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SVM Ensembles Algorithm Using Negative Correlation Learning

HONG Ming, WANG Hongxiang, LIU Xiaofang, LIU Peizhong

(College of Engineering, Huagiao University, Quanzhou 362021, China)

Abstract; In order to balance the relationship between diversity and accuracy in ensemble learning, and im-
prove the generalization ability of decision classifier, a new support vector machine (SVM) ensemble learning
method based on negative correlation learning and AdaBoost algorithm is proposed. The negative correlation
learning theory is integrated into the training process of AdaBoost-SVM, and the correlation between the base
classifiers is calculated by using the negative correlation learning theory. Furthermore, the weight of the base
classifier is adjusted adaptively according to the correlation value. The simulation results of UCI dataset show
that compared with the traditional negative correlation ensemble learning algorithm and AdaBoost-SVM algo-
rithm, the proposed method can get higher classification accuracy and better generalization ability.
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ing; classifier

S R 2 SRl i K O 2 5 B A 2D Rk SE U AT 5 B A L ) R i PR R e A% i
B2 ) BRI R T TR AR S 2 TR A R AL A AR B AR A A T A G T
HOR R T A ) A AR BEE S ) e A H 3 2, Pl (931 5 M BT B th a2 i s, 22 2 e 2
[R] (1) 2 S P LLARIE . Zhou S5 1ty T e M 2 A ABE 5, S0 Bk — SoHE 2 AN 85 A FHAS K 1 B 3 26
TEATHE BURE A T 4 1RO AdaBoost & —Fi A & B8 B 21 05 12 TSR ST I v N M
YIRS T S (A LA 5 ) — ZR B Bk 2 o] T BV RE 27 > 88 10 2 S Mk 2 0l R AR 4 B 5
B AHJE R AR E (2 2T B N SCAE [l AL (SVMD L AR AdaBoost 1 3k 73 6 45 I, Bk 73 26 45 22 1) il

KRmE: 2016-11-03

BEMEE: MR Q765 3 PRI, 4, BB NG AL 2 S ik AR G W 0F5E. E-mail: pzliu@hqu.
edu. cn.

ELUH: HRAKFELLS T E61203242); AL RN T RHE R0 (20142113, 2014Z103) 5 447 K 2%
W5 AR BRI BE ) 55 & 1F R B8 B I H (1400422003)




%61 BEER . S5 SRS OG2E ST ) SVM 4R A 943

FEAE R MM DG HE R UM Bl G J5 I D SR 43 2R 38 25 5 1 A 00401 T A B2 20 2 1 0 NS R 2
Fh 0 28 8 00 VAR R 2 R e L R0 20 B 0 VA L R L 2 R R L D RO B L R A
EL ] SVM SR RGE 1970 J i AE A 343 88 EE X AdaBoost 553 1 b i B L A SORE 3L f A
KA 2] (NCL) WA R PERE ST T 5 | A SVM I 8 B2 ) 3 72 b DA /oy 86 B0 G 1 RS i B2 ANz AR Re )

1 ffXE3S

SURH &2 T dic LB T 2 2 A B B I IR R R TR 25 -0 2 40 R R AR B RO e kA
— N HE o e g S SCHL IR — AR OGP AR 1 0 DRIE £ R GE Y 2 RE

SN s v ) N ONCL i T ANJEG 88 b, (O MR RS H(o) = %Zh,(.r;) :
t=1
— I ) IR 2E e E SN
Z(h(r)—y) + 2. (D

(D e, B ¢ DNFEE T BRINGRIRZE s p, FAH BT R B N IET I p, BALE S50 M T U R
YRR 22 HIEDI I Z [ E R
B 20 CD R 25 A= 0 B o AR SCHE AR T THUER S 0, B> B3 S R ER 2 A 7 b I 2 s BB A 938 K R
B L S R I R N 9 B 1 e 21 PO N v o LAVARR SR - 0 e e DR =S g I N S
A 73 2525 o0 225 FE R M. Hh K R e 2 67 R DG 1 DT RT AN 2t — 2 2 S R AR K 1 43 25 4
FHORCYERE ST R %R oo

N

b= > (x, )—H(I))Z(h,(x ) — H(x))} =

i=1 k£t

N
E{(h <x>—H<x>><2h (x) —(T—1) X H(x))} =

k#t

E«h,u,) — H) (T X H(x) —h(x) —(T—1) X Hx,)} =
=1

—2<h (x) — H(x )%, (2)

B 20 (2 FT A p, E’Jfﬂmﬁ\p, | BN RIS ¢ A FE e o) dn SRR R 25 SR BN, DT SR o, |
PRCRIPS SN

2 NCAB-SVM Hi%

B2 R GE MR 28 b A ) BRI AR R RN 2R R L AR 22 5 SR ERRME I OC RN
E=E—D. (3)
KOOHEHERRGEIZAIRE E B FH5R 5 D 50 8 Z [ 1 Z FEPE. R L 78
& v B3 S A VR R 1 [) B DR AIE 43 288 45 18] (9 22 FE M B AT UR0/INER LR B8 T2 AR 25 SR T L 2 RE M R
B 1 AR B R — AT D AR, BV T 22 R e 1 [) ) o 1 — M S B UK Al A 3 2 ) 4R 31— A O i 2 4

BAF 2D B 5 I T

P T A B 5 AdaBoost B 52— Fh B SVM 4 B2 2 5Bk (NCAB-SVMD ., i
1 7E AdaBoost Hrg| AR O 27 > 1 45 51 300, B R 2 R B I 2 R R RN E A % L OF € )T RBF #% SVM
(RBFSVM) £ AdaBoost {3432 %% RBFSVM F 3415 C,o BN S8 Hoh, S50 C B s Al &5
%% B RN 2515 22 50 Ry i Wi A% 1971 9. 1 RBESVM (P BB 2 A Al %0 . X F C, RBFSVM 14 fiE 1 %2
HZSE o g, ST — R EBE M C {1, RBESVM e U4 o 1Y 228 1 2028, Y o (B AR KT,
RBFSVM [ 43 FKG B /N T 50 %6524 o (AR /NI, 43 2RO 13 4 o AFUJ& 40 2R 5 5 15 v B 4 OG L AR ME AR
2N 1 B R Rl FE S CO K o0 BB 0. LIRS — RIS TR P fE R RBFSVM 343

http: // www. hdxb. hqu. edu. cn



944 A R e Al CA R B 2R O 2018 4F

%48, NCAB-SVM F i) EZ AR AR

A E R (o) s (s ) s s (2030 1 5

FB1 VR AEIEAE Dy () =1/m JEI py () =1, 8115 0=0., s0 B IH/ME 60 -0 19 HH
Bk o BT E DIV RS =2

SB|2 R AREA YL — 4 RBFSVM, 0/ by WA H(o) =h s

$B 3 do while(6>0mn) 3

B4 R ARG —A RBESVM, 2/ h,;

SBS HENGRE: e = DD, (x)sy # h (x5
i=1
N
SB6 AR o BT p (2D = D) (A (x) — H(x))? s
i=1
$B7 if 1/7712[),(1,) < DIV ||e, > 0.53;6 = ¢ — o, ;continue;
i=1

X DV @D () vy = b ()
TB]S  MIHREMETITH b R e = g o ;
D1p @D (&) sy # ko (x)

i=1

D, (x)exp(—ah, (x)y:) .
Z, ’

FB]Y  HHNE D, R IATE Do (2) =

B0 HOHEMS KM H() = sign D ah, ()
B HOREMARE =+ 1

i

iy

i

W
T

WL PR ke H(x) = signEa,h,(I) .
=1

H1 0 AT A1 NCAB-SVM 555 7 82 i I 2 A7 A3 JORT » 10 AN 2 6 00 J= sl Bk R 347 AR 1 Bag-
ging B Boosting J5 ¥ , {38 i3 £ 4k 0 3 202 B 3l 52 BE 2 R 1 L (H 3X JF A BE DR TE A= B A0 B 7 36 4% 15
AR, $7H B NCAB-SVM 503 5 o B8 B (E A 753X B 3l R A 5 1 AR 22 KR 5 03 26 4 (5 3K
7). TRV Sk H A A [ AR 5GP R 25 152 22 14 73 28 45 T AN R] B BCERL. i i » 4R A 81 ) 2R 5 20 26 40 1 i
B i XA R IR E

NCAB-SVM B35 AE A B8 8 v [l i il FHAR S 4 73 551 00 RURS 3 B2 135070 28 48 O AU, JEp . 2 #2245
T A0 568 5 DLBIMIA 22 REPEFORT B 1L, by 259K 9 mR. 2 IR e AR A R Gt Y 22 S AR /DS BOME B R IR
IR o 2% 45 73 2 A8 WO T BOASCEDREAR /DN 0 4R AR G R M AR D

£i BT . NCAB-SVM BEEHALUT 2 MRl D A RBESVM ARy 3k 73 26 48 i i H i %
SRR — F I TR R B R 0 2648 5 2) SRS T 70 28 4% 22 1) 9 A O 1 A0 ot 4 2R A5 i A 7 5 m
Z AR [R] IN  BE R R 7 245 IO HERR P L e A 4R R T SRR L TR BE.

3 XBWERSHH

T HAE NCAB-SVM Sk i MR8 (i T UCT 806 19 10 BB E AT I 55 % > Oy
% SVM, AdaBoost-SVM"'"*) , Bagging FlIFE T 71 A1 56 2% 2] i # 56 P 504 18 1E 2% 2 (NCCD) B3k ik 17
FeA . MCBSCE 43 BT 23 2600 22 T 2 REVE 25 3 AN B X SC R 38 ik R AT IR IE. X F NCAB-SVM B3k i &
MRS 0N 20360, 0 —20;DIV Jy 0. 8.
3.1 EER WS

BT SO B E R AR RBFSVM 19 S i 58 B o BB B K o, ts. TRt L 38 5 0 o,
O I % 3% AR Y 84 Tonosphere F1 Soybean WA~ B4 42 1 Y1 25K i 5 AR B Go L R E 1 PR, i
Pl 1R s B 36 AU B 38 s I oRG B 2 B v B e RS s MR ARRESE F 20 B LK C &6

http: // www. hdxb. hqu. edu. cn



%61 WG, % SRAIA G2 3 A9 SVM 4R a3 945

FRE. Wik lEm P PR o A 2.

95 —r— 100
90t oslk
= g5t =
] 5
= 807 =
5| 851
70 ! ! ! ) 80 . . . . . )
15 20 25 30 0 5 10 15 20 25 30
n n

(a) Tonosphere ¥ &£ (b) Soybean %\ iz £
BT O [l Bt 4 bk AU S IV RN B A9 56 &R
Fig. 1 Relationship between number of iterations and training accuracy in different data sets
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