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Multi-class classification method based on support vector regression machine

with composite kernel function
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Abstract: Aiming at the problem that there is inseparable region and more than one traditional
Support Vector Machine(SVM) classifiers need to be trained in the multi-class classification problem, the
support vector regression machine based multi-class classification method is researched. This method
utilizes regression theory to solve multi-class classification problems, in which the classification samples
are served as regression input, and their class labels are served as regression output, then the relationship
between samples and their class labels are fitted by support vector regression machine method. The
samples are classified into the regression function, and the class labels are obtained by adding a rounding
operation to the regression output. This method uses only one classifier, which significantly simplifies the
classification process. In addition, the composite kernel function is introduced to improve the performance
of the support vector regression machine. The datasets of multi-class classification problems selected from
University of California Irvine(UCI) database are used for simulation. Compared with traditional multi-
class support vector machine, both classification speed and accuracy of the proposed method have been
significantly improved.
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Fln) @, YT SVM 432 2% ik B0 W0 5 n) 1, B DL — 2 A 00 D000 O o 8 4 R o X S LI AR A
AL gk B g JEER T A A e )y Uk SRR b A e kB 2k vk
ARSI e — R A =23 SYM RUSR R, R 72 0 DX AE 4% 43 1 05 2R I 285 SR i e 0], 2 H R = Y
2RI SYM Bk 5 — KOk n B AR AR RN 2 28 4 SR A g — AR OR g, HFR R — A Ak pR B
R AT LAY 3 A e 2 A 2R R oy 2 A . R AR W B I Y o AR AR D, IR i AR T R B T A
BEARME B . SRR ARE —E sk, mH BRI REBILBEE S, SRR Z, BN L
1. M2 T, TR EERBENEER D, B BERUAR L, B AE R K AR5 48 8] o A SO 3245 1)
[l 5 (Support Vector Regression, SVR)E Az 2|43 A m B, WFFE T —Fh 3 T 34 ) 2t [0 BLAY B 380K ik 2 26
43 K H P (Multi-Class SVR, MCSVR). 3 %75 vk 200 20 8RR (0 28 AR 45 Sy Il A RS (i o, 3 2 1 5 — A
SVR Gt A] A4S 8 R AR AR 5 LIS AR B H2 A 6 0 G 2R (RD 42888 ), A 23 2 28 1T LIOGT A 60 R AR 118 25 ) 15 4 ) B
A DU FI 3k Ff oy 2 op 7 B R A — A T SRR LS ), R B R BB A AR 4 A0 T A AR, (R ke e T B B
ok i s ot £, A TR RN, FR A 2 M R B Al A I R R B, 1 SVR B
PR PERE . R e — {7 LA X T i 1 BAL R HEAT IR IE .

1 ZHFEEMEN

SRR EALESE T VC AEFNZE 8 KUK e/ MBI U B L& 27 > Bk, BB AT Jr SRR AR .
S1 :{Si|Si = (Xi,)/i)} , xieR"yie{l,-1} Q)
Kb WHAREA s v xR | RN, =12,
X LAE R AR [RRE, SVM (1Y H A 2 38 axk SR A an T A — A U R Rl ) ke 5 4 W A A 1 e 43 S R P T

min %"wuz + Cigi, st yi(oxi+b)-1=0, i=12,-.1 @)
A o BB W CRENET: &RMIAER. HT Lagrange FeTHoR WAL, o 2115 5)
RIS K AT T (3):
f(x):Sgn|:.|ZYiai*(x,Xi)+b*:| (3)
At o =(al, 55,85, a7) f& Lagrange 5 b RRMIE, BIAPILATET RN O WOREAF N LAFIIHR(SV). X T4
P AN, 1AL B K (o, ey ) A P4 BLIE AT 05 5 I, D404 M T 7 0 3 20

f(x)=sgn |:Iz yiai*K(x,xi) + b*j| (4)

2 ESRIZFHEEEAN
2.1 THEEEAEAHM
G AR RS, SYM A DL TR A A [a] @t . 2% & 40T [l A A AR AR .
S2={Si|Si=(Xi,yi)},Xi€Rm,yiER (5)
] 5[] 05 SR e 4 E B BRECH
y(x)=o-o(x)+b (6)
A @) MAELMEBC S A, B x MR T E4EE ] o M b R RS E
S 235 40 XU e /N BB, (8103 Jm) A3 A AR Ak H bR 2 = (7) BT s -
min %"w"2 +CFR (7
A R RS, FWHNE e -AHEURIRK RS, HheEEAaRmett, NEBaMZRnER Db, B8FEER
PR, HEXWT.

ly = f(x)

0, —f <
g=% A ®

y— f(x)|—¢, others
b e >0 S MO 0 B2 i B 28, Y LR 22/ T & Bhds ok 2 At



% 6 B =% ETEARXBEAENRANMNSXFEET X 1041

AR B[] 01 pR KR AT BT AT AR AS B9 [ U R 2280/ T 6, (HSEPR O 1 sl S b o R 22 0o K el RS A Y A AE
Bl R TR AT REGZ ARE ), SIAMAMAE R £=>0,8 =047y . TR RRIAL .

Ly A . yi—f(x)se+d
min E"w" +C§(§. +§I)'S't'{f(xi)—yi<g+§f 9)
K HH Lagrange 7 koK i, e 245 20 09 [m1 U5 R 2R -

f(x)= Z aK(xi,x)+b (10)

22 EABEHY

BRI 1 JOT S 10 o WL 0 (0 P A 2 TR TR A B, TS I 4% R B AT R L — R
AL LB A% BT R A X 4 R BSOS A ek, I B 0 1 R AR D, KRR R RS ELAT R, A7 A
WO D e, HIZ A RE D R W W . S W1 9T 42 1) JE (Radial Basis Function , RBF) % M % :
K(x, ) =exp(—fx = y|[ 120) 5 55— L% bR K0 T A7 1 RE A5 22 S L BoRE AS 0 4% R KL= 2 RO T, K 1Y R L
A4 e, AR IAF O ACRE S, T T ST RE A AR AL SRy IR AL K (x, %) = [b(x,x) +1)°
BRI, T LR R RO REBR RS 4, KA, MO PR AR T Ot 19 & A RR R, AR SO 4R RBF 15 2001
S A R

— A~ BRHCTT DAAE M A% BB KO 2 Mercer AP B — A BR B0 K (o) o 4 ELARCS X AR B A2
(x) %0 H. [@? (x)dv <o HIBLSF o(x) . #H [[K(x,x1)p(x)@(x; )beidbe; > O, T LU 4 B o Ktk AT M BUE 5

i £ 4 12 Mercer A (R RBF 15 2300, 1 LA 19 1 B0 55 iF 1A VR 7 4% o R0 A 67 iy 2R 441 4
L3 )2 Mercer 518, LTI LUK 2 Fpo s BUA 45 6 € LB A7 R Ke(xi, xj) = uKa(xi, xj) + - ) Ko (i, x;) , Hr
K, i) T Ko (i, ) 43 516 8% RBF BRIZ R, e[0T, LY 2 MREsEIRRE . B X
F R PR R R SR T TR ) BB P o) FNZ AR ) #4551 T R

3 BEHEXFEMEMIAMN

F IR N B RHEALE:
Sz ={si|si = (xi,yi)},xi € R",yi €{1,2,-,N} (12)

AP xEmAEMREA R i xa XA NSRRI =120 o BRI X S A S ZEHLA ] ) L
MR A Al U, 2 Aoy il i A AR S AL 2 Al 45 B IR S AR T MR TR R A SR g o R T L
W Z2 253 JE IR g — A R R, 70 A B S bR Ry B AR DRREA i s il e DRARAE A, X RE
LA Ss Y REAAE IR AE AR U 2R SVR, 4320 [0 )5 pR X (10) 0 81T BR BN 1 T 48 AR 5 2 A b 2 [l £y
XEREOEFR, BIVATAE S 22 28 20 2 ) B 9 23 2 4% o

XEARFREA BT 40 250, A HARA WA R BB, A9 20 9 eR B0 55 LS AR R . T R ) 1l 9 e B i
R SR, MRS (Y 28R IE R R, BT LA X Il S 45 R AT HORE , BORE S eRBUE BT O R R AR I 2 . B
TIOR3 B [l U R BE

f(x):round{ > éiK(Xi,x)+b:| (12)
xieSV
A round (x) S HCEE R B, HoE .
t, t-05< t+0.5
round (x)= X<tr (13)
t-1, t-15<x<t-05
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LA MAZS SISO God B3 (K-)O(n?) o WAL A B 75 2 21 4 4 op 2648 . IR
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4 BEHE

AR SRR MCSVR BE A &L, AT T H . 1) RS SVR SR — RBF #
PR, PR —Z U AR SVR SEHEAT XTI, Bk R S R L 2) KA SR N E S MCSVR
5 H AT E R LA 2 00 JE R AR L, S A S
41 EEREHHE

UCH b 1 5] 850 126 2 6] P9 Bh 2 3 0T 5 22 26 2 [t e 3 T A9 20 28 A0 [ DR 00l e, L300 4 R AR B i AR 3R
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1 [ R

Tablel Simulation datasets of regression problem

data sets Housing Servo Concrete Yacht Automobile Solar Flare  Airfoil Self-Noise Air Quality
sample size 506 167 1030 308 205 1389 1 503 9358
features dimension 13 4 8 6 26 10 15

KBRS A RE R ERE , LS RBF A% ok B 22 0 =A% pR B — i AT X LU AT L %E%éﬁzﬂi’:%ﬁu 80% 1) K
AT I, BT AR TR0 R BUHACR A SVR ¥, R0 il k£ Bk 3 Mz ek g, b0k
BPRMRRE, RTS8 IR .

AR ESHME 2 n, Hd, YRR 2Z(Root Mean Square Error, RMSE)H{E B /N, 55 1k 45 5
U o IO ESSRTTLUE 1, 7R T AHE S BB T, 28 EE0 SVR RETCIR [ H 158 22 B {HiE 2 1 )5 2 1d
HB/INT A T A A R A, A8 TR ] B AH 25 TC L BAERT B . X — S5 SRR ST T B A A R B LR

# 2 A ESHE A5
Table2 Simulation parameters and results of regression problem
Housing Servo Concrete Yacht Automobile  Solar Flare  Airfoil Self-Noise  Air Quality

o 10 10 15 10 10 15 15 10
RBE kernel function C 100 100 100 100 100 100 100 100
RMSE 4.263 0.3234 5.314 6.250 6.482 8.227 4.215 13.540
operation time/s 0.661 0.086 1.980 0.175 0.125 2.230 3.180 25.800
b 0.01 0.05 0.01 0.01 0.01 0.01 0.01 0.01
d 2 2 2 2 2 2 2 2
polynomial kernel function C 100 100 100 100 100 100 100 100
RMSE 4.4270 0.964 5 7.9200 8.376 0 7.9530 10.7500 5.862 0 18.960 0
operation time/s 0.664 0.095 2.430 0.221 0.168 2.660 3.740 27.600
o 10 10 15 10 10 15 15 10
b 0.01 0.05 0.01 0.01 0.01 0.01 0.01 0.01
d 2 2 2 2 2 2 2 2
composite kernel function C 100 100 100 100 100 100 100 100
H 0.6 0.4 0.6 0.4 0.4 0.4 0.6 0.5
RMSE 3.8690 0.2722 49740 5.8850 49170 6.518 0 3.2970 10.2400
operation time/s 0.573 0.056 2.010 0.180 0.126 2.570 3.240 23.400

42 BEFERHEEFE
KA SCHE IR A% MCSVR Bk 5 H AT — 28 22502 SVM B kCPlE i xd el 1, Bk tdlh. —xt—
$.7% (One-Against-One, OAO). MtiEHEF 19 A i& I A [n] JC 3 Kl (Modified Reordering Adaptive Directed Acyclic

Graph, MRADAG). £ 4 3 #F i & #L(Multiple Birth Support Vector Machine, MBSVM) ., — X} £ 25 4 37 §5 i) B ML
(One-Against-All Twin SVM, OAATSVM). —Xf—Z84 32 #E ] it HL (One-Against-One Twin SVM, OAOTSVM)#i
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A 6] Jo FR A8 Az 57 #5 16) B HL(Directed Acyclic Graph Twin SVM, DAGTSVM). 1)j ELEHE [ RE N UCH A o 9] J 1% o
VR . Y25 Jr 3k 5040 4 10 JE AR (5 B 3k 3 B .

# 3 ZEGENTAELIRE
Table3 Simulation datasets of multi-class classification problem

datasets Iris Wine Car Segment Page Block Glass Mfeat-factor Balance
sample size 150 178 1728 2310 5473 214 2000 625

features 4 12 3 19 10 10 216 4
class number 3 6 4 7 5 7 10 3

RIS R AR, RAIT 5 e W IER: . MCSVR R E G %, HART LR RBF K%, 2
B RS B R IR 4 s o WG EECRATLUE Y, 5 HATH WA — L8800 e, 56T R R AR A 226
SPRFEA BN B, JF B AR R, AR BRI R YRR AR 2 4B
W, 32 SE R A DL SN BT
R4 ZRDENASRBER

Table4 Simulation parameters and results of multi-class classification problem

Iris Wine Car Segment Page Block Glass Mfeat-factor Balance

o 10 10 10 10 10 10 10 10

0AO C 100 100 100 100 100 100 100 100
classification accuracy/% 94.7 85.6 90.8 95.5 90.5 60.3 86.3 84.1
operation time/s 0.035 0.223 3.352 3.401 0.442 0.153 4.135 0.357

o 10 10 10 10 10 10 10 10

C 100 100 100 100 100 100 100 100

MRADAG classification accuracy/% 95.8 98.6 97.5 93.3 935 67.1 97.2 86.3
operation time/s 0.004 0.006 1.614 2.726 0.082 0.009 2.821 0.083

o 10 10 10 10 10 10 10 10

MBSVM . cC 100 100 100 100 100 100 100 100
classification accuracy/% 96.1 97.8 96.4 97.0 80.3 75.3 95.2 87.9
operation time/s 0.007 0.014 2.597 2.979 1.150 0.052 2.748 0.254

o 10 10 10 10 10 10 10 10

C 100 100 100 100 100 100 100 100

OAATSVM classification accuracy/% 96.4 100.0 98.4 96.2 91.9 64.7 97.3 88.7
operation time/s 0.004 0.008 1.546 2.842 0.081 0.005 3.013 0.072

o 10 10 10 10 10 10 10 10

C 100 100 100 100 100 100 100 100

OAQTSVM classification accuracy/% 96.8 100.0 97.9 97.5 94.0 82.7 95.8 87.8
operation time/s 0.009 0.006 1.868 2.588 0.087 0.009 2.796 0.086

o 10 10 10 10 10 10 10 10

C 100 100 100 100 100 100 100 100

DAGTSVM  |assification accuracy/% 976 100.0 986 97.8 94.2 845 98.4 86.6
operation time/s 0.004 0.005 1.452 2.011 0.051 0.008 2.517 0.069

o 10 10 10 10 10 10 10 10

b -0.7 17 23 2.2 1.8 25 0.8 2.6

d 2 2 2 2 2 2 2 2

%Stsh\gg H 0.2 0.4 0.2 0.3 0.4 0.2 0.6 0.6
C 100 100 100 100 100 100 100 100

classification accuracy/% 100.0 100.0 99.6 99.8 98.9 96.7 99.8 99.2
operation time/s 0.002 0.004 1.256 1.252 0.042 0.005 2.143 0.013

5 #ig

T S RAL G Sy L2 2 KRS R B AP AT R B AR L, WESE T — R R TR S RS
AL 22 R EE . ZBEA T S B RAR R R A B 28 B bR AR A D B e S AR ) (]
VI HLYINZ [ 09 R K, 424 B B R 5 T2 i B AR TB] A8 0 025G 28 o [l U e B A S 20 28 45 T AR o 23 2R AR AR 119
e HEAT AR FIWT, RO 7 or2ad o () I SR P TR b A () P Joi A R 5 ) 5 AR B — R R B, BT SCHR 1)
P HAL SRR . E A A FAZ R SVR XS e B HIE T SR A S, ZE i RS
MCSVR 5 H1 £ 284326 SVM 5315 B9 X L A5 FLSGIE 1 A 5 Hh 58002 A0 A Rk A I il e
S E 3k
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