) 12 19 T BB
PR, AR5 38 1 X I R B S A T AL P, R
LOF A 26 ) J5 1k e 2B i 46 rh i e e
ARG TR EE L 1AM, S BEPE ) 2Rk
AT RRAE, B X o3 S P s AR G 32
Ry, SR 53 28 B VR H B9 JE S RF 1) i n i
A, BN B RNIIGEEAR R ESE, ¥
YN GREA AR H 2 5 B B AR BN B I 3 HE B
BCEFRIREAZL, PR S B KRR A A
SEVERB I GREARLE , B2 TR E R 4E, g
VIR & R € N Sy NN WA N = 4 €7 Y1)
ANl He AT BT RAIG o
2.2 EFLOF fif&BENERA %

CRFI R ALLE DI L B v - b A I
GRS BIRARE 5 52 B R REAR I TR (45 53
RERL M2 . TEATHEE 325 h, BARTE
FCHE P PR A o A, X B AR RCRAE RS T
AN E XS o 2R 2 ) AH S 3mSR &
TR T, T LA, 7R XA A P AR
RRFEAL BT, B BN 2 B B e 4 rp 4 e s A
Ao A SR ] LOF Ja 3 B A 10 Fgs
SRS 3 Yy = N

LOF Jy 355 5 1 v, PRl 7 m B e X 4 1) i A
B BAEXTG 1 LOF Jay 38 25 B o F ok, )%
B X G ) B R B B T R MR AR
T B EAR, W LUV B IR AR A Ry 5
EHE A LOF 8RR AR e 0 5 ik, Sl BRIl
ZBHRAE T LOF 1 KAy —2epEAR

AL i H A NS BB R I T
B S H R ACRABXI W A BREAR S . T RBREL
PEAE MRS REAR 255 Ry BB B B A R LOF (1)

R T8 A DI R 500 B 14 ) 0 A o A A
2L, SR P AR A TR 1 e A R Y A
OIFEARSE X AR A R A R o K, R MR A A
AT BEMEAR K

i bR R R T LOF FIFEL Y %
WAL SE IR 1 PR,

*1 ETLOF MFZENEREZE
Table 1 Denoising algorithm based on LOF

and box-whisker plot
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and class-overlap degree undersampling
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Fig.3 Simulation results of imbalanced data preprocessing algorithm
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