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Rotated granular support vector machine classifier algorithm

DENG Bojun', WU Nanhai*, CHEN Yuming', WU Keshou'”* , LAI Rong'

(1. College of Computer and Information Engineering, Xiamen University of Technology, Xiamen 361024, Fujian, China;

2. Broad Vision ( Xiamen) Technology Co., Ltd., Xiamen 361000, Fujian, China; 3. Fujian Polytechnic Normal University,
Fuzhou 350300, Fujian, China)

Abstract: To address the computational complexity challenges of traditional support vector machine on low-dimensional nonlinearly
separable and large-scale datasets, a rotated granular support vector machine algorithm is proposed. Based on granular computing
theory, rotated granular particles by rotating feature points and forms rotated granular vectors in a multi-plane coordinate system is
constructed. Additionally, the size, measurement, and operational rules of the granules are defined. It is demonstrated that the
rotated granular support vector machine can effectively handle complexly distributed data with lower computational resource
requirements, is efficient and achieves good classification performance.
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B EEAC AR B KA 2 (B 30 5 T S iz Ak e ) . XA R FE A B S 4E /AR B B R 1R
FUEUF A RE AT SVM B AE SCA R HE Y R BIT AEE BE Rem i T S a T
s,

H2 SVM B3k AE I 7310 B2 2% 5l 2 IR LR 5C R, To kA RO B ax h & 2 o e Pk pe g 2=
IR PREC ™ T LR T E I Bk BE T (B0 T RSB B 18 T A e, U Gt o) 8 K HL N A7 R
A SR 3G 1 3 5 ) ACKLT AT LS RE AR 2 (R AV 7R K R, (o SVM B33 43 28 2o i T I &85 4 f6 A2 IR
b, FERAR A BEIR I FE T PRAUE ST S HERA P

AR SCAYT WAL T 530 A AR A i i PR RRE 0 D0 B, 4 MR e % R S R ] i AL (rotated granular support
vector machine, RGSVM) B3k | X B IESL TR A BNE , JEr Rk s AL br R BHRRIE S 5T 2 A0 B e s
RALAL I A OBER KL, FRIESSFE 2P IH Ae s R B HE TRk M g e e b 1) i, i — 20 ST R is
RN M R IR AR, BJE R T RGSVM FkBi A %L, 454 SVM Bk AR THE FIE 1)
Pt#¥, #£ UCI( University of California Irvine ) £ 5 5 888 70 M 1055 38 °F 5 Kaggle B4 [ AYS2 5645 1%
B FERAR A SR TR SR T, RGSVM Bk 2 REIE T SVM Bk R EE I A R IRt T — SR8 4

1 MxTE

SVM LA —Fh 28 ML HL A2 2 BN AE TS 22 W98 K FH AN W7 2 e | R0 AR o 1 3 o7 1 AR 52 H
Wl N THTE SVM Bk vERE A58 B RrExt Bk g it AT tb . PO 4t T —Fh @l A 2 R i)
2% > SVM FIEHESL 12k [8] T 4 T M R SCAS rh B8 SURFAE , #F 7 9k M 48 B0 — ) ] 2 e X1
AR AT ARG IR B2 B AR T SO SR A R () SUAR St T 3R R AT 0 7 v %

T[] ) 45207 [ 0 I P R B LU 07 A ) ST SVME BBk HEA T T Bk (8 AR S e S i M R I O TR A
TR RARTE, PR R R R BRE T SR, 2 SVM Bk Ry I Bk Ak 2 1 B A
O TH K SVM B 5 BEHLARAR N T 28 I 28 S5 B 6 LU 9%, SE S 45 SR B0 IE T SVM B3 78 s Bk fh 24 4
B RAERE, 8 SVM BE N FAE Bk Bl AT AR A4 T 3 (R SEERAK R

B FAAE N —Fh 2 2R A5 BALBE 7 ik | T 64RO e PG 5 S B 2 1 AT LS T A /YRS . Cheng '™ 45
H2 R BRI EE AL S5 K0 ( granular-ball mean-shift outlier detector, GBMOD ) 8.2 B RiER 158 5| A )8
VIR B R ARSI ) FEREER Hh O 55 MR T M OB TR RIOR , SEBLT W A B R R R AR, Xie' P A4
HA Pk AR BR A2 A ( Fast and stable granular ball generation, GBG++) .1k, GBG++5 15| AR S ML A1
S RN SR, PR TARER A LA R SRR E I

H % 45 4 MR 00 A BE AR M 5 I AR ik op A A 2 B4R A4 T AR A B A . 1
HN AR AR R TR TR Z A B RS ST A0 R R K 4% D R H R B R, AR SR AT A BRI T A h
SEEEMS A

X B G A DU T R TE AR 220 R R TR FE RS, 0 Sa 78 SE PR ) A rb i i TS L, AR AH
KAGE AT BE 5 I SR A T AL Ah SR R A 5 58 35, & HAT PR 0B R 55 FLACR R Ak 21
DING

2 MEET G A

TESEH SVM Bk A A Rty AT 4, Tk SVM B3 U] IOk [ 8 R i A B o B REAS R AR A ) 2 2
PR SVM B35 10 &5, H AT 12 6 AR Ak 7 i A 5 ATk 227 N3 T B0 R AE A BRI R AL )
I AL H R T 3T AR mk AR AR AR 2 0 D ROk 5 N 2 O A kA T s SR A AN AR S5
AFR R R 1 AFEARE R 1 AR TE 2RI ST T AR bR &R LA 3 AR ]

WIERARG U=(X,C,1d}), X=1{x,,x,, x| WHERER,C=1{c,,c,, ¢, | WFHEESR ,de {-1,
+1] HEEARMZRANERE , 4 | DHERX, e X, X TFHRHME ce C, v, (x,) € [ —1,1 | FRARFEAR x, BIFHE ¢ IH—
fbf8.
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EX 1 (EEES 2 MEiEc, € C. ¢, € CHE  BFE SRR (¢, ,c,) B e, ,c,) , KL &
(e, e BB, Hord ¢, FREARAR, ¢, MONAERR, FEAS x, TERRAE ST AR BR R (e, c) TRIE N (v, (x,) ,
v,(x,)) ,TE R (v, v,) "o 75 m HEFFAE G b, BT A R AE P0G 45 08 iR AF 55 Ak b RS, A

UL AR P IASRRR B, BATRSIE TR A AT A f .

cos & —sin 0

EX 2 v=(v,,v,)" HOREHER 0 fRENEHIRHIES v/ =R,v JLrp R9=[ ] , 010, 2m),

X3 v TR A AT E T R v = w48, T 8= (5,.8,)" WTRFL, s R I |5 | &b,
EX 4 1E(c, c,) L x, ATHERE R TR HERE BT
8oy ()= 1800 )l = = ry e (1)
Rk ORI IR ke N, 7 =Rv+5, g, . (x) 2 | A r RIEATIN | ATEE R v (RS
BOPEARRR (c, ., LHERE jo F IR & J5 BT A, BT A F I T I6 2 SR TE A 4 7
T A R 0,5 LR T 1 P

. -1 , . .
B 5 &%ﬁ%m@ﬁmxﬁwﬁﬁ% 5138y, sy | Ho M=

SOV T AR AR 2R ) 8 ) E A A ) ity
G(x)=((8,(x),8(x;), " gu(x))", (2)
K g, (x,) BHEA x, TP HARFRR s, FRIBERR T,
gt i oG R R, kL i G (x,) R PR BT 1 ANE R IER S
Bl1 wU=(X,,C,id}), HP X ={x,x5,x5,x], C,={c,c,,cs}, d €{-1,+1} WNFE 1 PR,
ST Co=tey, 0,05, TR 3 TR R 5,= (e, 000 8, =(c;,05) s3=(cy,05) 0 X, € X, TERFAE AL
ST ARAR R (cy ey ) BIEN (v, (x,)) ,v,(x,)) IS R (v, ,v,) ", FEARRHIESEES R 2 iR,

sin @ cos 6

m(m-1)
2

U x, TEFTA AR

*1 HRERZ U, F2 MEARREEES
Table 1 Information system U, Table 2 Set of sample feature points
U, ¢ ¢ C3 d, U, (VI’VZ)T (Vl’v3)T (szvz)T
X, 0.5 0.4 0.2 -1 X (0.5,0.4)"  (0.5,0.2)" (0.4,0.2)7
X, 0.9 0.4 0.3 1 X, (0.9,0.)"  (0.9,0.3)" (0.4,0.3)7
X3 0.9 0.7 0.6 1 X3 (0.9,0.7)"  (0.9,0.6)" (0.7,0.6)"
Xy 0.1 0.8 0.2 -1 Xy (0.1,0.8)"  (0.1,0.2)" (0.8,0.2)7

WENERE A 0, =30°  BeFG RBCh 3 I, ERE R A8, =(0.01,0.01) ", FEAS x, x, \xy x, 7EFHIARAR R 5,
HOIE B THE e 43 A
g(x)=1g (x);.21 =R =v+8]],=1(0.243,0.606) , (~0.086,0.643) , (~0.390,0.510) | ,
g,(x,)=1(0.589,0.806) ,(0.113,0.989) , (-0.390,0.910) | ,
g,(x;)=1(0.439,1.066) , (-0.146,1.139) , (-0.690,0.910) | ,
g.(x,)=1(-0.303,0.752) , (-0.632,0.496) , (-0.790,0.110) } ,
BEAR x, x, 2 x, WOBERE KL B 40
G, . .(x)=(g(x),8(x),8(x))",
G, .. (%)= (8(x),8(x),8(x))",
G, .. (x)=(g(x;),8(x;),8(x))",

le,sz,s}(x4): (gl(x4) 7g2(x4> ,gs(x4) )To
3 HWEHEEE

GNP R DE Ly VAR RS TAS R AL RS E AL R DI WS E S SN D& AR RS R A R AL R S E AL R YIRS 5
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T
31 HFWEESER
EX 6 RIERT ¢, (x)= 1r1 . g(x)= (61, U2 ASRETFR kT Wiz 553k

g.(x;)+g,(x;)= {rj+tj}]l'(=15 (3)
g.(x;)—g,(x;,)= {rj—t_,’};‘:] > (4)
gl('xi)gZ(‘xi):{rjt]}lev (5)
g:(x) r )t
AN 6
8,(x;) {tj},zl (6)
dg( % dg( X,
BRI B e(t)= 500000 1510 M =gy, S
ag,(x,;) ag,(x;)
UEPARR X 6 TS g(x)=g,(x)g(x,)= {rjt_j}_le’mu
ag(ﬁi)_ 9z, 09z, 97, _ a(rltl) 8(?2[2) a<rktk) _ _
agl(xi)_{ar]’arz’“.’ark}_{ or, 2 ar, PR or, }_%tlstz’ ’tk}_gz(xi)’ (7)
- NN oo 08(%)
/‘\E}vilﬁkio IEJIEE‘[UIE =g1(xi>o
ag,(x;)
EX T Wk F g, (x,) IR/ A
q(g (x;))= ero (8)

M q(g,(x,))>0 BRI R/INAIE, q(g,(x,)) <O BPR TR/ MH,
32 NEENEESE=S

EX 8 BhimE G(x,)=((8,(x,),8(x),8u(x))", G(x,)=((g,(x;),8,(x;) 8, (x;)) ", 2
AL ) S B 6k 3fe | Ris B ok

G(x)+G(x;)=(g,(x,)+8,(x;) ,8,(x,) +8,(x;) , =+, 80 (x,) +gy(x,)) ", (9)
G(x,)-G(x;)=(g,(x,)=8,(x,),8,(x,)=8,(x;) =, 80 (x,) =gp (X)), (10)
G(x)G(x;)=(g,(x,)8,(x;),8,(x) 8 (x,) -, 8u(x) gu(x)) ", (11)
G(x,»)z(gl(xi) &(x) gM(xl-))T (12)
G(x) \g,(x) g(x)" “gulx)) ~
EX 9 K G(x,) .Gx) S BUEF Y
G(x;) G(x;)=g,(x,) g (x;)+g,(x;) g,(x;) +--+g,,(x,) g (X)) o (13)

2 ASKLI i BUS TR L ASRLT . BRI | AR R ERL ) i G (x,) 55 1 AR d 2 AL E
[ W= (w,wy e, wy) T BE, ZF BUE AR 1R T
9g(¥) _
G (x;)
ERR R TR TR 6] f R SRR X [ i T B S TR R SRR S SR S A5 S e

AR R FR PR T AR B 8RR B, AR B AL R, KT a"’é’g _>) R
% G (x) {055 p A TEE g, (x,) HEFTR S, JEf p e 1, M| T

se(s)  ZECIED e (e () "
9g,(x,) ag,(x)  ag(x)
HEHE 1A g(9) Xt g, (x,) IR FLERAET G(x,) 5 p MICEK g,(x,) , I g(5) X G(x,) PEEA
KL FICER K5 KL & G (x;) o E R 2 AT,

EIE 2 iﬁ*ﬁ?g(?)zG(x,)'G(X,),mu G(x/)o

4 RGSVM & %

FENZhid R, RGSVM Sk i i DAL B0k B e SRR 1) 2 R o 1 O, UM AR S e, A I
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ZRUFI) RGSVM SIERTEA 2 . B Je X i AREASE e b Ak ab 15138 18 RGSVM B kA5 24 ki1, AR 5
T 3 W R B RN R AR IS ISR RN T VR A SRy 1B 25 A SRR T RN A i, R AR
F A, RGSVM HL A 1 s, B 1o WRBUERL A & ,b = (b, ,b,,---,b,) " NIRER.F., ATk
RGSVM FIE IS HL, T B2 U sRAEI, SR AR sRBUT) 50, 15 31 RGSVM B7E I BA B2 R > B0

g,(x)

g,(x)

K1 RGSVM &
Fig.1 RGSVM algorithm diagram

4.1 RGSVM Bk i
B B SVM Bk JE iR P Ak a) ik

2 [l=y(wex#B) T+d [l w %, (15)
sttt ow WALEE B IR EII, A>0 J T4 R ¥, 78 RGSVM S5k FEASKLAL J e #6457, I I RGSVM 54
VR FH LKL 79 2K 4R (R BRI R
EX 10 B T={(x,,y,),(%,5,),(x,,y,) | AVIZEE, Hib x, e XCR", y, € {-1,+1}, i=1,2,-,n,
GT=1(G(x,),8(y1)),(G(x,),8(32)) - (G(x,),g(y,)) | FRALIT I VIZEHE, RGSVM ST ik (145 2 b
B
L(W,b)= Y [1-g(x) (W-G(x)+b) T, 44 | W | °. (16)
4.2 RGSVM #3Hi%
e W b AN S L 452 R S/ T fe , B

min L(W,b)= argwrlpinz [8(1)=g(y) (W-G(x,)+b) ] +A [| W] *, (17)

L W-G(x)G5RA 1 AKT ,W-G(x,) +b IIZEREN 1 MRF. g(y,) (W-G(x,)+b) N 2 i FHIFE,
SERABARL T,

RGSVM F7L A8 FHREALRS BT BEOR M AUE S8, P sREiuR /N BENLRI R LS50 W AL b, (8 FH B L
T BE T B AN b e /N E B bR R, AE AR R P BE ML B 1 AR A 28k m) o, WORT b B R B
RGSVM [ ) 5 N2 53 B R an R

Eix 1 RGSVM E5EY:,

BN VGE T ¥R 9(0<n<1);

MW AUERIE W RER T b,

(1) UNZREE THeehifbly GT;

(2) BEPLWILRAL W b

(3) #EHx, € T,FJH RGSVM FIEIH G (x,) it f(x,) = sign(W-G(x,) +b) ;

(4) 2R f(x,) #g(y,) W W=W-2AW+nmax {G(x,)g(y;),0}, b=b+n max{g(y,),0};

(5) BIR(3)— () MEAZ K, HEIBUR REO S 18 B KB

(6) Hith Wb,

Bk 2 RGSVM FiiE
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BN Wb AR X,

B x RRE,

(1) x  JEERAL IR B G (X, )

(2) MM RGSVM FEIH G (x,) it f(xe) = sign(W-G(x,e ) +b) 5
(3) HHEE q(fCxa) ) A REMHIAE x KIE2, K GO x5,

5 SLIAT

SCIEL G 4R R PR T UCH, Kaggle #(¥% 4, JL ¥ £ HCC Survival ( hepatocellular carcinoma survival ) |
ISTANBUL STOCK ( istanbul stock exchange) ,NPHA ( national poll on healthy aging) ,SPECT Heart ( single
proton emission computed tomography heart) 5§ 20 NMHEAE , W3R 3 P, BT A R B8 48 78 RRAE B [
AR 2E S il S R RN — SO M S I RN, S 9 7 AL BB B O #E1 7 H — AR AL 3L, BN R
HAE[-1,1],

#3 BURERFER

Table 3 Informations of datasets

ik FEAEL FRER 2% SIS AR R (1S G311
Abalone 4177 8 28 Heart Failure 299 12 2
Bone marrow 187 36 2 ISTANBUL STOCK 536 8 2
Breast( Diagnostic ) 569 31 2 Leaf 340 15 2
Climate Model 520 20 2 NPHA 714 15 2
Ecoli 336 8 Seeds 210 7 3
Energy Efficiency 768 2 Smoke Detection 62 630 14 2
Glass Identification 214 6 Soybean (Large) 307 35 3
Global football results 320 248 4 SPECT Heart 267 22 2
HCC Survival 165 49 2 Student Performance 666 11 9
Heart Disease 303 13 2 Teaching Assistant 151 5 3

REEA VAR EA R AR TRk AR PR FZ A RE T, S0 R FH 10 YR A8 SRR 5 4 Eiain AL B AL 43R
10 Z540 , BRURGEARET 388 9 VB M UINGRER By 1 A4 A IREE |, — LR T 10 YEAR, BUAEE &
H55R . X RGSVM B BT SLIE 734  WIFSE 1T AN Rl i@ e I BOn RGSVM Bk B2 IR . 2 )5 8 RGSVM ik
FHARE BE A3 2L XS L, ER] RGSVM Bk AEARAE AR Lot 200l AR 35, fJm X L RGSVM 532 Fl % bR
B SVM Bk 1) 25 BE A M AE Abalone 5 Smoke Detection 2545 FIR] \ NAFTEFEE S
5.1 RGSVM B S 17

AR ELZH B Glass Identification . Soybean (Large) . Teaching Assistant {J% 4 %f RGSVM .k {5 5
SVM B W SEMEXT LU 24T . RGSVM FE el B 11, B RIEAIRECH 80, 45 &l 2—4 Fik

0.08 < 0.08,
RGSVM 1 3
| —

0.06}+ 0.06}
4y 0.04} e 0.041 1
Y oK |
0.02} 0.02} ¥
" 'I 1 0 1 n i i i L 1 1 i i i ) 0 L n L L L " L " " L " " " " " 1
510 15 2025 3035 40 4550 5560 6570 7580 510 15 2025 3035 40 4550 5560 6570 75 80
AU AR
(a) VIZrAEiR 225 (b) BiFAE IR 2%

K2 RGSVM &5 SVM B LAE Glass Identification ZH 4 A SRR
Fig.2 Convergence of RGSVM algorithm and SVM algorithm on Glass Identification dataset
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—SVM
0.06
4 Ho0.04f 7
i K !
0.02f
5 10 15 20 25730 35 40 45 50 55 60 6570 75 80 5 101520 2530 3540 45505560 657075 80
AR AR
(a) VAR 22 (b) BEE R 22
3 RGSVM Y5 SVM B Soybean ( Large ) HHi4E AU SR
Fig.3 Convergence of RGSVM algorithm and SVM algorithm on Soybean (Large) dataset
0.571 0.5r1 proseem
!
—SVM |
|
047 0.4 i
i .9 [ A A A A N N
[
0.3 0.3

0 5 16 1I5 2I0 2I5 3I0 3I5 4I0 4I5 SIO SIS 6IO 6IS 7b 7I5 8IO
AR REL BEARUEL
(a) MGG IRZE R (b) BIFERZER
K4 RGSVM 515 SVM 51k 7E Teaching Assistant ZUH54E ML SRR
Fig.4 Convergence of RGSVM algorithm and SVM algorithm on Teaching Assistant dataset

MIE 2—4 7] H1, #E Glass Identification {454 [ RGSVM H k154t 20 G I E IR ZE R B TRE , Kk
RIRZERL0.014, 1M SVM AN 30 WL IRZERB TG, WiFERZEF2Z) 0.032, 1E Soybean
(Large) ¥l 4E [, RGSVM S 25 YR IR 2 G THE , SVM FE R 30 G I Zh 8 22 %
TR 3 SVM Bk i IEE IR 2R WAL, 7F Teaching Assistant Evaluation Z(#54E [, RGSVM B 1L 24X,
50 WE kiR 2250 T A e , SVM FE AR 65 UG I Zh 8 iR 22 4l T AR 2 , RGSVM ik 1 B ik 4R 15 22
FABAET SVM Bk RIFEE R ZE R BIKMT ,RGSVM 5k AL SIGE 5 iR 22 R T SVM 8k,
5.2 mEFREHIR M

TR RO RGSVM B4k B 258 280, AN [ (T U BORE) 36 A [v) ARz ) o, AN ] P T e ) B8 52 i R AR o
fEZ IR AIRR . ARSLHS RGSVM SRk TER: 1 184 30°, T8 R ECH (0.01,0.01) 7, BESE A 1 328 11, 2R R
Heart Disease Heart Failure , ISTANBUL STOCK . Leaf ,NPHA _ Soybean ( Large) #{#& £ 70 #7 i€ % U B %)
RGSVM FLRYZMR , SEEEs R ANIE 5 firs

0 510 1520 2530 3540 45 50 55 60 6570 75 80

o

0.850 0.84 0.838
0.845 083+ 0.836
0.840 s 082 s 08341
M'0835- £ . £ 083
&0830— = 0ol = 0.830]
0.825} 0.80} 0.828}

og0b—— . . . . ool . . . . . . . . gl .. .

1 23 456 7 8 91011 1 23 456 78 91011 1 234 56 7 8 91011

TS UL TG UEL TRERE UL

(a) Heart Disease 3L (b) Heart Failure ¥ 4E (c) ISTANBUL STOCK %k 4E
0.94 0.561 0.991
0.93 0.98¢
5 w034 s 097}

& 0.92 & &=
& b & 096}
= ool = 0.52f =~

: 0.95
0.90 0.50 94

1 2345 67 8 910 11 1 23 456 7 8 910 11 1 234 56 7 8 910 11

TRERE AL e AL TG UEL
(d) Leaf % #2452 (e) NPHAKHESE (f) Soybean (Large)¥#ii 4k

K5 e RO R 3 B 52 M)

Fig.5 Effect of rotation number on accuracy
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Hi ¥l 5 W], 7 Heart Disease #l ISTANBUL STOCK #¢#ii 45 |- RGSVM HiLiehs K T 5 5 HER K%
Wit = . 7F Heart Failure Leaf 1 Soybean (Large) #(#&4E [ FfiF RGSVM 5 i i R B K, e R AR e
-+, NPHA EdE4E1E RGSVM FL e A K HER R B sh iR, T oAl . BV, 2808 4R
7E RGSVM H:Jigh 11 WIHERf 3R iR (HAEAE S — R R O UK
53 EHiXLR

FRBER 15 A TR RS K RGSVM S35 55 21 iy 20 5 TR+ 50 i 40k He A, 0 4 22 T e 1)
2612 () GEN_SVM ( SVM based on granular elastic network, GEN_SVM ) | 3 ki 5 M [} 2% fi%) 3% %5 7] I
(logistic regression based on granular elastic network, GEN_LR) % 75 A4 fk % FLUE 7 (fuzzy granular
convolution method, FGCM) **' fiJ4— (FGCM-1) A% — (FGCM-2) it A | A KK sigmoid % FR 2% 2] HILE %
( granular sigmoid extreme learning machine algorithm, GSELM) ** |

TR A SR SR B N IR SO AR ,\Miﬂwé GEN_SVM $75 #l GEN_LR 3% 1)
%] 0.005, FH 54k 0.5, FGCM-1 Fiik Al FGCM-2 Fik Y22 2] %4 0.01, Fli 48fE50h 5. GSELM
BIERIBEHLSECN 5 4, B2 2080 50, RGSVM Bk BEFE KBS 0 11, e f B h30° -5 R 5K
BR(0.01,0.01) ", A5rRRERUER R ANE 4 PR, 253008 B8 DU LA R8O

LNV - e SRS

Table 4 Accuracy of classification algorithms on different datasets

AETE S RGSVM GEN_SVM GEN_LR FGCM-1 FGCM-2 GSELM

Abalone 0.7723+0.0224  0.764 0+0.0291 0.7601+0.0283  0.718 0+0.018 7  0.738 8+0.0207  0.793 9+0.016 3
Bone marrow 0.9257+0.0418 0.8722+0.1108 0.8725+0.0816  0.8827+0.0878  0.5029+0.0960  0.904 1+0.045 5
Breast(Diagnostic)  0.8981+0.0205  0.878 7+0.0434  0.8523+0.0467  0.799 7+0.0476  0.866 3+0.0514  0.873 4+0.0359
Climate Model 0.9537+0.0519 0.9389+0.0524 0.9407+0.0502 0.9148+0.0407 0.914 8+0.0407  0.931 5+0.044 6
Ecoli 0.8813+0.0476 0.8631+0.0404 0.8750+0.0551 0.8488+0.0609 0.8154+0.0559 0.8782+0.0426
Glass Identification ~ 0.9907+0.0186  0.981 6+£0.0304  0.9673+0.0427 0.9115+0.0381 0.9677+£0.0357  0.981 4+0.022 8
HCC Survival 0.7081+0.0757 0.6904+0.1458 0.6842+0.1147  0.696 7+0.1020 0.4735+0.1397  0.6952+0.106 7
Heart Disease 0.8444+0.0718 0.8370+0.0831 0.7963+0.0799  0.8259+0.0664  0.8370+0.0707  0.781 5+0.038 7
Heart Failure 0.8359+0.0856 0.7562+0.0797  0.7828+0.0517 0.756 0+0.0879  0.7391+0.0758  0.786 0+0.071 7
ISTANBUL STOCK 0.8357+0.0281 0.8191+0.0471 0.8209+0.0426 0.798 1+0.0542  0.807 7+0.0378  0.8117+0.032 1
Leaf 0.9294+0.0377 0.9353+0.0317 0.9206+0.0296  0.9000+0.0606 0.9147+0.0334  0.9294+0.032 8
NPHA 0.554 8+0.0537 0.5211+0.0655 0.5184+0.0750 0.5349+0.0555 0.5143+0.0746  0.563 0+0.053 9
Soybean (Large) 0.9800+0.0340 0.966 7+0.0258  0.9600+0.0327  0.976 7+0.0213  0.866 7+0.061 5  0.973 3+0.024 9
SPECT Heart 0.7302+0.0741 0.6778+0.076 6  0.688 6+0.0897  0.7226+0.0713  0.5731+0.1158  0.681 2+0.067 2
Student Performance 0.729 8+0.0734  0.629 0£0.0820  0.6335+0.0733  0.690 7£0.0383  0.657 7£0.0643  0.714 8+0.073 2
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(ERTB B | RGSVM Ak R

Ko FGCM-2 FIELE KRB LR BN, BRI 7E

B,

54 &ESVM EELLE

2P SVM S i A 42 2L
TIE 235 ] i 5 381 1 A 25

RUF T SVM ik

A AR RS , 0 ERORBEE . BpR B SVM 53 i i A% o BICRE St e
I RAR LN [ A, LR R S FEAS KON I, % pR B SVML 553 I 5 st ] A 59 9%
IRPHELE . RGSVM SER T BENURS BE T K die/ M5 G R, THEE T4 /D TR e % SVM Bk, Hor 2k

4

AR ELERE 2 R EHE & Global football results ,Smoke Detection, 1 /™48 AR E 5 £ Abalone
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Table 5 Accuracy of various SVM algorithm
IR RGSVM Linear SVM RBF_SVM Poly2_SVM Poly3_SVM
Abalone 0.7723+0.0224  0.749 1£0.0224  0.7735+0.0176  0.781 7+0.021 4 0.783 6+0.0151
Breast( Diagnostic) 0.898 1+£0.0205  0.8682+0.0409  0.848 9+0.043 1 0.866 4+0.030 5 0.903 3+0.028 6

Energy Efficiency
Glass Identification
Global football results
Leaf

Seeds

Smoke Detection

0.9857+0.009 1
0.990 7+0.018 6
1.000 0+0.000 0
0.929 4+0.037 7
0.961 9+0.051 3
0.963 1+0.003 2

0.984 4+0.012 8
0.968 0+£0.045 8
0.8939+0.001 9
0.902 9+0.047 5
0.947 6+£0.058 1
0.955 4+0.002 7

0.984 4+0.012 8
0.953 7+0.035 2
1.000 0+0.000 0
0.902 9+0.043 7
0.952 4+0.067 3
0.999 7+0.000 2

0.984 4+£0.012 8
0.972 3+0.030 4
0.999 8+0.000 1
0.905 9+0.034 3
0.923 8+0.043 6
0.999 4+0.000 3

0.9857+£0.010 8
0.972 3+0.030 4
0.9857+0.013 1
0.914 7+£0.030 7
0.947 6+£0.058 1
0.999 7+0.000 3

Average

0.937 6+0.070 0

0.908 7+£0.071 0

0.926 9+0.075 4

0.929 2+0.071 7

0.936 6+£0.066 3

F 6 £2SVM FIk Fl 48
Table 6 F1 scores for various SVM algorithm

AR

RGSVM

Linear_SVM

RBF_SVM

Poly2_SVM

Poly3_SVM

Abalone

Breast( Diagnostic)
Energy Efficiency
Glass Identification
Global football results
Leaf

Seeds

Smoke Detection

0.781 3+0.018 6
0.893 4+0.026 7
0.9852+0.010 2
0.981 2+0.038 4
1.000 0+0.000 0
0.926 1+0.042 6
0.914 0+0.120 6
0.973 8+0.002 2

0.750 7+0.020 9
0.865 3+0.049 5
0.983 1+0.014 2
0.927 9+0.129 4
0.866 5+0.002 7
0.901 2+0.053 5
0.901 0+£0.120 1
0.955 4+0.002 7

0.760 9+0.016 4
0.846 5+0.044 7
0.983 1+0.014 2
0.909 5+0.070 7
1.000 0+0.000 0
0.895 3+0.059 5
0.901 8+0.144 2
0.999 7+0.000 2

0.778 3+0.020 6
0.862 5+£0.035 8
0.983 1+0.014 2
0.947 5+£0.058 6
0.999 7+0.000 1
0.901 1+£0.044 4
0.863 8+0.096 2
0.999 6+0.000 2

0.776 0+0.0135
0.901 1+0.032 5
0.984 8+0.011 6
0.947 5+£0.058 6
0.984 5+£0.014 1
0.911 8+£0.037 0
0.877 2+£0.162 2
0.999 7+0.000 3

Average

0.931 9+0.067 3

0.893 9+0.066 2

0.912 1+0.077 5

0.916 9+£0.074 4

0.922 8+0.069 3
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Fig.6 Various SVM algorithm decision boundary
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